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Abstract

Over the last few decades, a large number of new equity derivatives have emerged in
the international financial system. Examples of these innovations include equity
options, stock index futures, and more recently, futures on individual stocks.
Whether the creation of these new derivative instruments has social or economic
value is of central concern for both policy-makers and scholars. Advocates argue that
the new derivative instruments make markets more complete, enhance information
dissemination, and allow a more optimal allocation of risk in the economy. However,
there are many who argue that derivatives have a negative impact on financial

markets, by allowing more investors to take highly leveraged speculative positions.

A considerable amount of research has been directed towards examining the impact
and performance of different commodity and financial derivatives markets. However,
as a recent entrant to the global derivatives market, the evidence on Universal Stock
Futures (USFs) market is very limited. This thesis, therefore, aims to provide new
evidence in the literature by examining the role and functioning of USF contracts.
Given their unique characteristics, the investigation of USFs provides more reliable
and wider ranging insights into the economic benefits and costs of futures market.
The empirical results can be summarised as follows. First, the introduction of USFs
has not had a detrimental effect on the underlying markets. On the contrary, the
influence appears to have been positive leading to a small reduction in noise trading
and improved efficiency. Second, USFs perform the price discovery function
efficiently since futures prices contribute to the discovery of new information.
Furthermore, many USF contracts influence the volatility of the relevant stock, and
therefore, further support the notion of price discovery. Third, the market also seems
to perform its risk management function satisfactorily, although some contracts fail
to reduce the price risk to the extent evidenced in other markets in the literature.
Finally, sub-period/sub-sample analysis indicates that the effectiveness of USF
contract as a centre for price discovery and risk management has strengthened over
the years; and are influenced by market-specific factors (liquidity and trading costs),
futures characteristics like contract size, and geographical origin of underlying stock.
The overall finding of this thesis is that USF markets are well-functioning and do not
undermine the existing markets. These results should provide useful reference for

other emerging markets which have introduced and/or been considering to launch

single stock futures to their markets.
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Chapter 1

Introduction

1.1 Introduction

Over the last few decades, a proliferation of new financial instruments has emerged
and changed the financial landscape dramatically. Nobel economist, Merton Miller
characterized the surge of new financial instruments from mid-1960s to mid-1980s as
a twenty-year “revolution” in the history of financial innovation (see Miller, 1986).
In the years since Miller’s (1986) view, financial markets have continued to produce
a multitude of new products. Alan Greenspan, Chairman of US Federal Reserve
Board, stated that “By far the most significant event in finance during the past decade

has been the extraordinary development and expansion of financial derivatives.”"

Derivatives trading is now the world’s biggest business, with an estimated daily
turnover of over US$ 5.6 trillion and an annual growth rate of around 22%.> Yet,
despite the large and important role that derivatives play in the financial markets,
there is considerable controversy about their benefits and risks on the economy.
According to Alan Greenspan, “Although the benefits and costs of derivatives
remain the subject of spirited debate, the performance of the economy and the
financial system in recent years suggests that those benefits have materially exceeded
the costs.” However, Buffett’s view is that “Derivatives are financial weapons of

mass destruction, carrying dangers that, while now latent, are potentially lethal.™

' This quote is from an address by Alan Greenspan to the Futures Industry Association (FIA) in Boca
Raton, Florida on March 19, 1999. In chemistry, the term “derivative” is defined by Merriam-
Webster’s Collegiate Dictionary as “substance related structurally to another substance and
theoretically derivable from it”. Economists use the word “derivative” in a similar fashion to describe
a financial contract whose value is derived from an underlying asset such as a commodity. security,
index or event. The main types of financial derivatives include forwards. futures, options and swaps.
See Swain (2000) for a comprehensive account of the history of derivatives.

* From the Bank for International Settlements (BIS) Quarterly Review, March 2006.

3 These two quotes are from Alan Greenspan’s Speech on May 8 to the 2003 Conference on Bank
Structure and Competition. Warren Buffett's (Forbes-listed as the second richest person in the world)
Annual Letter to shareholders of Berkshire Hathaway, March 8, 2003.
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In spite of the debate, derivatives trading has proven to be highly popular and the
number and scope of derivative markets have grown considerably in recent years.
One of the most interesting developments on the derivatives scene is the coming of
age of Single Stock Futures (SSFs). These instruments, which allow investors to buy
exposure to individual stocks very economically, have been traded for some years on
small regional markets such as Australia, Sweden, South Africa and Hong Kong.
However, many big exchanges shunned them, and they were even banned in the US
because of the regulatory concern for their potential negative impact on the economy.
All that changed in 2001. During the year 2001, the London International Financial
Futures and Options Exchange (LIFFE) launched a major programme of nearly 100
Universal Stock Futures (USFs) - its brand name corresponding to SSFs - on a wide
rang of blue-chip stocks from 10 countries.* Later that year, the US Congress passed
legislation that reversed its ban on SSFs, opening the way for the large US derivative
exchanges to enter the field. By the end of 2001, there were 15 exchanges around the
world trading over 300 SSF contracts.” These numbers have continued to grow in

recent years as more exchanges have come on board and started trading SSFs.

The success of the SSFs has been remarkable as witnessed by the phenomenal
growth of the volume of contracts traded which has significantly surpassed the
volume of contracts traded in stock options markets. For example, volume in USFs
now exceeds volume in single sock options traded in the LIFFE (see Table 1.2).
Furthermore, the rapid growth of single stock futures is not a phenomenon
experienced only in the London market. Several smaller exchanges, such as the

Spanish Exchange for Financial Futures and Options (MEFF) and National Stock

* Following the purchase of LIFFE by Euronext in January 2002, LIFFE became part of
Euronext.liffe, comprising of Amsterdam, Brussels, LIFFE, Lisbon and Paris derivatives markets. For
convenience, the term “LIFFE” is used throughout this thesis for either LIFFE or Euronext.liffe.

5 See Lascelles (2002) for a survey of exchanges trading SSF contracts in 2001.
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Exchange of India (NSE), have actively traded futures contracts on individual stocks.

Thus, the impressive success of these new instruments is indeed a global innovation.®

Although SSF is arguably the most exciting new product launch within the equity
derivatives arena in the 21* century, whether the creation of these derivatives has
economic or social value is of central concern for both policy-makers and scholars.
While most authors acknowledge that SSF revolution (as any other types of
derivatives innovation) has both positive and negative impacts on society. their
conclusion regarding the net impact of these new financial derivatives in general
reflects a diversity of opinions.” On one hand, proponents of SSF trading believe that
it enhances the efficiency and price discovery of financial markets, allows for low
cost trading and provides an avenue for investors to hedge risk. On the other hand,
there are many who argue that SSF trading is destabilising in that it attracts

speculative traders who induce excess volatility in the market (see USGAO, 2000).

Unfortunately, despite increasing usage and growing interest, little is known about
the economic benefits and costs of the new SSF contracts.® In particular, while a
body of evidence exists for the role and functioning of derivative markets, academic
studies on derivative instruments have typically focused on the stock options and
stock index derivatives (see, e.g., Mayhew, 2000). As a result of their lack of history.

SSFs have been subject to very little attention in the academic research.” Therefore,

® In a survey conducted in 2002 by the Centre of the Study of Financial Innovation (CSFI), the SSF
contract is described as “ultimate” derivatives, representing another “revolution” in derivative trading.
The popular press also espouses a similar view (see, for instance, Young and Sidey, 2003).

7 For example, new derivative products in Australia created much disagreement between Sydney
Futures Exchange (SFE) and the Australian Stock Exchange (ASX) engaging in legal battles over the
introduction of the Individual Share Futures (ISF) contracts (see McKenzie et al., 2001).

| See, e.g., Zwick and Collins, “One year in and the jury is still out”, Futures, January 2004.

® Exceptions include Dutt and Wein (2003) who suggest appropriate margin requirements for the US
SSF market, and McKenzie et al. (2001) who investigate the impact of ISF listing on the underlying
stock market in Australia. See also Brailsford and Cusack (1997), Lee and Tong (1998), Hung et al.
(2003), Ang and Cheng (2005a, 2005b).
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the main objective of this thesis is to fill this gap in the literature by providing a
detailed investigation into the role and functioning of Universal Stock Futures (USF)
contracts, the only SSF contracts written on both domestic and foreign stocks.'
More specifically, this thesis investigates three different, but interrelated, issues
regarding the impact and functioning of USF markets. First, it analyses the impact of
USF trading on the underlying stock market. Second, it investigates the price
discovery function of USF market. Third, it examines the risk management function

of USF contract by measuring its hedging effectiveness.

The analysis of these three issues should be of interest and direct benefit to both the
academic and financial communities. For instance, an understanding of the impact of
USF trading on the underlying stock market should provide important insights to
policy-makers and exchange regulators in formulating appropriate policies on these
innovative instruments. Moreover, if the findings show that the USF market
contributes significantly to price discovery, this indicates that some information is
first reflected in that market, and movements in these markets will be relevant to
investors trading the underlying shares. In addition, an analysis of the hedging
effectiveness of USF contracts should be of particular interest to those investors who
have concentrated holdings on an individual stock, and enable them to design more

efficient hedging strategies to minimise their risk to individual stock exposure.

The purpose of this chapter is to provide an introduction to the thesis. It is divided
into three main sections where each section considers the following issues. The first

section discusses the economics of futures trading. It begins with an overview of the

1% Although SSF contracts based on overseas stocks was briefly trialled before in some smaller
exchanges such as Hong Kong Exchanges and Clearing (HKEx) in 2001, the trading of these initial
contracts was suspended after a short life due to the slim market turnover. The HKEx has argued that
the lack of volume in international stock futures was due to the large contract size (e.g¢. 10,000 shares
for Taiwanese stocks) and the immaturity of the market.
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importance of derivative markets in the complete financial system, and presents an
appropriate framework that the presence of new financial derivatives should be
analysed. Subsequently, the role and functions of futures markets are discussed. It
describes the social benefits that futures markets provide to the market participants.
The second section presents an overview of USF market. It provides the contract
specifications and a historical background of the evolution in this market, illustrates
the potential uses of the contract, and assesses the unique characteristics of this
market that set it apart from other futures markets investigated so far in the literature.
Finally, this chapter concludes by presenting the three research topics that are

investigated in this thesis as well as their contributions to the literature.

1.2 The Economics of Futures Trading

1.2.1 The Importance of Derivative Instruments

Derivatives are now an integral component of a complete financial market system.
This is despite derivatives being the subject of much recent controversy, arising from
their much-publicised use as speculative trading instruments. For example, the
magnitude of derivatives-related losses such as Barings plc through Nikkei index
futures, Metallgesellschaft AG through oil futures hedging, Procter & Gamble
through interest rate swaps, and, more recently, Enron’s active participation in
derivative markets, have exaggerated popular fears of these products. These (and
other) losses and a growing cautiousness in the market have led to an increased focus
on the role and use of derivative instruments. As the academic society has struggled,
in the early days, to reach a common verdict on the economic benefits and risks of

derivatives, there have been strong calls for increased regulation of these instruments



from both within and outside the financial markets." However, any further
restrictions imposed on derivatives trading, if not fully documented. may result in the

trading anomalies causing a disruption in the efficient wealth allocation. 2

As Merton (1990, p.263) points out “The core function of the financial system is to
facilitate the allocation and development of economic resources, both spatially and
across time, in an uncertain environment.” To fully appreciate and assess the role of
derivative markets, perhaps it would be very useful to put the above into perspective.
In the absence of capital markets, members of the society have to balance earnings
and spending over every period. The presence of a financial institution will enable
individuals to reach this equilibrium across time.'*> However, the intertemporal nature
of financial decisions implies uncertainty and market participants start to face the
risk of deferring spending into less favourable future and having to assess the
available information. Nonetheless, the capital markets should provide a wide range
of instruments to either eliminate or re-allocate the uncertainty among market
participants, from those who want to avoid risk to those who are willing to accept it.
As Gibson and Zimmermann (1994) states “In order to achieve an unconstrained
Pareto-efficient allocation of these risks within a market system, capital markets
must provide sufficient opportunities to trade and price the various kinds of risk.”
Hence, it is obvious that the socially required role of financial markets is to expand

the opportunity sets for investors and to facilitate the flow of relevant information.

" There are more than 200 proposals to prohibit, limit, tax or regulate derivatives trading in the US in
the last century. For example, see the Presidential Task Force Report (1988), the Group of Thirty
report on OTC derivatives (1993), and the US Government Accounting Office Report (1994).

'2 For instance, there are a substantial number of studies showing that short-sales restrictions increase
the level of mispricing and impose a serious limitation to the allocative efficiency of a market system
(see. e.g., Kempf, 1998; Fung and Draper, 1999).

¥ According to Gibson and Zimmermann (1994), the economic function of financial markets can be
seen in three dimensions: time, risk, and information. Borrowing and saving are the major functions of
the financial systems in order to achieve an efficient intertemporal allocation of funds. Capital markets
allow households and firms to match earnings and expenses in each period by issuing or acquiring
claims against their future income. To achieve this purpose, they would write financial contracts.
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It is within this framework that the presence of financial derivatives should be
considered. In particular, there are two pertinent questions to be answered with
regard to the existence of new derivative markets; (i) whether they have detrimental
effects on the underlying market and (ii) whether they really serve the socially
justified requirements of a financial system (price discovery and risk management).
An assessment of these issues in relation to the new USF contracts forms the main
part of this thesis. However, before going on to undertake analysis of these issues, it
would be appropriate to begin with a brief summary of the role and functions of
futures markets in general, and then proceed to present an overview of USF markets.
An understanding of the environment in which USF markets operate and the way in
which they operate is a prerequisite to a proper appreciation of the subject matter of

this thesis.

1.2.2 The Role and Functions of Futures Markets

A futures contract is an obligation (i.e. a legally binding agreement between a buyer
and a seller) to receive or deliver a standard quantity of a particular commodity or
financial instrument at a future date for a price which is agreed at the time the
contract is drawn up.14 Organised trading in futures contracts dates back to the mid-
nineteenth century with the opening of Chicago Board of Trade (CBOT) in the US.
Since then, there has been an explosion in both the range and trading volume in
futures contracts. Currently, there are 65 exchanges throughout the world, trading
more than 1,000 futures contracts written on different underlying instruments such as

commodity, currency, financial securities or index."” This growth in futures trading

14 Futures contracts have a number of characteristics in common with equities, forward contracts and
over-the-counter (OTC) derivatives, as well as a number of dissimilarities. The distinguishing
characteristics of these instruments are discussed in many good texts. See, for example, Kolb (2000).
'S From Futures and Options Fact Book published by The Institute for Financial Markets (IFM).
which is available at: http:/'www theifm.org’




activity and the variety of contracts reflects the increased economic benefits that
futures markets provide to market participants. As Kolb (2000, p.25) points out “Any
industry as old and as large as the futures market must serve some social purpose. If

it did not, it would most likely have passed from existence some time ago.”

In general, the two main social functions of futures markets are price discovery and
risk management through hedging. Price discovery is the process of revealing
information about current and future cash prices through the futures markets. Risk
management refers to investors using futures contracts to control their spot price risk.
These dual roles of price discovery and hedging provide benefits that cannot be
offered in the spot market alone and are often presented as the justification for
futures trading (see, e.g., Garbade and Silber, 1983). For example, in determining
approval for trading in a new futures contract, the US Commodity Futures Trading
Commission (CFTC) requires the contract to pass the “economic purpose test”,
which provides that a proposed futures contract should meet the following criteria;
(i) must contribute to price discovery in the market, (ii) must be useful for hedging,
and (iii) must not be detrimental to the existing cash market (see, e.g., Figlewski,
1987; Hahn and Tetlock, 2006).'® Undoubtedly, the performance (success or failure)
of a new futures contract is dependent upon the contract providing benefits to
economic agents, over and above the benefits they can get in the spot market alone.
These benefits are price discovery and hedging. However, while this thesis intends to
examine the role and functioning of new USF contracts in detail, it is important to
have some understanding of the social functions of futures markets in general, and

single stock futures in particular, before proceeding.

16 Also see the CFTC’s publication on “Economic and Public Requirements for Contract Market
Designation”, in 1998 (which is available at: http://www cfic.gov/foia/fedreg98/f0i980717b.htm).
According to these requirements, an exchange must demonstrate “economic justification” of a
proposed contract prior to approval. In other words, there must be proof of economic purpose/benefit
before any new futures contract can come into being.
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1.2.2.1 Price Discovery Function

Physical and financial asset prices are determined through the interaction of supply
and demand forces in the economy. The existence of futures markets provides a
mechanism in which the supply and demand for an asset are brought into alignment.
For example, if new information becomes available which suggests that the future
supply of an asset will be tighter than previously expected, the futures price for a
later delivery period would be expected to increase. Also, the spot price which is
finally observed in the later period should be higher than it would have been without
the new supply information. By allowing investors to send a collective message
about how new information is expected to impact the spot market, futures markets

play a crucial role in gathering the information about current and future spot prices.'”

The existence of a strong relationship between futures and spot prices also has
implications for the risk management function of the market. The greater the degree
of interdependence between spot and futures prices, the greater the effectiveness of
the futures market in terms of hedging. Specifically, if spot and futures prices
respond in a similar fashion to the arrival of new information, then they will tend to
move closely together over time. As a result, market participants can use futures
contracts to effectively control their future spot price risk since any loss in one
market (spot or futures) will be largely/entirely offset by gains in the other market

(see Table 1.1 for an example).

'7 According to Edwards and Ma (1992), the process of revealing spot price information through the
futures markets has two main parts. The first part relates to the ability of futures price to form
unbiased estimator of the spot prices that will prevail at the contract expiration date, which has
manifested itself in what has come to be known as the “unbiased hypothesis” in the literature. The
second part examines whether futures markets help to discover information regarding current spot
prices, which has been regarded as the analysis of the “lead-lag™ relationship between two markets.
Following the more recent literature, see Mayhew (2000), this thesis deals mainly with the latter.
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1.2.2.2 Risk Management Purpose

Market participants are confronted with various risks that arise from the ordinary
conduct of their business. The existence of futures markets provides a way in which
these risks may be transferred to other individuals who are willing to bear them.
Hedging (i.e., the trading of futures contracts with the objective of reducing or
controlling future spot price risk) is seen to be the major function of futures markets.
According to Kolb (2000), the opportunity to control price risk through futures
hedging is “...perhaps the greatest contribution of futures markets to society” (p.85).
If price risk can be controlled efficiently through futures hedging, then profitable
investment opportunities involving a high level of risk can be pursued and, as a

result, society as a whole benefits economically.

Hedging involves taking a position in the futures market that is opposite to the
position that one already has in the spot market. For a futures contract to be an
effective hedging vehicle, any gains or losses in the value of the spot position, due to
changes in the spot prices, will have to be countered by offsetting changes in the
value of the futures position. Generally speaking, hedges are either “short” or “long”.
A short hedge involves selling futures contracts as a protection against a perceived
decline in spot prices, whereas a long hedge involves buying futures as a protection

against a price increase.

The above discussion clearly shows that futures markets play an essential role in
economy and provide economic benefits to the market agents through their price
discovery and risk management functions. The extent to which different commodity
and financial futures markets have served as efficient centres for risk-sharing and

information gathering has been the focus of considerable research in the literature.
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The full list is too long to provide a census, but notable examples using currency
futures markets data include studies by Kroner and Sultan (1993), and Chatrath and
Song (1998). Examples of studies examining stock index futures markets include
Figlewski (1984), Butterworth and Holmes (2000, 2001), and So and Tse (2004).
More recently, the E-mini index futures has also attracted the attention of academics.

Examples using U.S. data include Hasbrouck (2003), and Kurov and Lasser (2004).

Despite this plethora of studies in various commodities and financial futures markets,
the evidence on the Single Stock Futures (SSF) contracts is very limited, primarily
due to their lack of history and the unavailability of data. Although these contracts
have been the focus of some recent research, the issue of whether the market serves
the price discovery and risk management functions has been subject to very little
attention in published research. This is particularly true for USF market. Such a lack
of understanding also exists regarding to their impact on the underlying stock market.
It is the objective of this thesis, therefore, to investigate these issues and provide new
evidence in the literature regarding a futures market which has unique characteristics.

These characteristics are described in more detail in the following section.

1.2.2.3 Speculation Role

While futures markets can be seen to be enhancing economic welfare by allowing for
new positions and expanding the investment sets or enabling existing positions to be
taken at lower costs, they have been criticised for destabilising underlying markets.
This criticism has its origin in the debate over the impact of speculators and the fact
that it can be argued that futures encourages speculation. This “encouragement™ of
speculation emerges through the nature of the futures contract itself. As discussed

earlier, futures is a highly standardised contract in which the buyer of the contract is
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purchasing a claim on the spot asset at some time in the future. Furthermore,
engaging in a futures market transaction only requires the posting of a margin which
is a fraction of the price. Thus, as Goss and Yamey (1978) point out, futures markets
make a distinctive contribution to speculation since they allow individuals to
undertake speculative activity without them having to become involved in the
produétion or processing of the commodity or asset. In addition, because they are
standardised contracts, futures facilitate the specialisation in speculation without a
large amount of funds being committed. Therefore, there has been considerable
concern regarding the impact that futures markets might have on the underlying spot

market. Indeed, this concern dates back almost to the inception of futures trading.

In general there are two main beliefs among market participants. The classical view
is that the speculators in futures markets have a destabilising impact on spot markets.
In contrast there have been a number of market agents/economists who have argued
that the activities of speculators will have a stabilising impact on spot market prices.
It can also be argued that futures markets require speculators providing its liquidity
and enable hedgers to transfer risk. This controversial issue has been the subject of
considerable theoretical and empirical analysis and has received the repeated
attention of policymakers. Despite the volume of research, futures trading is still
viewed with considerable suspicion by market participants and policymakers alike.
Such suspicion has led to suggestions that futures trading should be further regulated,
including, for example, higher margins (the Presidential Task Force Report, 1988).
However, further regulation may have a negative impact on the working of financial
markets and hence on economic welfare and it is therefore important to carefully
consider whether such action is justified / beneficial. This thesis aims to investigate

this critical issue and to provide new additional evidence in the literature.
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1.3 Universal Stock Futures (USF) Markets

While the history of futures trading is replete with examples of significant
innovations, the onset of Single Stock Futures (SSF) trading in the world's financial
markets is arguably the most important of such milestones (see Lascelles, 2002). As
the name suggests, SSFs are futures contracts on individual stocks and, as with any
futures contract, they represent an obligation, in this case the obligation to buy/sell
shares of an individual company, some time in the future at a price agreed today.'®
Futures contracts on individual stocks are not an entirely new phenomenon in the
international marketplace. During the 1990s some small European, Australian and
Asian exchanges introduced SSF contracts on a limited number of domestic stocks,
but for the most part these contracts registered modest trading activity. However, all
this has changed dramatically in the early 2000s. In January 2001, LIFFE launched
Universal Stock Futures (USFs) — a range of SSFs based on several dozen world-
class stocks.!” This move by one of the world’s leading derivative exchange lifted

SSFs out of obscurity and placed them firmly on the international investment menu.

The importance of USFs to market participants is clearly shown by the rapid growth
in the number of stocks on which USFs are written. At the first listing date (29
January 2001) 25 USFs were listed on stocks traded in 8 countries. Subsequently, the
number traded had increased to 97 by the end of 2001 (11 countries) and to 433 by
June 2005 (13 countries). In 2005 trading volume exceeded 11.7 million contracts,

making it the world’s largest SSF exchange in terms of trading volume.

'8 For instance, someone who buys a June 2007 Vodafone futures today has made a contract to take
delivery of Vodafone stock in June 2007 at the price transacted in the futures market today.
19 USFs — the term LIFFE uses for single stock futures - first started trading on the exchange’s
electronic trading system, LIFFE Connect, on January 29, 2001, with the launch of 25 contracts linked
to stocks from eight countries and five sectors, denominated in three currencies. An up-to-date list of
the contracts can be found on the USF's website at http:” www.universal-stockfutures.com/
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Since the subject matter of the investigations undertaken in this thesis is USFs, this
section provides a brief summary of these revolutionary new products. First. it
summarise the contract specifications by highlighting their unique characteristics.
Second, it discusses their potential uses and the major regulatory concern. Finally,

the growth of this market is assessed by examining the behaviour of trading volume.

1.3.1 Contract Specifications

The USF contracts are global products with contracts available on an international
list of stocks. With futures traded on the shares of 433 companies, in 13 countries,
they enable investors to gain broad exposure to equity prices, using a single
exchange, under a single regulatory regime, on a single electronic platform, on a
range of possible currencies. Also, trading with UK USF has an added benefit of not
having to pay “stamp duty” because futures contracts are not counted as securities for
tax purposes.”’ The salient features of USF contract specifications are as follows:*!

1) Each futures contract represents a certain number of underlying shares. This
number is known as the lot size. The standard lot size for USFs is 100 shares,
except for Italian and UK futures, where one USF represents 1,000 shares.

2) The currency of trading for USF contracts reflects the currency of trading of
the underlying share. LIFFE lists futures contracts based in seven currencies.

3) LIFFE’s USFs are cash settled contracts, except for Danish and Norwegian
futures where contracts are physically delivered. At the end of the life of the
contract, no shares change hands. Instead, throughout the life of the contract.

the buyer and seller exchange the daily profit/loss on the futures trade.

2% In the UK, purchasers of cash equities will have to pay one of the world’s more regressive taxes -
“stamp duty” - on every transaction. This does not apply to USFs. thus making them a much more
cash-efficient trading tool, compared to trading in the stock market.

2! Many of the contract features vary across different contracts, depending on the underlying stock on
which the futures is written on. Detailed contract specifications can be found on LIFFE’s website.
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4) USF contracts are listed with up to six months’ life. An investor can trade the
nearest two of March, June, September and December. In addition. he can

trade the nearest two contract months closest to the current calendar month.

1.3.2 Potential Uses and Major Concern

As stated earlier, futures trading provides an important tool that assists everyone in
the marketplace determine value. Through the futures markets, information about the
expectation of all market participants regarding future development in the spot
market can be assimilated to produce a single forecast of the expected spot price.
This availability of information reduces “search” costs and provides signals that
guide investors to make the efficient and informed decisions. Similarly, since USF
contracts are traded for delivery at various points in the future, they reflect the
current expectation of the market about the level of the underlying stock some time
in the future. For instance, if the USF price 2 months from maturity is trading above
the current stock price, this reflects the current market expectation that this stock.

two months from now will be above its current level.

The following is an example: On 1 January 2001, the Vodafone shares are priced
241p, and with its USF contract for delivery in March 2001 currently trading at 253p.
This suggests that the market expects the value of Vodafone shares to strengthen,
over the period January to March 2001, and will rise above its current value of 241p.
Therefore, through the USF markets the market participants can get an indication of
the expected level of underlying stock prices in the future. This ability to achieve and
disseminate price information (i.e. price discovery) benefits not only the futures
markets participants, but also those who are active in both stock and futures markets.

Empirical tests for this benefit of USF market are presented in chapter 3 of the thesis.
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The second benefit that USF contract provides to market participants is the
possibility to control their risk exposure through hedging. Hedging is the process of
eliminating or reducing price risk through the futures trading which involves setting
up an opposite position on the futures markets as to that held on the stock market.
For instance, when a short term fall in a stock price is anticipated, the shareholder of
the stock can sell a future to avoid making a loss without having to sell the share.

Any loss caused by a fall in stock price may be offset by gains on futures position.

Table 1.1 presents an example, adapted from LIFFE’s website, illustrating the use of
USF for hedging the “event risk” of a particular stock. Consider an investor who
holds 10,000 shares of a UK biomedical stock ABC that has a significant new
product pending approval from the authority. ABC shares are currently priced at
500p, but this investor fears that the new drug disapproval could lead to a large drop
in the price of the stock within the next month. In an effort to protect his income
against this price fall, this investor initiates a futures hedge by selling USF contracts
on ABC for delivery in one month at a price of 508p. As one USF contract for UK

contracts is based on 1,000 shares, the investor sells 10 ABC futures.

A month later, the proposed new drug is indeed disapproved by the authority and
ABC share price falls to 480p. However, the drop in ABC stock price is also
accompanied by a drop in the price of its USF contract which now stands at 486p.
The investor closes out the futures position by buying back the 10 ABC futures at
486p (i.e. unwinds the hedge). Since the shares have fallen 20p each and the futures
have fallen 22p (assuming it has sold), this investor gains from the fall in the futures

22

price. Table 1.1 illustrates how the investor has protected his shareholdings.

** In order to establish this futures position, the investor contracts a broker at LIFFE who executes the
transaction on behalf of the investor. In return of this service, however, the broker charges some fees.
For simplicity. brokerage fees and other costs are not incorporated in the calculation of this example.
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However, despite the profits from the hedged portfolio, it should be noted that the
performance of this hedge is far from perfect. For a perfect hedge, the variability of
the net cash flows from the hedged position should have been zero in this example.
The fact that this is not the case can be partly attributed to the use of “naive” (i.e.,
one-to-one) hedging strategy. A one-to-one hedge is effective as long as stock and
futures prices change by the same amount. In practice, however, there is unlikely to
be perfect correlation between the stock and futures prices and hence two prices do
not always move together. Therefore, an alternative strategy must be used to
determine the hedge ratio that minimises the difference between losses in the stock
market and gains in the futures market or vice versa. The effectiveness of such a

strategy is investigated empirically in chapter 4 of this thesis.

As with other types of derivatives, the central regulatory concern involving USFs is
the potential negative impacts of the onset of their trading on the underlying markets.
There is a fear that they encourage speculation which destabilise the market for the
underlying by driving the underlying equity prices away from fundamental values.
Consequently, the price discovery function of futures markets would be damaged.
Nevertheless, for the most part, the potential negative impacts associated with stock
futures have neither been supported by previous related literature nor by the
experiences of foreign countries which permit trading futures on individual stocks.
For example, the evidence reported by Lee and Tong (1998). Dennis and Sim (1999)
and McKenzie et al. (2001) suggest that the onset of SSF trading has little or no
effect on cash market volatility.”> All these three studies focus on the Individual
Share Futures (ISF) market in Australia. However, no one has yet conducted any
study of the impact of USFs on the underlying stock. The detailed investigations on

this public concern for the USF contracts are carried out in chapter 2 of this thesis.

23 The findings of the previous related research are discussed more thoroughly in chapter 2.
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1.3.3 Market Performance

Trading volume is often used to measure the performance of a futures contract (see.
e.g., Silber, 1981; Carlton, 1984; Black, 1986). Successful contracts often have
manifest active trading volume while less successful contracts tend to exhibit thin
trading volume. Volume of trading is also generally used as a measure of liquidity.”’
The concept of a liquid market is closely tied to the issue of fair pricing. It is a
common belief that the more liquid the market, the greater the number of traders and
hence the more competitive is the market, which ultimately results in fair pricing.
Therefore, the USF trading activity or liquidity is an important factor in ensuring a
fair futures market.”’ Open interest (i.e. the total number of outstanding contracts)
provides a different measure of contract activity, as it excludes by definition all
short-term trading by the day traders, many of whom are inspired by speculative
motives. From this perspective, one could argue that open interest primarily reflects
hedging demand (see Bessembinder and Seguin, 1993). Extant literature points out
the prerequisite for a successful futures contract is the presence of hedging demand

in addition to an environment that is conductive to futures trading (see Cuny, 1993).

In the light of the above discussion, this section assesses the success (or failure) of
USF contracts based on the volume and open interest measures in terms of the
numbers of contracts traded. Figure 1.1 shows the monthly total volume and open
interest on all USF contract traded on LIFFE from its launch date to December 2005.
For comparison purposes, the daily average volume of LIFFE’s stock options and
USFs are also computed and presented in Table 1.2. View collectively, Figure 1.1

and Table 1.2 should provide useful information about USF market performance.

24 previous literature has also adopted other measures to proxy for market liquidity, including the bid-
ask spread, depth of orders, frequency of trading and number of traders (see, e.g., Aitken and

Comerton-Forde, 2003). o ‘ o
*5 While it is argued here that an active and liquid market ensures fair pricing. some believe that this is

probably necessary but not sufficient condition as liquid markets can exist because of price markers.
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As illustrated by Figure 1.1, the level of trading volume and open interest on all
USFs has increased gradually from the early months of trading. Moreover. USF
contracts appear to be mostly heavily traded in the second quarter of each vear (i.e.,
April, May, and June). This is understandable given the fact that many companies
make announcements such as earnings or other corporate news around those few
months. In today’s marketplace, any publicly traded company that is announcing
earnings 1s typically a candidate for high volatility, which may result in increased

demand for futures hedging to protect against the possible adverse price movement.

This conjecture is also supported by inspecting the patterns in the monthly total open
interest. It is evident from Figure 1.1 that the total open interest shows the same
heterogeneity as the total trading volume, characterised by frequent heavy trading
during the second quarters. This in turn implies that the hedging demand for USFs is
at the highest during the period when many companies make their corporate

announcements.

The growth of the USF trading can be put into perspective by considering the trading
volume of other existing (or competing) equity derivatives such as stock options.
With reference to Table 1.2, the USF’s trading records are very successful. especially
in contrast to comparable options contracts.?® Although the average daily volume
levels remained modest during the first year of its existence, they have taken off
thereafter and reached the highest record of 49,920 contracts traded per day in their
fourth year of trading. On the contrary. it took over 10 years (i.e. from 1992 to 2002)

to build that daily average volume in single stock options at LIFFE.

2 However, it should be noted that the figures in Table 1.2 should be interpreted with some caution
because of two reasons. First, the figures only give the number of contracts traded and not the number
of individual transactions. Second, since the figures are averages they can be distorted by infrequent

heavy periods of trading.
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One reason for this rapid growth in USF trading is the emergence of new players in
the market. Max Butti, LIFEE product manager for USF, explained that "As well as
participants in the German, French and Dutch markets, hedge funds are seizing the
opportunity to trade global blue-chip stocks in a cheap, easy and efficient manner
using Universal Stock Futures.”*’ Despite the fact that USF were only launched by
LIFFE in January 2001 and are still relatively young product, they are now trading at
a level only achieved by equity options after more than ten years of trading. In fact,

since 2004, volume in USFs has exceeded volume on stock options traded in LIFFE.

Overall, LIFEE’s USF contracts seem to have attracted a fair amount of trading
volume in their early years of trading. This, however, represents neither a necessary
nor a sufficient condition for long-term success of the products. That is, the success
(or failure) of the contract cannot simply be judged in terms of trading volume alone.
As discussed in section 1.2.2, the success of a futures contract is highly dependent
upon the contract providing benefits to economic agents, over and above the benefits
they can get in the spot market alone. If no such benefits exist, then market
participants have no reason to trade in futures market instead of the stock market.
Therefore, if the success of the new USF contract is to be assessed, it is essential that
detailed investigation be carried out as regard to the nature and economic roles of
USF market. First, it is necessary to assess the impact, if any. of the introduction of
these futures contracts on the underlying stock markets. Second, it is necessary to
examine whether the futures contract has succeeded in fulfilling the economic roles
expected of such a contract (i.e., the price discovery and risk management functions).

This thesis aims to address these important issues in detail.

*7 This quote is from the presentation given by Max Butti to the Futures and Options World (FOW)
Derivatives and Securities forum held in Madrid on October 14, 2003.
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1.4 Structure of the Thesis and its Contribution to the Literature

This section presents the research issues that are addressed in this thesis, along with
its contributions to the current literature. This thesis consists of five chapters.
including the present one. Three research issues identified in the preceding
discussion are investigated in chapter 2 to 4 accordingly. The common theme of
these three chapters relates to the economic roles of Universal Stock Futures (USF).
and how the introduction of these contracts has affected the underlying stock market.
The general structure of these empirical chapters is similar: each chapter begins with
an introduction on the background of the research area in question; discusses the
relevant theory and related issues; describes the methodology and testing procedure

to be used; reports and discusses the empirical findings; and draws conclusions.

As stated earlier, while futures markets can be seen to be enhancing economic
welfare by facilitating the risk-sharing and information dissemination, they have
been criticised for destabilising the underlying markets. Despite the plethora of
studies, there exists no study on the effect of USF trading on the stock market upon
which the futures contract is based. For this reason, chapter 2 investigates the
impacts on the stock market due to the introduction of a corresponding USF contract.
Unlike previous studies, the heterogeneous trader model of Sentana and Wadhwani
(1992) is used to examine this issue. This theoretical model captures the behaviour of
both rational traders and irrational trend-chasers (i.e., traders adhering to positive
feedback trading strategies), and thus enables the deeper insights into the changes of
return characteristics caused by the onset of futures trading to be assessed. Combined
with a GARCH specification for conditional volatility, this model allows examining
the consequences of USF trading not only on underlying volatility, but also on the

extent to which futures inhibit / promote the level of noise trading in stock market.



The investigation begins by examining the futures listing choices of LIFFE in order
to identify the control stocks that explicitly account for the endogenous bias inherent
in many previous studies. The main analysis of the investigation remains. however.
with the use of the heterogeneous trader model to exploit the changes in return
autocorrelation and volatility induced by USF trading. a practice which constitutes
the main contribution of the investigation. In addition, given the significance and
unique characteristics of USF contracts, this chapter also able to investigate a wide
range of important issues that have not been addressed previously in the literature.
For example, the large number of USFs listed on stocks from various industries
across different countries provides a key opportunity to examine the potential

country and/or industry effects in the impact of futures trading.

The main findings are that there is a limited feedback trading in the underlying stock
markets, but the degree of feedback trading has fallen further since the onset of USF
trading. While there are some changes in the underlying volatility level and nature,
similar changes are also observed in the control stocks, suggesting that these changes
are not futures induced. Taken together, the results from this analysis show that the
introduction of USFs has not impacted negatively on the underlying markets, and to
the extent that USFs have impacted on market dynamics, the influence appears to
have been positive, leading to a small reduction in feedback trading and improved
efficiency. This implies that the public concern over the adverse impact of futures
trading is not entirely justified and calls for further regulation on these markets (such

as higher margins and restrictions on the issue of new contracts) is unwarranted.

The provision of hedging opportunities is arguably the most important benefit of

futures markets, but for USFs to perform this economic function efficiently, the
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informational role of futures must be satisfied. The ability to achieve and disseminate
price information (i.e. price discovery) available to market participants is an essential
role of futures market in ensuring an efficient and complete financial market system.
A considerable amount of empirical research has been directed towards examining
the lead-lag relationship and the price discovery function in a variety of derivatives
markets. However, studies that explicitly investigate the relationships between single
stock futures (SSFs) and the underlying stock are virtually nonexistent, primarily due

to their lack of history and the unavailability of data.

Investigation in chapter 3 not only provides, for the first time, evidence on the price
discovery function of USF contract but also contributes to the current understanding
of linkages between derivatives and underlying markets in following aspects. First,
unlike the market-wide instruments, the USF contracts are based on individual stocks
which by definition can be directly traded. This tradable nature of the underlying
market implies that stock and futures prices are more closely linked by the “cost-of-
carry” relationship, and hence USF prices may not contribute to the discovery of new
information to the same extent as the markets for non-tradable underlying assets such
as index futures contracts. Investigation of the price discovery role of USF market

can thus provide a direct answer to this important issue.

Second, the examination of the USF price discovery role over different time periods,
and across several markets, could provide insights on the relative price discovery of
derivatives markets at the different stages of their developments. In addition, the
cross-border USF contracts on non-U.K. stocks allow us to cater a further dimension
in the current literature: pricing dynamics and information transmission mechanisms

between foreign-listed SSFs and the domestic underlying stock markets. Moreover.
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they also permit us to examine whether there is a “country effect” in the SSFs’
contribution to price discovery. A number of studies argue, in the context of cross-
listed stock index futures, that the price discovery ability of futures markets will
largely depend on the market structures and institutional differences of the markets at
which the underlying indices are being traded (see, e.g., Board and Sutcliffe, 1996).
The conclusion from these studies is that the markets with lower transaction costs are
more conductive to information incorporation, and that price discovery primarily
originates from the home market (i.e. home-bias hypothesis). Accordingly, it would
be interesting to see whether these results are applicable to the cross-listed USF
contracts that are based on foreign underlying stocks, and if USFs price discovery
function can be attributed to the differences in the underlying stock market

conditions and/or locations.

Third, the relatively large sample also permits us to examine the dominant
characteristics that determine the relative price discovery contributions of futures
markets by using a cross-sectional analysis. Finally, whether there are interactions in
second moments of the stock and USFs markets is another important issue that
investigated in this chapter. This particular issue has vital implications for the

relative price discovery and informational efficiency of these two markets.

Another distinguishing characteristic of this chapter is the comparison of stock and
futures markets ability in reflecting the firm-specific and market-wide information.
Previous research which has examined the lead-lag patterns between stock index and
index futures markets documented considerable variation in price discovery
contributions of each market depending on the information types (see. e.g., Chan.

1992; Crain and Lee, 1995; Frino et al., 2000). In particular, these studies suggest



that the lead of futures market will become greater around the “market-wide”
information releases periods, while transmission of information will run from the
stock to the futures market in the case of the “firm-specific” information. It would
therefore be interesting to analyse whether the kind of information (market-wide
versus firm-specific) may affect the USFs contracts’ contributions to the price
discovery process. It would also be interesting to test whether the price discovery
role can vary depending on the information content is “positive™ or “‘negative”.
Chapter 3 directly addresses these two issues using USFs data. The use of USFs is
particularly useful in studying the transmission of firm-specific information because

the USFs’ tradings are mainly based on the news relating to the individual stocks.

To examine the part that USFs play in discovery the information about their
underlying stock prices, and the factors that influence this role. The empirical
analysis of chapter 3 consists of four main components. Firstly, we determine
whether price discovery occurs on the futures markets by applying the approach
developed by Gonzalo and Granger (1995) to quantify the contribution of USF to
determination of stock price. Secondly, both the market-wide and firm-specific
information flows are documented for the whole sample period, as well as the
introduction and maturity periods of USFs. An investigation into the impact of
several variables which may influence the proportion of new information that is
incorporated via the futures markets forms the third focus of this chapter. Finally,
this chapter also characterises the dynamic interdependence of the stock and futures
markets by explicitly modelling the ways in which these two markets interact

through their second moments (i.e., the “volatility-spillovers™ effect).



In summary, the results of this chapter suggest that price discovery take places in
both stock and futures markets, but USF markets on average play a relatively smaller
role in the price discovery than their underlying stocks. The price contributions of
USFs vary considerably over time and across firms depending on the geographical
origin of underlying stocks, the development stage of a futures contract, the relative
trading characteristics such as the market liquidity and trading costs, the contract
design and specifications, as well as the information types and content. For instance,
the results from volatility-spillovers analysis show that futures market seems to play
a more pronounced role in discovery of negative information, perhaps due to the
limitations of short-selling in the stock markets pushing the investors who have

negative information to trade in the futures rather than in the stock market.

The findings of this chapter should be of great interest to the investors, fund
managers and regulators. For the investors and fund managers who trade in both
stocks and derivatives (as well as those who are active in only one market), the
results that stock markets contribute more to the price discovery indicate that some
information is first reflected in that market, and movements in these markets has
important implications for investors trading the futures contracts based on these
underling shares in forecasting price behaviours, speculating the price movements.
Additionally, the cash-futures price relationship is also an important factor for
hedgers in developing effective hedging strategies. The traditional theory of hedging
asserts that the effectiveness of a hedge largely depends on the parallelism of
movements in spot and futures prices. Moreover, our results from the analysis of
price discovery determinants should also provide policymakers important insights on
the designs of securities, trading mechanisms, and the market structures that are more

conductive to the timely dissemination of the new information.
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Further, as the understanding of the price discovery dynamics between stock and
futures markets could shed light on the market preference of informed traders. our
finding that stock prices tend to lead the futures markets implies that informed
traders are more likely to choose this particular market to reveal their private
information. This is particularly important as the knowledge of where informed
traders choose to trade and the factors influencing their choices are highly relevant to
market makers and regulators (aid the regulators to prevent illegal insider trades).
Finally, the price discovery role of LIFFE’s USF contracts we documented in this
chapter also provides justification for other exchanges to launch the single-stock

futures as a means of enhancing information dissemination process in their markets.

The main reason for the existence of futures markets is to provide instruments for
market participants to reduce or control the unwanted risk of price change by
transferring it to others more willing to bear the risk. This function of futures markets
is performed through hedging. Despite its popularity and the additional benefits
provided by the new SSF contracts (such as USFs), we could identify no study of the
hedging strategies and hedging effectiveness for these important new markets.
Therefore, chapter 4 is devoted to fill in this literature gap by assessing the degree of

success that has been achieved by USFs in fulfilling this economic role.

The constant minimum-variance hedge ratio methodology is extended to a time-
varying framework, and a more general BEKK-GARCH model is proposed and used
to evaluate the hedging effectiveness of USFs by applying the variance-reduction and
utility-based performance evaluation criterion for within- and out-of-sample periods.
The empirical findings suggest that the majority of USF contracts have served as

efficient risk management tools in hedging against the individual stock exposures.
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Moreover, we also find that the basis (i.e., the difference between spot and futures
prices) and asymmetry effects in the time-varying variance-covariance structure have
important implications in the estimation of hedge ratio, and the proposed dynamic
hedging strategy that incorporates both of these effects can produce additional

hedging benefits for investors who want to hedge their exposure to a stock position.

Given the considerable variations in the USFs hedging effectiveness across different
contracts, this chapter proceeds to undertake a rigorous analysis on the determinants
of the hedging efficiency with USF contracts. To this end, a cross-sectional analysis
is performed to identify the factors affecting the hedging effectiveness of each USF.
The results indicate that the variables measuring relative market quality such as the
ratios of trading volume and bid-ask spread are major determinants of the degree of
hedging effectiveness across USFs. In addition, we also uncover clear evidence that

the hedging role of futures is more pronounced for the smaller sized USF contracts.

Since all the stocks on which USFs are written are also component stocks of the
stock indices on which futures already exist, it may be possible to use stock index
futures (SIF) to hedge. Also, for those hedgers who hold more than one component
stocks in their portfolio, multiple hedging by USFs may not be as effective as SIF
since there are some correlations between the returns of the stocks with stock indices.
Therefore, the final stage of this chapter is to investigate the relative hedging
effectiveness of USF versus stock index futures, and assess the efficiency of creating
a USF portfolio in hedging the cash portfolio containing a small number of stocks.
While these questions have been recognised as important issues, this thesis is the first
study to compare the direcr hedging effectiveness of USF with the cross-hedging

effectiveness of stock index futures contracts. As expected, by comparing the



hedging effectiveness of USFs and several stock indices futures. clear evidence
emerges that hedging with USF has a better performance than hedging with index
futures for individual stock positions. In addition, hedging simultaneously with USF
and index futures further improves hedging efficiency compared to hedging with
USF contracts alone. Further, the result suggests that creating an equally-weighted
USF portfolio to hedge multiple stock portfolios is more effective than that of using

index futures in hedging the small-sized portfolio consisting of only 5 to10 stocks.

View collectively, this chapter not only provides, for the first time, empirical
evidence on the hedging performance of USFs but also contributes to the current
understanding on the risk management role of futures markets in following aspects.
First, unlike the stock index futures, the USF contracts are based on individual stocks
which by definition can be directly traded and thus provide a unique opportunity to
examine the hedging effectiveness of futures in which the underlying stock of the
futures contract is exactly the same as the spot asset. This matching nature implies
that USF may be a better hedging instrument in hedging the individual stock
exposure than the market-wide instrument such as stock index futures. Findings from
the investigation of the relative hedging efficiency support this general anticipation.
Second, empirical results from the examination of the dominant characteristics that
determine hedging efficiency of futures markets could provide policymakers insights
on the importance of several factors in security designs and market structures.
Finally, another important contribution of this chapter is the proposed use of a new
general multivariate GARCH model to estimate the dynamic hedge ratios. which
incorporates the time-varying volatility, the volatility spillovers, the basis and
asymmetric effects associated with the spot-futures covariance structure while still

allowing correlations between security returns to vary over time.
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Chapter 5 concludes the thesis by summarising the main findings in this thesis and
by discussing the practical implications of those results. In addition, the chapter
identifies a number of research issues, which are not undertaken in this thesis due to

time and space constraints, but merit further investigation.
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Table 1.1: Hedging with USF contract - An Example

Per Share Position Value
ABC Shares Opening price 500p £50,000
Closing price 480p £48,000
Loss on shares 20p £2,000
ABC Futures Opening price 508p £50,800
Closing price 486p £48,600
Gain on futures 22p £2,200

* The gain on the futures position has offset the short term loss on the shares.

Table 1.2: Average Daily Volume of the LIFFE's Stock Options and USF contracts (January 2001 - December 2005)

Year 1992

Stock Options 17934
USFs

1993 1994 1995

18842 17095 15777

1997 1998 1999

16980 13075 14123

2000 2002 2003

41895 50349 39485
9813 15372 24802

2004 2005

4706 36824
49920 45700

Notes: Figutes highlighted in bold denotes High records achieved

Figure 1.1

USF Monthly Volume and Open Interest (January 2001 - December 2005)
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Chapter 2’
The Impact of Universal Stock Futures on the Underlying Market

2.1 Introduction

It was shown in chapter 1 that the impact of futures trading on the underlying market has
been an area of concern since the introduction of futures contracts on the world's
financial markets. Proponents of futures trading argue that it enhances the efficiency and
price discovery of financial markets, and provides an additional avenue for investors to
hedge risk (to what extent USF contracts have succeeded in fulfilling these economic
functions will be examined in chapters 3 and 4). However, there are many who argue
that futures trading is destabilising in that it attracts speculative traders who induce
excess volatility in the market. For example, in the United States futures on individual
stocks were banned for 20 years largely because of the regulatory concern about the

possible destabilising effects of such contracts on the underlying stock prices.

It is therefore important, in examining the economic role and performance of USF, to
analyse the impact on the underlying market of the introduction of USF trading.
However, in contrast to earlier studies in the literature, the central theme of this chapter
is not whether futures trading has increased or decreased the volatility of prices in the
underlying stock market. Rather, the concern here is to investigate the extent to which
the introduction of USF contracts affected the degree of feedback trading in the stock
markets. The rationale for this empirical focus is provided by Antoniou et al. (2005) who
argue that “If derivative markets were to attract noise traders in general and positive
feedback traders in particular, then the potential for destabilization would be real and the

claim for further regulation warranted.” (Antoniou et al., 2005, p.221).

" The main elements of this chapter have appeared in Chau et al. (2005).
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Therefore, to clearly understand the impact of futures on the underlying market, it is
necessary not only to consider whether the underlying volatility has changed post-
futures, but also to give consideration to the effect of futures on wider market dynamics.
By investigating both the extent of feedback trading and the nature of volatility pre- and
post-futures, more reliable conclusions can be drawn about whether further regulation of
derivative markets (via measures such as higher margins, narrow price fluctuation limits

and restrictions on the issue of new contracts) is justified.

To this end, rather than simply looking at the volatility of the underlying market, this
chapter examines the impact of USF trading on the underlying stock market by
investigating the first and second moments of returns behaviour using Sentana and
Wadhwani’s (1992) heterogeneous trader model.?® This model explicitly recognises the
existence of both market participants who are rational expected utility maximisers and
also those who are feedback investors, and thus allows consideration of the
consequences of futures not only on underlying volatility, but also on the extent to which
futures inhibit or promote feedback trading in the stock market. Antoniou et al. (2005)
use this model to examine the effect of index futures trading on a range of indexes and

find that futures trading stabilises the market by reducing the impact of feedback traders.

While Antoniou et al. (2005) has moved the debate forward and provided an important
framework for the investigation of whether futures trading has any positive or adverse
effects on the underlying market, their empirical analysis is limited to the effects of

trading stock index futures in six countries, with only one “event date’ in each country.

2% Sentana and Wadhwani (1992) originally investigated stock returns for the US using this model. Since
then, it has also been used to examine the behaviour of stock returns in a range of other markets. See, for
example, Koutmos (1997), Koutmos and Saidi (2001) and Bohl and Reitz (2006).
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As McKenzie et al. (2001) point out, studies of stock index futures are useful in
assessing the market-wide impact, but any effect on the underlying market can be
dissipated across many constituent stocks in the index, making the true effect difficult to
detect. In addition, the stock index itself is not a tradeable asset, whereas stocks are.
Hence, the influence of futures on feedback trading and volatility might be more
noticeable at the level of individual stocks. Indeed, the concern that single stock futures
(SSFs) might have an adverse impact on the underlying has led to tighter restrictions on

such instruments than on the index futures.?’

SSFs were introduced on the LIFFE in January 2001 with the introduction of Universal
Stock Futures (USFs).* These contracts contain some special features that do not appear
in other futures markets. In particular, USFs are listed on stocks traded in a range of
different markets and LIFFE was the first exchange to launch the ‘cross-border’ SSFs.
Due to these unique characteristics, USFs represent an important additional instrument
for investors, which allows a better match for investment and risk management purposes
than do broad based index futures or domestic SSFs.*! The importance of USFs to
market participants is shown by the rapid growth in their trading volume and the number
of stocks on which USFs are written (see section 1.3). In spite of their popularity.
concerns about their impact on the underlying market still remain. It is, therefore,
important and informative to investigate the extent to which USF trading has changed

the characteristics of the first and second moment of returns in the stock market.

% For example, futures on individual stocks were banned in the U.S for 20 years under the Shad-Johnson
Accord largely because of the belief that SSF trading could destabilise the stock market.

*® As mentioned in the introduction to this thesis, the LIFFE was purchased by Euronext in January 2002,
and became part of Euronext.liffe. For convenience we use the term LIFFE throughout this thesis to refer
to either LIFFE or Euronext.liffe.

*! For example, USFs allow individual components of a portfolio to be hedged without having to change
the make-up of the portfolio and they also offer tax benefits (e.g. they are exempt from stamp duty for UK
stocks due to them being cash settled).
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By examining how trading in USFs affected the underlying market dynamics (i.e..
volatility and the level of feedback trading), this chapter extends the empirical literature
on the relationship between futures trading and stock market in the following ways.
First, unlike previous studies, we employ the heterogeneous trader model of Sentana and
Wadhwani (1992) as the theoretical framework, together with an asymmetric GARCH-
type model, in order to gain deeper insights into the impact of futures trading.
Consideration is given to both feedback trading and volatility, including the asymmetric
response of volatility to positive and negative news on a stock by stock basis. Antoniou
et al. (1998, 2005) argue that futures markets may improve the underlying market
dynamics, as reflected by a reduction in the asymmetric volatility response and the role
of feedback traders. The prior literature has generally restricted itself to testing changes
in stock price volatility and has not considered whether the influence of feedback trading
for example, has reduced from futures introduction. Such a restricted testing framework

is overly limited and may even lead to inappropriate policy conclusions.

Second, in spite of extensive research, futures on single stocks (such as USFs) have been
subject to very little attention in the academic literature to date. One notable exception is
McKenzie et al. (2001) which investigates the effects of the introduction of individual
share futures (ISFs) on stock market volatility in Australia. However, at the time of
McKenzie et al’s (2001) work there were only 10 stocks on which ISFs were traded and
all of these were shares listed on the domestic market. Also, the level of trading in ISFs

during the period analysed was low compared to USFs.*? Furthermore, McKenzie et al.

*2 During their period analysed the annual volume of ISFs contracts traded declined from 111.696 in 1995
to 8,646 in 1998. From 1995 to 1998 the volume of trade fell. For USFs the number of contracts traded
annually increased from 2.326 million in 2001 to 6.349 million in 2003 and in excess of 11.7 million in
2005.
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(2001) examine the impact on the systematic risk and volatility of the underlying shares,

rather than using an approach which recognizes the existence of non-rational traders.

Third, given the significance and unique characteristics of USFs, this market allows us
to overcome many of the methodological difficulties inherent in the previous studies.
and provides a key opportunity to investigate a range of issues not previously addressed.
For example, because USFs are stock-specific contracts, any futures-induced effects on
the volatility and/or market dynamics should be easier to identify. Furthermore, studies
that have examined the introduction of index futures have by definition only examined
one event date, within a given market setting.”® In the case of USFs, there have been
multiple introduction dates and contracts are listed on stocks traded in different markets.
Since each market has different characteristics, it will be possible to determine if these
characteristics influence the impact on the underlying.** Moreover, given the large
number of USFs listed on stocks trading in different sectors, it is also possible to
examine whether the impact of futures differs across industries. In addition, the cross-
border nature of USFs allows us to investigate the impact of foreign-listed futures on
their domestic underlying stock markets. While much work has been done on the effects
of foreign-listed stocks on their domestic stock markets, there has been little attention
given to the impact of foreign-listed derivatives on their domestic underlying markets.*®

Therefore, examining the impact of cross-border USFs would allow us to cater a new

3 With only one event date it is possible that other market-wide factors which occurred at about the same
time as the introduction of futures trading may affect the results (i.e. spurious effects may be documented).
** According to Harris (1989), stock option/futures listing do not have a uniform impact on the vqlatilit) of
the underlying stocks. He argues that the effect of option listing will depend on: i) the sophisticathn of the
market participants; ii) the existence of constraining regulations such as a prohibition of short selling; apd
iii) the liquidity of the markets. It is possible that for these reasons, authors, such as Damodaran and L.lm
(1991) and Bollen (1998) have suspected that options may have a differential impact in different trading
locations. Indeed, their empirical evidence supports this,

3% See, for example, Foerster and Karolyi (1998, 1999) and Grammig et al. (2005).
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dimension in the literature. Also, with USFs it is possible to consider how market
dynamics have changed over the sample period for a control sample of individual stocks.
in a way which is not feasible for index futures. By first modelling the LIFFE’s listing
decision for USFs and basing the choice of the control sample on this model. it is
possible to overcome potential endogeniety problems inherent in previous studies.
Overall, investigation of the introduction of USFs should provide additional and more

reliable insights about the extent to which futures trading affects the market dynamics of

underlying stock.

Finally, we conducted a number of empirical exercises that strengthen confidence in our
findings. Our results survive a number of robustness experiments, including controlling
for the possibility of asymmetries in the feedback trading mechanism where feedback
trading is allowed to be more pronounced during market declines, and extending the
individual stock approach to the portfolio approach. In addition, the results are also

robust to alternative measurement windows of the futures listing effect.

The findings of this chapter should be of interest to the investors and market regulators,
and could provide a useful reference for other derivatives markets which have
introduced and/or been considering to launch single stock futures (SSF) to their markets.
It may help the exchange executives make decisions on whether these new products
should be listed in their markets. More importantly, it can also provide market regulators
with important insights into the question of derivatives regulation. If futures markets
cause a change in the level of volatility in the stock market (as in the arguments that

futures attract mainly irrational speculators increase volatility in destabilising fashion)
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and this, in turn, is associated with greater uncertainty and unduly higher required rates
of return, then there may well be a case for increasing the regulation on these markets.
However, if futures contracts lead to new channels of information being provided. more
information due to more transaction and a significant reduction in uninformed investors,
then these contracts provide useful services to the economy and calls for their regulation

are unwarranted and could even be counter-productive.

The rest of the chapter is organised as follows. The next section briefly discusses the
literature on the impact of futures trading, sets out the main features of the feedback
trading model and identifies the hypotheses to be tested. Section 2.3 discusses the data to
be used in the empirical analysis and the methodology for selecting a control sample.
The empirical results are then presented in section 2.4. Results of several robustness

tests are also given in this section. Finally, section 2.5 concludes the chapter.

2.2 The Futures Trading Effect on Underlying Market and Feedback Trading

This section briefly reviews the literature on the effects of futures trading, outlines the
main features of the feedback trading model and identifies the hypotheses to be tested.
Due to the newness of single-stock futures, there are very few theoretical and empirical
studies that directly examine the effect of such products on the underlying stock.
Therefore, the research undertaken on the impact of other derivatives, such as options
and index futures, can be considered as a relevant method for us to understand the key

.. . . . . . 36
issues in the literature and their implications on the examination of USF trading.

*® The literature on whether derivatives (futures and options) trading stabilises and destabilises the spot
market is voluminous and the review in this section is not exhaustive. Rather it seeks to identify the most
important issues in this area. For a more comprehensive review of the literature, see Damodaran and
Subrahmanyam (1992), Sutcliffe (1997), and Mayhew (2000).
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2.2.1 A Brief Review of Related Issues

From a theoretical standpoint, the question of whether the introduction of derivatiyes
(futures or options) trading has positive or adverse effects on the underlying market is a
topic related to the more fundamental question of what kinds of additional market
participants and traders are attracted into the underlying market by the existence of these
derivatives contracts. The main argument levelled against derivatives trading is that their
existence primarily attracts destabilising speculators, which may in turn lead to higher
stock market volatility (a perception of higher risk), thus, potentially raising the cost of

capital and impacting on the wider economy (see, e.g., Stein 1987; Edwards 1988a,b).’’

Another view posits that the introduction of derivatives market will attract additional
group of rational traders into the market, who expand the routes over which information
can reach the stock market, and thus reduce the impact of noise trading in the price
formation process. This view is based on the belief that financial leverage provided by
derivatives can lower the transaction costs, thereby attracting otherwise unprofitable
informed traders (see, e.g., Cox, 1976). If this were the case, volatility necessarily
increases in an efficient market (see Ross, 1989; Antoniou and Holmes, 1995).*® Hence.
in the light of the above discussion, it has been argued that derivatives contracts can be
either stabilising or destabilising depending on which type of investors (speculators)

were brought to the underlying stock markets through the onset of derivatives trading.

*7 In fact, there seems to be no objection in the literature to the view that derivatives markets permit, and
indeed encourage speculation. For example, as Goss and Yamey (1978) point out, futures markets make a
distinctive contribution to speculation because (i) they are highly standardised contracts that have low
margin requirements, (ii) relatively low transaction costs and do not subjected to short sales restrictions,
and (iii) enable investors to take a certain position on a stock with little or no cost of carry. The
contentious issues relate to the effect of this speculation (see Bekaert et al., 1995).

® As Ross (1989) point out, according to the Efficient Markets Hypothesis (EMH). asset prices in a
market depend upon the information which is currently available in that market. When new information
becomes available in an efficient market. prices will adjust rapidly to reflect that new information. Thus
price movements, and hence price volatility, are related to information arrival in an efficient market.
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Since both arguments have a strong theoretical merit, the issue of whether the existence

of derivatives markets is destabilizing or not is ultimatel y an empirical question.

Due to lack of trading in single stock futures contracts, the evidence on the effects of
equity derivatives trading comes mainly from tests using options and stock index futures.
So far, the results of previous empirical studies have reached no conclusive evidence.
With respect to stock index futures, the empirical literature in this field is very extensive
and to discuss this work in detail would be cumbersome. As such we provide a tabulated
summary of selected studies in Table 2.1 (many of these are reviewed by Sutcliffe,
1997; Ch.14).39 The papers summarised in this table use one (or a combination) of three
basic approaches to test whether index futures trading influence cash price: (i) Before-
and-after tests, (ii) Cross-section analysis, and (iii) Time-series Studies. This table
reveals that empirical results are largely ambiguous. The majority of the studies listed
reported that introduction of stock index futures has had no significant effect on the
underlying index volatility. Others, including Gulen and Mayhew (2000) find evidence
that volatility decreased with introduction of index futures in many emerging countries.
On the other hand, Harris (1989) report a volatility increase in highly developed markets
such as the United States. The inconclusiveness of empirical results becomes even more
obvious by looking at the studies that examine the same index futures reach different
conclusions. For example, in relation to the work on FTSE100 futures, Robinson (1994)
find a decreased volatility following the existence of index futures whilst Antoniou and
Holmes (1995) observe an increase, but Board and Sutcliffe (1993) report that

introduction of FTSE100 futures has had no significant effect on stock market volatility.

*® This table is in no way exhaustive but highlights the main techniques used in empirical studies and
assesses the weight of evidence for both sides of the debate.
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As for stock options, most studies examine options on individual stocks and generally
report a significant decrease in volatility following options listings. Examples of studies
examining the U.S. options markets include Skinner (1989), Conrad (1989). Detemple
and Jorion (1990), Wei et al. (1997), St. Pierre (1998), and Mayhew and Mihov (2004).
to name but a few. Among the authors who have addressed the issue in other equity
options markets are Watt et al. (1992), Chaudhury and Elfakhani (1997), Alkeback and
Hagelin (1998), and Hagelin (2000). However, there is a difficulty in drawing inferences
from these studies. As Bollen (1998), Sorescu (2000), and Mayhew and Mihov (2004)

show, the directions of the options listing effects vary depending on the periods studied.

While the opposite findings in different sub-periods can be explained by the ‘market-
completing’ argument where early-listed options play a bigger role in completing the
markets than recently-listed options do, it is also possible that the effects are spurious.*
The effects will be spurious if the decision to list options depends on the exchange’
observation or expectation of the underlying stocks’ volatility. As Bollen (1998, p.1183)
point out “Exchange officials have indicated that unusually high or rising variance is a
criterion for selecting the stocks on which to list options." Therefore, if variances follow
a mean-reverting process, then this practice will create a selection bias, as the variance
should decline sometime after option introduction even the listing itself has no effect.
More recently, Mayhew and Mihov (2004) even argue that exchanges may be *forward-
looking’ and list options in anticipation of increasing volatility. In this case. one might
incorrectly attribute the observed increase in volatility to option trading when in fact

none exists.

*° Detemple and Jorion (1990) argue that one would observe a difference between early and late option
listings, since earliest option listings had more of a ‘market-completing’ role than the later listings.
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In an attempt to address this endogeneity issue, some researchers have excluded the
period immediately prior to the option listing from their pre-event window and used
earlier data for their pre-listing sample (see, e.g., Skinner, 1989). However, as discussed
extensively in Mayhew and Mihov (2004), this procedure will only correct for the
selection bias in a special case where the options are listed in response to recent but
transitory shocks in the market. However, in many other cases, this procedure might
introduce selection bias rather than correcting for it.*' Mayhew and Mihov (2004) argue
that the much existing research has not adequately accounted for this endogeneity /
selection bias, which results from the endogenous listing decisions made by exchanges
and regulators. In any cases, if the LIFFE use the same criterion for single-stock futures
contracts listing decision, then the same selection bias will also occur in our empirical
study on the introduction of USF contracts. To this end, we model the futures listing
selection process and then using the expected probability of being listed (i.e. propensity

score) from the logistic regressions to form our ‘one-to-one’ control stocks.

Overall, while there is a vast literature examining the impact of equity derivatives
trading on the underlying stock market, most of the evidence comes from studies of
either stock index futures or single stock options. The results of previous studies are
mixed; with some suggesting volatility has increased after the introduction of futures (or
options) trading while others have suggested volatility has decreased. Besides the
differences in the testing methodologies and samples period, it has been suggested that
the mixed evidence are possibly due to the selection bias resulting from the fact that

listing decision is endogenous. Nevertheless, the results of these studies need to be

“' Mayhew and Mihov (2004) present four possible scenarios for this endogeneity problem.
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interpreted with caution since the perception inherent in these earlier studies is that; an

increased volatility is undesirable (or ‘bad’) and any reduction in volatility is desirable.

At a theoretical level, however, it has been recognised in recent vears that such a
restricted view of the potential impact of derivatives on volatility is misguided because it
fails to recognise the connecting link between information and price volatility.
Following the work of Ross (1989) it has been acknowledged that increased volatility
may be the result of greater information flows to the market rather than necessarily
being the result of destabilising speculation. Antoniou and Holmes (1995) and Chatrath
and Song (1998), among others, found that the introduction of futures trading increased
the volatility in spot prices. These authors concluded that the increase in volatility post-
futures was due to an increased information flow rather than destabilising speculation.
While the increased information flow would increase price volatility (Ross, 1989), the
introduction of futures market improves market efficiency by moving prices towards the
fundamentals. Hence, in order to fully appreciate and assess the impact of USF markets

on underlying market, perhaps it would be useful to put the above into perspective.

More recently, research in this area has taken account of the possible existence of noise
and other non-rational traders in the market and of how these might impact on the
volatility of the underlying following the introduction of futures trading. For example,
the asymmetric response of volatility to news has been examined using an asymmetric
GARCH framework (see, for example, Antoniou et al., 1998; McKenzie et al., 2001;
Kavussanos et al., 2004). According to Antoniou et al. (1998), whether changes in the
underlying volatility post-futures is a desirable or undesirable phenomenon depends on

the nature of these changes as well as the impact in the market dynamics. This is turn
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requires an understanding of the causes of volatility and particularly of the phenomena
of volatility clustering and asymmetric response of volatility to news commonly
observed in previous research. In particular, if the actions of feedback and noise traders
are the casual factors in the stock market, then it is possible that the introduction of

futures will affect not only the level of volatility but also its nature and characteristics.*

Along the same line of reasoning, Antoniou et al. (2005) further argue that it is not
sufficient to examine the impact of futures trading on volatility, rather it is necessary to
also investigate how serial correlation of returns changes post-futures. Specifically they
argue that “As long as futures trading encourages rational speculators, the introduction
of derivative markets should move asset prices towards fundamentals and thus stabilize
asset prices.” (Antoniou et al., 2005, p.220). Therefore, rather than simply looking at the
volatility of the underlying market, Antoniou et al. (2005) investigate the first and
second moments of returns behaviour using Sentana and Wadhwani's (1992)
heterogeneous trader model in which there are both rational traders and feedback traders.
By examining the extent to which the introduction of futures promotes/inhibits feedback
trading, it is possible to determine whether changes in market dynamics are due to
improved information flows or whether they are the result of destabilising speculation
and, hence, whether further regulation is warranted. Overall, their analysis on six major
index futures support the view that futures help to stabilise the underlying markets by

reducing the impact of feedback traders in the price formation process. Based on these

42 It has been well documented in the literature that stock price volatility responds asymmetrically to pad
and good news. Traditional explanations of this phenomenon relate either to the leverage effec;t or thg time
varying market risk premium effect (see Black, 1976b; and Christie, 1982). However, empirical .evldence
seems to suggest that these explanations of asymmetric nature of volatility are not very satisfactory.
Market dynamics in terms of overreaction and trend-chasing by noise traders (whose responses to bad
news lead to a greater volatility than do responses to good news) has recently put forwarded as an
alternative explanation of asymmetric response of stock prices to news (see, €.g., Antoniou et al., 1999).
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findings, the authors argue that any proposal for further regulation directed at stock
index futures trading seem unwarranted, and that futures markets can only be blamed if

they attract or facilitate, otherwise non-existent, uninformed feedback trading.43

To briefly summaries the review thus far, the above discussion suggests that. based on
theoretical considerations alone it is not possible to reach unambiguous conclusions
about the stabilizing/destabilising impact of futures on underlying market, since changed
volatility can be the result of either destabilising speculation or improved information
flows brought by the additional informed traders. From this perspective, if reliable
conclusions and associated policy implications are to be drawn from empirical analysis.
it is necessary to adopt an approach which distinguishes between the different causes of
changes in volatility levels. In particular, to clearly understand the impact of futures on
the underlying market, it is necessary not only to consider whether the underlying
volatility has changed post-futures, but also to give consideration to the effect of futures

on wider market dynamics, particularly of the phenomenon of feedback trading.

To this end, this chapter examines, for the first time, the impact of USF trading on the
underlying stock market by investigating both the extent of feedback trading and the
nature of volatility pre- and post-futures. Following the work of Antoniou et al. (2005),
consideration is given to both the first and second moments of stock returns behaviour
using Sentana and Wadhwani’s (1992) heterogeneous trader model as the theoretical
framework, together with an asymmetric GARCH specification. The main features of

this model are considered next.

3 In another empirical analysis of the S&P500 index futures contract, Kodres (1994) has examined the
frequency of a particular type of speculation (i.e. positive feedback trading) and its relatiopshlp W.'lth price
changes. The evidence suggests that there is a significant level of positive feedback trading which has a
positive relationship between the price volatility.
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2.2.2 The Heterogeneous Trader Model

Sentana and Wadhwani (1992) model the behaviour of two groups of investors: rational
‘smart money’ investors who respond rationally to expected returns subject to their
wealth limitation; and feedback traders who do not base their investment decisions on

fundamental value, but rather react to previous price changes.

The demand for stocks by rational/smart money traders (S;) is determined by a mean-
variance model:

S, =(E_R —05)/,uc7,2 (2.1)
where E,; denotes the expectation operator, o is the return on a risk free asset and pczl
is the risk premium, modelled as a positive function of the conditional variance (c7) of

the stock price where p is the coefficient of risk aversion.

The demand for stocks by feedback traders (F) is modelled as:
F,=yR (2.2)

where R, denotes the return in the previous period. The value of y allows discrimination
between two types of feedback traders: y > 0 refers to the case of positive feedback
traders, who buy stocks after a price rise and sell after a price fall; y < 0 indicates
negative feedback traders, who sell after a price rise and buy after a price fall. Positive
feedback trading can result from extrapolating expectations about stock prices or trend
chasing. Note that feedback traders of either type have the effect of moving prices away
from their fundamental value. If futures trading promotes feedback trading in the cash
market. then a case may be made for further regulation since the market's ability to

allocate resources efficiently will be undermined.
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Equilibrium in the stock market requires that all stocks are held:

S, +F =1 (2.3)
If all investors are smart money/rational investors (i.e. F; = 0), then market equilibrium
(S:= 1) yields Merton's (1973) dynamic capital asset pricing model:

E R ~a=u(o}) Q2.4

Allowing the existence of both types of traders in the market, substituting (2.1) and (2.2)
in (2.3) and assuming rational expectations yields:

R =a+u(c?)—yu(cHR _, +¢, (2.5)
As can be seen from equation (2.5) in a market with rational investors as well as
feedback traders the return equation contains the additional term R, ;, so that stock
returns exhibit autocorrelation. The pattern of autocorrelation depends on the type of
feedback traders captured by y. Positive (negative) feedback trading, vy > 0 (y < 0),

implies negatively (positively) autocorrelated returns. Furthermore, the extent to which
returns exhibit autocorrelation varies with volatility, u(o?) . Modifications of equation

(2.5) are required to account for autocorrelation due to market frictions/inefficiency.

Therefore, the empirical version of the model is given by:

R, =a+uc:+(p, +9,0 )R, +¢, ; g, ~GED(0,0}) (2.6)
where Rj is the return of the underlying stock i on day t. 6% is the conditional variance of
returns at time t, and g, is the residual that is assumed to follow a Generalized Error

Distribution (GED) with mean zero and time-varying variance ¢ The coefficient o R

used to capture the autocorrelation induced by potential market frictions or thin-
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. 44 .
trading.™ The coefficient ¢; = -Yu and the presence of positive (negative) feedback

trading implies that @, is negative (positive) and statistically significant.

It is clear from equation (2.6) that the variance of returns varies over time. Thus, to
complete the model it is necessary to specify the conditional variance. It is now well
established in the literature that stock returns are characterized by conditional
heteroskedasticity. The model is, therefore, completed using a GARCH specification for
conditional volatility. In order to determine which GARCH specification to use in the
analysis, extensive tests were conducted to see which form of the conditional volatility
equation best models the return data.* The symmetric model was compared with the
two most popular asymmetric models, namely the Glosten et al. (1993), GJR-GARCH.
model and the exponential GARCH (EGARCH) model of Nelson (1991). On the basis
of the log-likelihood, Akaike Information Criterion (AIC) and Schwarz Bayesian
Criterion (SBC), the asymmetric models tend to fit the data better than the symmetric

GARCH model, with GIR-GARCH performing better than EGARCH.*

Therefore, following the above results, the main analysis based on the GJR-GARCH

(1,1) model which specifies the conditional variance of returns as the following process:

** Although the stocks on which USF are traded tend to be the most frequently traded and largest stocks in
their domestic markets, they may not be completely free of thin-trading bias because they might not trade
every day.

** The search and application of an appropriate GARCH model specification is important to ensure that the
‘non-convergence’ problem is reduced to minimal because most univariate GARCH models should
encounter few convergence problems if a model is well specified and fit data reasonably well (see
Alexander, 2001).

* The results of these specification tests are presented in Appendix 2A, and the best-performing model for
each USF stock are further summarised in Appendix 2B. In all models, only the (1,1) specification are
considered, based on the observation that in many empirical instances the p=q=1 specification performs
well (see, e.g., Bollerslev et al., 1992). The superiority of GJR-GARCH model is consistent with the
previous findings of Engle and Ng (1993) for Japanese market and that of Kim and Kon (1994) for US
market indices and individual stocks.
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2 _ 2 2 2
O-l - ao + algt—l + 1601—1 + 5Xt—181—1 (27)

where 6% is the conditional volatility at time t, ., is the innovation at time t-1 and X g

is a dummy variable which assumes a value of one in response to bad news (g,.,<0) and

zero in response to good news (&.1>0). If the coefficient & is positive and statistically
significant, then it would indicate that a negative shock has a greater impact on future

volatility than a positive shock of the same size. a; is typically referred to as the news
coefficient, since it captures the impact of the most recent innovation and B is a measure

of persistence. o, represents the unconditional volatility.

2.2.3 Hypotheses Development and Testing Method

In the light of the above discussion and the characteristics of USFs outlined in the
introduction, this chapter seeks to examine a number of issues relating to the impact of
trading in USFs on the underlying market using Sentana and Wadhwani’s (1992)
heterogeneous trader model approach. We estimate the model as described in equations
(2.6) and (2.7) for both a pre-futures period and a post-futures period. Comparisons can
then be made of the estimated coefficients to draw conclusions about whether
differences exist between pre- and post-futures periods in terms of the degree of
feedback trading and the level and nature of volatility in the underlying market.
Specifically, with respect to equations (2.6) and (2.7) we test the null hypotheses that
there is no difference between the pre- and post-futures period in relation to the
coefficient relating to feedback trading ¢, that relating to the constant component of
autocorrelation, o, and the coefficients which describe the conditional volatility of

returns, oo. ;. B and 8. The alternative hypotheses are that there are differences in these

coefficients between the two time periods.
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If the view that the introduction of futures will lead to an improved information flow. an
associated improvement of informational efficiency and a reduction in the impact of
feedback and other noise traders is correct, then we expect to reject the null hypotheses
(see, for example, the arguments put forward by Cox, 1976; Ross, 1989). In particular,
we expect a reduction in feedback trading, in the constant component of autocorrelation.
in the asymmetric response of volatility to news post futures and in the persistence
coefficient and an increase in the news coefficient. On the other hand, if futures trading
is destabilising and promotes feedback trading we might expect the opposite. In
addition, we will also examine whether there are differences in findings for USFs
written on stocks listed in different countries (to examine cross-border and market

regulation effects) and in different industries.

It needs, of course to be recognised that, it is possible that factors other than the
introduction of futures may affect the variables considered in each of our hypothesis
tests. For example, market-wide changes that altered the dynamics of the market may
have occurred around the time of the USF introduction dates. Tests may erroneously
attribute such a change, if it occurred, to the introduction of USFs. Therefore, to ensure
the reliability of any conclusions and policy implications drawn from empirical analysis,
it is necessary to implement a control procedure to account for these possible sources of
bias. Thus, to test the robustness of results about the effect of futures on the underlying
market, equations (2.6) and (2.7) are also estimated for a sample of control stocks on
which USFs are not written. However, as McKenzie et al. (2001) point out, one problem
associated with a control group is that the distinguishing feature between the SSF stocks
and the control stocks, namely that the former sample contains stocks with individual

futures written on them, may be endogenous. In other words. USF stocks may have
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futures written on them because of their characteristics in the pre-listing period. in line
with Mayhew and Mihov’s (2004) argument for option listing decision. Thus, even
using a control sample may fail to provide a true test of robustness unless this
endogeneity problem is addressed. Therefore, in a similar fashion to Mayhew and Mihov
(2004), our control stock is selected using a ‘propensity-score matching’ approach to
take account of the endogeneity issue. In particular, we choose the control sample by
identifying the ‘nearest-neighbour’ stocks that were eligible. but not selected for futures

listing. The procedure for the selection of control stocks is outlined in the next section.

By comparing apparent listing effects between the USF stocks and the control stocks, it
is possible to distinguish between the changes that may have been caused by futures
listing and those caused by other factors, such as the endogenous nature of the USF
listing decision and/or changes in market-wide trends. Specifically, if the USF sample
behaves differently to the control stocks, then conclusions drawn with respect to the

impact of futures introduction are strengthened.

2.3 Data and the Choice of Control Stocks

As mentioned in the introduction to this thesis, LIFFE began trading 25 USFs on
January 29, 2001. Each USF contract represents 100 shares of the underlying stocks,
except contracts written on UK and Italian based stocks which represent 1000 stocks.
The level of volume and open interest has increased rapidly from the early months of
trading as illustrated by Figure 1.1 which shows the monthly total volume and open

interest on all USFs traded on LIFFE from its launch date to December 2005.4

*” The LIFFE website provides comprehensive information of all the USF stocks and the dates of their
listing (see http:// www.databyeuronext.com).
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2.3.1 The USF Sample

The first step in the sample selection process was to identify all stocks with USFs listed
between January 2001 and December 2001. The sample is restricted to such stocks for
two reasons. First, being the earliest listed USFs it is believed that these might have a
more prominent impact (if any) on the underlying market than USFs listed later.*
Second, GARCH estimates are less reliable in small samples and by restricting the
sample to USFs listed in 2001 a sufficiently long post-futures period is available.*’ In
order to focus our analysis on the effect of USF trading, the only stocks included are
those with futures first introduced on LIFFE and not listed in any other futures exchange
within the sample period. Including stocks which have futures traded in their domestic
markets would make it difficult to identify the effect of USF listing.>® Furthermore, any
stocks with futures delisted in the sample period were also omitted from the analysis
since there may be other fundamental factors affecting their returns or their USFs may
be characterised by very thin trading. Finally, to be selected, a stock must also have

daily price data for the whole sample period.”’

In total, there are 80 USF stocks survive these criteria. Table 2.2 provides a list of the
sample of USF stocks used in this chapter, with information on their market
capitalisation, industry sector and home country. Daily closing stock prices are obtained

from Datastream for a period of three years prior, to three years after the USF listing of

8 Also, while more USFs have been listed subsequently, the major wave of listings took place in 2001.

*? Various authors have acknowledged difficulty of obtaining reliable GARCH estimates in smal! sarr.lple‘
For example, Hwang and Valls (2006) suggest at least 500 daily data for proper GARCH (1,1) estimation.
%% For example, since LIFFE introduced USFs, the Finland Helsinki Stock Exchange (HEX). has sFarted
trading SSF on one of the USF stocks, Nokia. In order to avoid interpretation problems, this particular
stock was excluded from the empirical analysis. o

*! This restriction is imposed to mitigate the thin-trading problem. Thin-trading problem may be minimal
in the earlier period of futures listing, as exchanges tend to list mostly large and well-known stocks first.
However, this problem may be important in more recent periods as there is evidence that exchanges are
moving towards listing small stocks and low trading volume stocks (see Mayhew and Mihov, 2004).
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each stock, yielding in excess of 750 observations per stock for each of the sub-periods.

Returns are calculated as in equation (2.8):
R ,=100*(InP, ~InP, ) (2.8)

where R;; and P;; are the return and the closing price of stock i on day t.

2.3.2 Selection of Control Stocks

The next stage involves selecting the control stocks. To this end, analysis is undertaken
of the futures listing choices by LIFFE, to allow determination of control stocks that
explicitly account for any endogeneity issues in the futures listing decision. The basic
approach of our analysis is as follows. First, the relative importance of various firm-
specific trading characteristics influencing the exchange’s listing choice is examined
using a logit model similar to that of Mayhew and Mihov (2004) and Ang and Cheng

(2005) who successfully modelled the selection for derivatives listing in the U.S.

Specifically, the following versions of the logistic regression (equations 2.9 to 2.12) are

used to study the futures listing choices by LIFFE:

1og(f;) = a, +a,VOL+a,STD+a,SIZE +& (2.9)

1og(1—’L) = ¢, +a,VOL +a,STD + . SVOL+t,SSTD+ 0, SIZE + £ (2.10)
-p

log(li) = a, +aVOL +a,STD+ a,SIZE +a,MKT +a;IND+¢ 2.11)
-p

log(—l—p—) = a, +a,VOL +a,STD+a,SVOL +,SSTD+ o SIZE + a, MKT +a, [ND+¢ - (2.12)
4
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The dependent variable is the log-odds ratio of being selected for USF listing. P is the
probability of being selected. If a stock is picked up for futures listing by LIFFE, the
listing dummy is 1, otherwise it is 0. VOL is the daily average trading volume over the
250 trading days prior to the listing month. STD is the standard deviation of daily stock
return over the same period. SIZE is the market capitalisation of the firm at the month
end prior to the listing month. The variables SVOL and SSTD are ratios of 30-day to
250-day average daily trading volume and standard deviation, which are used as proxies
for the short-term volume and volatility relative to the volume and volatility within the
year prior to the listing months. MKT and IND are market and industry indicators used
to test whether trading location and the industry group affect the probability of a stock
being selected for futures listing. Equations (2.9) - (2.12) are estimated for a pooled
dataset containing daily observations for all stocks that were classified as eligible for

futures listing, but had not yet had futures listed.*

Next, following the estimation of the logistic regressions, the predicted probability of
being listed for each eligible stock at each listing date is generated (i.e. the propensity-
score). Finally, control stocks are selected by choosing those that trade in the same
market and industry as their USF counterpart and which match the USF sample as

closely as possible in terms of the propensity-score, as estimated by the logit model (i.e.

*2 Contrary to the U.S. derivatives markets, it is very difficult to know exactly how to define eligibili‘t,\' for
the USF listing as there seems to be no explicit quantitative listing requirements, and the listing eligibility
was restricted only by qualitative statements such as ‘widely held’ and ‘actively traded’. In a telephone
conversation and emails with the product manager for USF, Max Butti, it is confirmed that there is no hard
set of rules that the exchange officials adopt to list USF. They tend to concentrate on coverage ofthe.mam
components of the main local stock indices. Therefore, we initially treat all the stocks that are tradgd in the
local benchmark indices at the time of each listing months as eligible stocks for that particular !istmg date.
And from the USF listing/delisting information obtained from the LIFFE website, we deterrplpe the first
trading date of each USF and exclude those stocks already have USF listed from our ehglble. stocks
universe at the time of new listing date. This is to ensure that all our sample stocks are those classified as
eligible for futures listing but not yet have futures listed.
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the ‘nearest-neighbour’). To be selected, control stocks must not have any futures listed
at any time within the subsequent three year period.>® In addition, stocks that have been

already included in the control sample are excluded from subsequent consideration.

Table 2.3 reports the results of logistic regressions for Equations (2.9) - (2.12) in
examining the relative importance of various factors influencing the exchange’s decision
of which futures to list.>* As expected, the results presented in Table 2.3 shows that the
market capitalization (SIZE), 250-day volume (VOL) and volatility (STD) are all
significant predictors for USF listing in all cases. Looking at the sign of the coefficients
on VOL, we find that the higher is the long-term volume, the greater is the probability of
being listed. Similarly, the larger firms have a higher chance to be listed after the
volatility and volume are controlled.”> However, we find evidence of a tendency for
exchange to list futures in periods when stocks in general have experienced declining

volatility. The 250-day volatility (STD) is significantly negative in all of the estimations.

The ratios of 30-day to 250-day volume (SVOL) do not have significant impact. With
respect to the short-term volatility in the thirty days prior to future listing (SSTD), we

find that the coefficients are positive and significant in both models 2.10 and 2.12. This

53 The reason for this exclusion is to ensure that the control sample is composed entirely of non-USF
stocks over the entire period over which the impact of futures listing is measured. o

** We estimate the logit models only for the sample of stocks that have USF listed in 2001. The listing
dates in year 2001 (i.e. 29 Jan 2001, 19 Mar 2001, 02 Apr 2001, 14 May 2001 and 31 Oct 2001) seem to
be natural choice for our futures selection analysis because (i) these dates represent the largest waves of
USF listing, and (ii) our main analysis of listing effect is based on those stocks that have futures contracts
listed in 2001. ' o ‘

%5 These suggest that trading volume and size are important variables to consider in determmnpg \\hlch
stocks may be allowed to trade in the futures markets. Because of the possibility of market manipulation,
it is likely that LIFFE list futures only on stocks with large market capitalization and stocks that are
actively traded. This is consistent with the findings of Mayhew and Mihov (2004) and Ang and Cheng
(2005) for the selection for derivatives listing in the U.S.
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seems to suggest that the exchange selected futures on stocks going through periods of
unusually high short-term volatility during this period. In the context of option listing, it
has been suggested that option exchanges are more likely to list options on stocks
undergoing periods of unusually high volatility, and this might explain why volatility of
underlying stock appears to decline after options are listed (see. e.g.. Skinner. 1989). If
exchanges use the same criterion for futures and options listing, then our results here are
in support of this claim. Finally, examining the coefficients on MKT and IND, we also
see significant, positive coefficients, suggesting that the likelihood of futures listing is

also a function of where the underlying stocks trade and in which industry group.

Overall, the results in Table 2.3 suggest that the logistic regression models capture the
USFs selection process well, with 82%-86% of stocks being correctly classified. Since
the base model (equation (2.9)) performs best, control stocks are selected using the

propensity-score estimated with this model.*®

2.3.3 Summary Statistics
Table 2.4 provides summary statistics for portfolios of USF stocks and the control
stocks, based on country (panel A) and industry (panel B). The estimates for stocks

based in the UK, US, France Germany and other countries are reported.”” The table

shows the mean (p), standard deviation (o), measures of skewness (S) and excess

*¢ Compared to the conventional ‘characteristics matching’ method, it is believed that choosing the control
stocks by this ‘propensity-score matching’ approach is more likely to correct for the pos§ible bias due to
both the endogeneity of futures listing and changes in market-wide trends when examining t.h.e effect of
futures listing on the underlying market. See, for example, Mayhew and Mihov (2004). In addition, Cheng
(2003) also presents a detailed comparison of these two types of matching approaches.

7 To avoid reporting statistics and results for portfolios containing only a small number of stocks, a
composite portfolio (referred to as ‘Others’) is created for USF stocks traded in Italy, the Netberlands,
Spain, Sweden and Switzerland. As well as having the smallest number of USFs writtgn on their stocks,
these markets represent the smallest markets in the sample in terms of market capitalization.
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Kurtosis (K), the Jarque-Bera test of normality (JB), the ARCH test and the Ljung-Box
statistic (LB) for 5 lags. There is clear evidence of significant departures from normality
(see JB) across all portfolios (USF and control) and clear evidence of ARCH effects.
The LB statistics show evidence of temporal dependencies in the first moment of the
distribution of returns in more than half of all portfolios, while for squared returns. LB
statistic is significant in all cases. However, to examine the extent of interrelationships

between autocorrelation and volatility, further investigation is required.

2.4 Empirical Results

To address the main research question of this chapter relating to the impact of trading in
USFs on the underlying market dynamics, equations (2.6) and (2.7) are estimated for 80
USF stocks in the sample for pre- and post-futures periods separately.”® The same 160
estimations are undertaken for the control stocks. Given the voluminous results, the
results of these estimations are summarized in a number of tables, rather than presenting

the results of all 320 estimations separately.”

Tables 2.5, 2.6 and 2.7 summarise the results of the maximum likelihood estimates of
the empirical version of the feedback model, allowing for asymmetric responses of
volatility to news (i.e. equations (2.6) and (2.7)) for both USF and control stocks.
Summary results relating to the six key coefficients (@o, @1, ®o, i, B and d) are

reported. The mean values of each of the coefficients in the pre- and post-futures

*® The method of estimation used in this chapter is based on the Berndt et al. (1974) algorithm.

* Detailed results of the individual estimations are presented in Appendices 2C — 2J. The results for 80
USF stocks (sorted by country) for pre- and post-futures periods are reported in Appendices 2C and 2D.
respectively. Appendices 2E and 2F presented the same 160 estimations results for 80 USF stocks (sorted
by industry). Estimation results for 80 control stocks are reported in Appendices 2G — 2J. They are
organised in the same way as Appendices 2C — 2F.
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periods are reported in Table 2.5. Panel A relates to USF stocks and panel B to control
stocks. Within each panel results are reported firstly for the whole sample (sub-panels
Al and B1) and then for stocks sorted by country (A2 and B2) and by industry (A3 and
B3).%” To allow a distinction to be drawn between negative and positive feedback
trading, results are reported separately for positive values of ¢; (negative feedback
trading) and negative values of @, (positive feedback trading). For the whole sample the
table also reports the results of the non-parametric Kruskal-Wallis test examining

whether the coefficients in the post-futures period are significantly different from the

pre-futures period.®’

As Table 2.5 shows, with the exception of ¢; (positive), the post-futures mean is
significantly different from the pre-futures mean value in all cases for USF stocks,
providing prima facie evidence that USF trading may have impacted on market
dynamics. If futures trading has led to improvements in information flows and a
reduction in feedback trading, then we would expect that in the post-futures period there
would be an increase in o, a reduction in B and 8 and a decrease (increase) in the value
of @; when it is positive (negative). While the mean values of ¢, are consistent with
this, the results in Table 2.5 suggest that a; has fallen and p and 6 have risen. The latter
are consistent with there being destabilising speculation. However, it should be noted
that a similar pattern of results is evident for control stocks; although the magnitude of

changes is lower than for USF stocks and the mean value of & is not significantly

*® The stocks are assigned to one of five industry groups, namely services, consumer ggpds, technology,
financial and general and resources based on the Datastream industry classification definitions.

*' Tests for differences between pre- and post-futures values of the coefficients were alsg unde.rta.ken
based on the t-statistic and Mood’s median test. The results (not reported here) are qualitatlvelyAsnmllar,
Tests are not done for country and industry-based sub-samples due to the relatively small sample sizes.
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different between the two sample periods for control stocks. Nonetheless. initial

findings suggest further investigations are warranted.

Table 2.6 shows the percentage of stocks for which each coefficient was statistically
significantly different from zero for the pre-futures and post-futures periods. The
structure of this table (and of Table 2.7) follows that of Table 2.5. Table 2.7 shows the
percentage of USF stocks for which the relevant coefficient post-futures was either
significantly increased or significantly decreased compared to the pre-futures value,
based on the Wald statistic at the 10% level.°® In Tables 2.6 and 2.7 results are again

reported separately for positive and negative values of ¢,.

Overall, as shown in Table 2.6, there is clear evidence of GARCH effects with o (the
impact of news on volatility) being significant in more than a third of cases pre-futures
and [ (the persistence of innovations) being significant in all cases pre- and post-futures
for both USF and control stocks. In addition, the GJIR-GARCH model appears generally
appropriate given that in both time sub-samples and for both USF and control stocks the
asymmetry coefficient (8) is significant in considerably more than half of the

estimations.

2.4.1 Feedback Trading
A striking feature of the results is the overall low level of feedback trading (¢1) either

pre- or post-futures. In the pre-futures period, as shown in Table 2.6, panel Al. only

%2 The Z statistic has also been calculated to test whether a significant difference exists in the percent.age
of significantly changed coefficients between the USF sample and the control sample for each sub-period.
These results are referred to in the text, where appropriate, but not reported here.
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13.75% of USF stocks exhibit feedback trading (2.5% is negative feedback trading and
11.25% positive feedback trading). This falls to 5% for the post-futures period (of which
3.75% is negative feedback trading). This is in contrast to the evidence presented in
Antoniou et al. (2005) where five out of six markets exhibit statistically significant
feedback trading pre-futures. However, Antoniou et al. (2005) also find that in the post-
futures period only one market has statistically significant feedback trading. The fall in
the number of stocks for which ¢ is statistically significant post-futures suggests that, to
the extent that futures trading has an impact, USFs have had a positive effect by
reducing the level of feedback trading. This is confirmed by the results presented in
Table 2.7, panel A1l. When ¢, is positive (negative) a significant decrease (increase)
represents a reduction in the impact of feedback trading and hence, a move towards
fundamental value. Table 2.7, panel Al, shows that in 12.5% of cases there is a
significant reduction in feedback trading, while it increases in only 1.25% of cases.
While a similar pattern is evident for the control stocks (Table 2.7, panel Bl), the
changes post-futures are less clear, with 7.5% of stocks exhibiting a significant increase
in feedback trading (for 3.75% there is a significant increase in positive values of @, and
for 3.75% there is a significant decrease in negative values of @) and 12.5% a decrease.

Thus the changes for the USF stocks appear more marked, suggesting the change post-

futures, while limited, is at least in part due to the onset of futures trading.

The results in relation to @ in panel A2 of Table 2.6 show that there are differences in

the level of feedback trading between countries. Negative feedback trading is only
evident in the US stocks pre-futures, while there is evidence of such trading in the UK,

the US and, to a very limited extent, in the small (‘Other’) markets post-futures. Positive
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feedback trading is reduced in all markets post-futures, with the exception of Germany
where there is no evidence of such trading in either period. The pattern for the control
stocks (Table 2.6, panel B2) is broadly similar, although again the reduction in feedback
trading is less marked, except in the case of the US and France. F inally, panels A3 and
B3 in Tables 2.6 and 2.7 suggest that there are some differences across industries, but

there is no evidence that these are related to the onset of trading USFs.

In relation to the constant component of autocorrelation, ¢o, the findings for USF stocks
(Table 2.6, panel Al) are broadly similar to those for @. Specifically, while the
coefficient is significant for less than 30% of stocks pre-futures, this falls by more than
ten percentage points post-futures. Antoniou et al. (2005) state that “improvements in
efficiency will most likely show up as reductions in @o rather than changes in ¢;."
(p-231). From this perspective, the introduction of USF trading appears to have
improved the efficiency of underlying market. Examination of the results for the control
sample in Table 2.6, panel Bl, reveals that the percentage of stocks which exhibit a
significant @g pre-futures is the same as for the USF stocks. However, the percentage
rises for the control sample by over 6 percentage points in the post-futures period. The Z
statistic demonstrates that there is a significant difference between the USF and control
samples in the percentage of stocks for which there is a significant increase in @ in the
post-futures period. Thus, view collectively, this provides some evidence to suggest that
trading in USFs has had a positive effect on the efficiency of the underlying market.
Again, the results for USF stocks by country (Table 2.6, panel A2) show differenccs,
with big improvements in efficiency for the UK and the smaller (*Other’) markets, while

for the control stocks the movements are opposite. Panels A3 and B3 of Tables 2.6 and
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2.7 again demonstrate industry effects, but with the exception of the consumer goods

and financial industries, the findings for the USF and control stocks are broadly similar.

2.4.2 Volatility Level and Dynamics

The impact of USF trading on stock market volatility can be assessed first through a
comparison of the oy coefficient in the pre- and post-USF periods. An increase in «.,
would be an indication of increased unconditional volatility in the post-USF period.
From Table 2.6, panel Al, it is evident that the percentage of stocks with a significant «,

has increased marginally post futures (from 66.25% to 71.25%). In contrast, for the
control sample, there has been a decrease (from 77.5% to 63.75%, Table 2.6, panel B1).
However, examination of panels Al and Bl of Table 2.7 reveals that the two samples
(USF and control) have very similar patterns in terms of statistically significant changes.
o has shown a significant increase for 23.75% of USF stocks and 18.75% of control
stocks, while the percentages exhibiting a decrease are 57.5% and 60.0% respectively.
From panel A2 and B2 of Tables 2.6 and 2.7 there is no clear pattern of country
differences, while panels A3 and B3 of these tables suggest that again there are

differences across industries, but that these are not related to the onset of futures trading.

Consideration of changes in o, and B from pre- to post-futures provides some initially
surprising results. The number of stocks for which o, is statistically significant falls
post-futures (Table 2.6, panel Al), while the percentage of stocks exhibiting a
statistically significant increase in o post-futures (16.25%) is less than that exhibiting a
decrease (18.75%) (Table 2.7, panel Al). Similarly, the percentage of USF stocks for
which there is a statistically significant increase in B (56.25%. see Table 2.7, panel Al)

62



is much greater than that for which there is a decrease (15%). This suggests that news is
having less impact and old innovations more persistence post-futures. However. when
control stocks are examined (Table 2.7, panel B1), a very similar pattern of results
emerges (o; increases for 20% and falls for 31.25% of stocks, while B is significantly
higher for 55% and lower for 21.25% post-futures). Thus, to the extent that there is a
change from the pre-futures to the post-futures period, this does not appear to be futures
induced. These results clearly highlight the need for a control sample to be analysed to
ensure that inappropriate inferences and policy recommendations are not reached
concerning the impact of futures. If consideration had only been given to USF stocks a
conclusion may have been incorrectly drawn that futures trading had impacted
negatively on the underlyihg market dynamics and, hence, further regulation was
warranted. Analysis of panels A2, B2, A3 and B3 of Tables 2.6 and 2.7 provide no clear
evidence of country effects, although again there are some differences by industry.®’
However, there is no evidence that these differences are futures induced. Again, this
provides important insights about the control sample. Not only is there a need to
undertake analysis for a control sample, but it is important that the make up of the

control sample is determined by a number of factors including industry.

The asymmetry coefficient (8) shows marked changes from the pre- to the post-futures
period for USF stocks. The percentage of stocks with a value of & significantly different
from zero increases from 57.5% pre-futures to 88.75% post-futures (Table 2.6. panel

A1), while Table 2.7. panel Al, demonstrates that there is a significant increase in & in

% For example, for technology stocks [ increases significantly post-futures for 11 of th; }2 USF §t0Ck5
and 10 control stocks. In contrast, for general & resources stocks only 7 out of 14 exhibit a significant
increase for USF stocks and 5 out of 14 for the control sample.
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50% of all USF stocks. One explanation which has been put forward in relation to & is
that asymmetries are related to noise trading (see Antoniou et al. 1998, 1999). Thus, the
increase in 6 could be indicative of more movements away from fundamental value post-
futures, although the evidence in relation to ¢; discussed above suggests that it is not
feedback trading which has increased. However, it is again informative to examine the
results for the control stocks. The pattern for these stocks as shown in panel B of Tables
2.6 and 2.7 is very similar to that for the USF stocks (40% exhibit a statistically
significant increase in the value of & post-futures), again suggesting that any changes are
unrelated to the introduction of USFs. Country differences are evident from panel A2 of
the tables, with the US showing a reduction in the percentage of USF stocks for which 5
is significant (similar to Antoniou et al., 2005, which finds that & decreases post-futures
for the US), while other markets are subject to an increase. For control stocks even the
US exhibits an increase in the number of stocks for which & is significant. Once again,
there are differences across industries, but no clear pattern of differences between the

USF and control stocks.

2.4.3 Robustness Tests

To check the robustness of the results further estimations were undertaken. Specifically,
two types of equally-weighted portfolios of stocks were created, namely portfolios based
on the country in which the underlying is traded (5 portfolios each for USF stocks and
control stocks) and portfolios based on the industry of the stock (5 portfolios for USE
and 5 for control). Equations (2.6) and (2.7) were then estimated for these 20 portfolios.
Table 2.8 presents the p values from the Wald test of the hypothesis that the post-futures

value of the coefficient is not significantly different from the pre-futures value. Overall.

64



the findings are qualitatively similar to the results presented in Tables 2.5 to 2.7. This
finding, together with the results presented earlier, is interesting given that the markets
on which the stocks underlying USFs are traded vary significantly. For example. there
are major differences in the characteristics of market participants and the regulation and
size of the markets between the UK, the US, larger continental markets, such as France
and Germany, and the smaller markets, like Sweden and Switzerland. Concerns about
the impact of derivative trading on the underlying market are arguably stronger for
smaller, less liquid markets.** This is particularly true in relation to cross-border futures
on underlyings traded in small markets, where the futures contracts are traded in a major
derivatives market such as LIFFE. However. the results presented here suggest that such
concerns are unfounded, since they indicate that there is little systematic difference
between the way small and large markets are affected by the introduction of USFs. For
example, the country portfolio results show that as far as significant changes in
coefficients are concerned, the movements in relation to the US market and the smaller
(‘Other’) markets are the same for all coefficients except Q1. For the smaller markets ¢,
increased post-futures, but it did not for the markets in France, Germany, UK and US.

However, the same result is found for control stocks.

The results in relation to the industry-based portfolios, again suggest that there are
differences across industries in terms of feedback trading and autocorrelation. For
example, for the USF stock portfolios ¢o is significantly lower post-futures for the
general and resources, consumer goods and services industries, but not for the other

industries. However, while industry differences in feedback trading are interesting and

" Gulen and Mayhew (2000) empirically investigated the impact of stock index futurt?s trading on 25
markets. They found very different results for highly developed and less developed countries.

65



possibly worthy of further investigation, the overall pattern of results from Tables 2.5-

2.8 suggests that these industry-based differences are unrelated to futures trading.®

Consideration is also given to the possibility of there being asymmetries in the feedback
mechanism to investigate whether feedback trading is more intense during market
declines. Hence, an additional term, ¢, | Rig | , 1s added to equation (2.6) to capture any
such possible effects (see Antoniou et al. 2005, equation (9)). In all cases the additional
term is insignificantly different from zero and the general results in relation to other
coefficients are very similar. Finally, the feedback model was also estimated for
windows of two years either side of the introduction of futures for country and industry
portfolios.®® Generally, the qualitative findings in relation to feedback trading for the
two-year and three-year windows are consistent, although there are some differences in
relation to the findings for oy. Specifically, the post-futures o is generally
insignificantly different from its pre-futures value when a two-year window is used.
However, the findings are similar for both USF and control portfolios suggesting that the
conclusion that changes in o are not futures induced remains valid. Thus, the general
conclusions discussed earlier appear to be robust, given the range of additional tests

undertaken.

® These industry based differences may be due to other factors unrelated to futures, the identification of
which is beyond the scope of this chapter. R

% The method of trading changed for USFs written on UK based stocks at the end of Noyember 2003,
with the introduction of the MATCH facility. See the LIFFE web site for details. By estimating the model
for 2 years either side of the introduction of USFs the sample period excludes the change to the MATCH
system and allows determination of the extent to which the change impacted on the findings.
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2.5 Conclusions

While many derivatives markets (futures or options) can be seen to be enhancing
economic welfare by allowing for new positions, expanding investment sets, providing
instruments for reducing risks or enabling existing positions to be taken at lower costs,
they have been criticized for destabilizing the underlying market. This controversial
issue has been the subject of considerable empirical analysis and has received the
attention of policy-markets. Despite the vast literature examining the impact of
derivatives trading on the underlying market, the prior literature has generally restricted
itself to testing changes in stock price volatility and has not considered the impact of
derivatives on the wider market dynamics, as reflected by the changes in the extent of
feedback trading and the asymmetric nature of volatility. In particular, most of the
previous studies view an increased volatility is an undesirable phenomenon and any
reduction in volatility is desirable. At a theoretical level, it has been recognized in recent
years that such a restricted testing framework of the potential impact of derivatives is

overly limited and may lead to inappropriate policy conclusions.

This chapter extends the literature and examines the impact of recently established USF
trading on underlying market dynamics using a model which takes account not only of
volatility, but also the extent to which derivatives promote or inhibit feedback trading.
By examining the behaviour of the underlying markets for stocks on which USFs are
traded, it is possible to gain insights not previously possible. Specifically, since USFs
are listed on a range of stocks traded on a number of different markets with different
characteristics and across a range of industries, it is possible to identify the extent to

which there are country/market or industry specific effects. This is particularly important
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given the cross-border nature of USFs and that concerns about futures listing might be
greater for stocks listed in less liquid, smaller markets. Furthermore, if derivatives do
have an impact on the cash market, such effects are more likely to be evident in the
behaviour of individual stocks which are tradable, rather than in the market dynamics of
a non-tradable index. In addition, given the nature of USFs it is possible to address
endogeniety issues inherent in previous studies, by constructing a control sample based
on the factors affecting the listing decision, and to examine more than one event date
within a given market. Taking these factors into account means that results from this
chapter should provide more reliable and wider ranging insights into the impact of

derivative trading on the underlying market.

There is clear evidence that the level of feedback trading is low in both the pre-futures
and post-futures period for the USF and control stocks, with the pre-futures period
exhibiting marginally more feedback trading. To the extent that there is a change post-
futures, there is a greater reduction in feedback trading for USF stocks than for control

stocks. Thus, any effect of futures on feedback trading appears to be small, but
beneficial. For USF stocks changes in relation to the impact of news on volatility (o)
and the persistence of innovations (B) and the extent to which volatility is affected
asymmetrically by good and bad news (8) look initially surprising. a; tends to fall post
futures, and B and & rise. This appears to suggest that futures are having a destabilising

impact. However, when these coefficients are examined for control stocks, the same

picture is evident, suggesting that any changes in these parameters from the pre- to the
post-futures period are not futures related. Equally, unconditional volatility (ctp) behaves
in a similar manner for both the USF and control stocks.
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These findings demonstrate the importance of undertaking estimations not only for
stocks on which USFs are written, but also for control stocks. In the absence of the
results for control stocks, inappropriate policy conclusions may have been reached.
Specifically, the evidence in relation to o, B and & suggests that post-futures there has
been a negative effect on market dynamics and, hence, further regulation of USFs may
have been called for. However, by also examining control stocks selected on the basis of

modelling the listing decision, it is clear that such calls are unwarranted.

Examination of any possible differential impact by country suggests that systematic
differences between the way small and large markets are affected by the introduction of
USFs do not exist. Thus, concerns that USFs might impact (more) negatively on smaller,
less liquid markets appear unfounded. The results also suggest that there are clear
differences in the pattern of market dynamics between industries, but that such
differences are not futures induced. Examination of why such differences exist is worthy
of further study, but is beyond the scope of this chapter. However, the results in relation
to industry differences clearly demonstrate the need to construct a control sample in a

way which directly takes account of the industry in which the stock is based.

Overall, the findings provide useful insights and suggest that the listing of USFs has not
impacted negatively on the underlying markets. It should, of course, be recognised that
in all of the markets considered here index futures already existed prior to the
introduction of USFs. Thus, it might be expected that these stocks would be less affected
by the introduction of single stock futures. Nonetheless, to the extent that USFs have
impacted on feedback trading and wider market dynamics. the influence appears to have

been positive, leading to a small reduction in feedback trading and improved efficiency.
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Table 2.1: Results of Various Studies on the Volatlity Effect of Stock Index Futures

Panel A: Before and After Studies

Volatility | Velatility | Volatility Mixed
Study Index Period Increase | No Change | Decrease Results
Santoni (1987) S&P 500 1975-1986 - ~ -
Edwards (19884, 1988b) S&P 500 1973-1987 - 4
Value Line 1973-1987 -- ¥ -
Becketti and Roberts (1990) S&P 500 1962-1990 - wr . -
Lockwood and Linn (1990) DJIA 1964-1989 - - )
Fretis (1990) Hang Seng 1984-1987 - + - -~
Chan and Karolyi (1991) Nikkei 225 19851987 - + - -
Hodgson and Nicholls (1991) Australian AQI 1981-1987 - 4 - -
Brotrsen (1991) S&P 500 1962-1986 - - - v
Maberly et al. (1989) S&P 500 1963-1983 - - - ¥
Harris (1989) S&P 500 1975-1987 ) - - -
Lee and Ohk (1992) Various Various - - - )
Kamara et al. (1992) S&P 500 1976-1988 - \' - -
Panel B: Cross-Section Studies
Volatility | Volaiility | Volatility Mixed
Study Index Period Increase | No Change | Decrease Results
Aggarwal (1988) S&P 500, DJIA | 1981-1987 - ) - -
Harris (1989) S&P 500 1975-1987 ) -
Damodaran (1990) S&P 500 19771987 ~ - -
Laatsch (1991) MMI 1982-1986 - 2 - -
Gerety and Mutherin (1991) Di1A 1974-1989 - «I - -~
Lee and Ohk (1992) Various Various - - - Y
Kamara et al. (1992) S&P 500 1976-1988 - + - -
Koch and Koch (1993) S&P 500, MMI | 1987-1988 - ~ - -
Panel C: Time Series Studies
Volatility | Velatility | Volatility Mixed
Study Index Period Increase | No Change | Decrease Results
Lee and Ohk (1992) Vatious Vatious - - - ¥
Bessembinder and Seguin (1992) S&P 500 1978-1989 - - ) -
Board and Sutcliffe (1993) FTSE 100 1977-1991 - + - -
Robinson (1994) FTSE 100 1980-1993 - - 2 | -
Antoniou and Holmes (1995) FTSE 100 1980-1991 2 | - -
Peticli and Koutmos (1997) S&P 500 1953-1994 - ) -
Antoniou et al. (1998) Vatious Vatious - - ¥
Butterworth (2000) FTSEMid 250 | 1992-1995 e - -
Gulen and Mayhew (2000) Various Vanous - - v
Yu (2001) Various Various - - - v
Pilar and Rafael (2002) Tbex-35 1990-19%4 - - y
Bologna and Cavallo (2002) MIB-30 1990-1997 - v
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Table 2.2: The Sample of Stocks Used on which Universal Stock Futures are Listed

LD Market Cap (Im) Introdsction |1.D Market Cap (Ilm) latroductioa
Code Stock Name Country  Sector 25 Oct 2001 Date Code  3tock Name Country Sector 25 Oct 2001 Date
FR1 Total Fina EIf SA France General & Rezourcez 114,402 012301 US3 Intel Corporation Usa Technology 191,186 ow2901
FR2 France Telecom SA France Services 48,138 01/29/01 us4 Exxon Mobil Corporation USA General & Resourcesz 305,893 01/29¢01
FR3 Alcatel SA France Technology 20,209 01/25¢101 uss Citigroup Inc USA Financial 213,381 01/29/01
FR4 Axa SA France Financial 42,530 04/02/01 Use Merck & Co. Inc USA Consumer Goods 170,835 01/29/01
FRS Vivendi Univerzal SA France Services 55,095 05/14/01 ust Oracle Corporation USA Technology 31,066 04/02/01
FR6 BNP Paribaz SA France Financial 41,021 0544401 uss Sun Microzyzstems Inc Usa Technology 33,250 04/02/01
FR? Carrefour SA France Services 40,749 05414401 uss General Electric Company USA General & Rezources 411,450 04:202/01
FR8 Sanofi-Synthelabo SA France Conzumer Goodz 55,660 31110/01 Us10 Qualcomm Inc USA Technology 45,218 05/14/01
FR3 Suex SA France General & Resources 34,681 31110001 usni JDS Uniphaze Corporation USA Technology 13,415 05/14/01
GER1 Deutzche Telekom AG Germany Services 78,414 01123/01 ust2 Amgen Inc USA Conzumer Goods 66,756 0514/01
GER2 Deutsche Bank AG Germany Financial 38,532 01/23¢01 ust3 Juniper Networkz Inc Usa Technology 3,659 0514401
GER3 Siemenz AG Germany General & Rezourcez 48,339 01129101 Usi4 Pfizer Inc USA Conzumer Goods 302,838 05/14/01
GER4 Allianz AG Germany Financial 72,356 04102/01 Usts Wal-Mart Stores Inc UsSA Services 261,832 05/14/01
GERS Miinchener Riicksversicherungz Gesclischaft AG  Germany Financial 55,120 04/02/01 uste International Business Machines Corporation  USA Technology 210,002 05/14/01
GER6 OaimlerChryzler AG Germany Conzumer Goodsz 40,582 05114701 m Eni SpA Italy General & Resources 55,968 01/23/01
GERT E.ON AG Germany General & Recources 44577 0514101 T2 Azzicurazioni Generali SpA Italy Services 38,467 03/19/01
GERS Bayerizche Hypo-und Yercinzbank AG Germany Financial 18,574 05114101 m3 Encl SpA Italy General & Resources 40,144 0319/01
GERS Yolkswagen AG Germany Conzumer Goods 1,532 05/14¢01 m4 Telecom Italia SpA Italy Services 43,137 01/23/01
GER10  BASF AG Germany General & Resources 23,630 3110/01 ms UniCredito Italiano SpA Italy Financial 20,209 03/13/01
GER1 Bayer AG Germany General & Rezources 24,518 31410101 me San Paolo-IMi SpA Italy Financial 16,230 31910/01
GER12  SAPAG Germany Technology 36,302 31/10/01 m? Mediazet SpA Italy Services 8,412 31/10/01
UK1 Yodafone Group plc UK Services 174,397 01/23¢01 NET1 Royal Dutch Petroteum Company Netherlandz  General & Resources 118,521 01129/01
uK2 BP plc UK General & Rezources 198,232 01/29/01 NET2 ING Groep NV Netherlandz  Financial 55,253 0142301
UK3 HSBC Holdingz plc UK Financial 116,313 01/239¢01 NET3 Koninklijke Philipz Electronicz NV Netherlands  General & Resources 31,809 04/02/01
UK4 GlaxoSmithKline plc UK Conzumer Goodz 185,838 01423/01 NET4 ABN AMRO Holdingz NV Netherlandz  Financial 26,036 05/14/01
UKS AztraZencca ple UK Conzumer Goods 88,156 01423401 NETS Acgon NV Netherlandz  Financial 40,463 05/14/01
UKé BT Group plc UK Services 48,100 04/02¢01 NETE Koninklijke Ahold NV Netherlandz  Servicez 27,844 05/14/01
UK? Lioyds TSB Group plc UK Financial 62,597 04¢02/01 SP1 Telefonica SA Spain Services 63,538 01/28¢/01
uKs Shell Trancport & Trading Company plc UK General & Regources 80,652 051401 spP2 Santander Central Hispano SA Spain Financial 42,153 01129101
UK9 Barclayz pic UK Financial 55516 05/14/01 $P3 Banco Bilbao Viacaya Argentaria SA Spain Financial 41,930 05/14/01
UK10 Royal Bank of Scotland Group plc UK Financial 75,901 05014401 SwD1 Telefonakticbolaget LM Ericscon AB Sweden Technology 34,833 31/10/01
UK Tezco Plc UK Services 26,585 3110¢01 swD2 Nordea AB Sweden Financial 16,068 3110/01
UKi2 Diageo Ple UK Consumer Goods 36,958 311001 SWD3  Telia AB Sweden Services 15,029 3110/01
UK13 Legal & General Group Plc UK Financial 12,334 311001 SWD4 Hennes & Mauritz AB Sweden Services 15,007 3110001
UK14 Unilever Ple UK Conzumer Goods 22,123 3110001 sSwD5 Svenzka Handelsbanken AB Sweden Financial 9,313 311001
UK1S HBOS Plc UK Financial 44,783 31110/01 SWTH Novartiz AG Switzerland  Conzumer Goods 111,729 31110101
UK16 Sainzbury (J) Ple UK Services 11,425 3110/01 S$WT2 Neztle SA Switzerland  Consumer Goods 89,023 31110/01
UK17 Abbey National Ple UK Financial 24,039 31110401 SWT3 UBS AG Switzerland  Financial 66,815 3110/01
ust Microzoft Corporation USA Technology 369,701 0112901 SWT4 Roche Holding AG Switzerlind  Consumer Goods 54,455 31¢10/01
us2 Cizco Systems Inc usa Technology 141,138 01/29/01 SWTS Credit Suizze Group Switzerland  Financial 41,309 31110101
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Table 2.3: Logit Models of USF Listing Choice

Variable Model (2.9) Model (2.10) Model (2.11) Model (2.12)
Intercept -37343 ook -6.0529 S -6.6091 vk -8.4017
(-10.200) (-11.400) (-10.400) (-11.200)
VOL 0.0092 HoAok 0.0092 Aotk 00128 - ok 00124
(7 .440) (7 .080) (8.810) (3.280)
STD -0.4793 Aok -0.5000 ook -0.5498 AR -0.5685 ke
(-3.520) (-3.460) (-3.790) (-3.7%0)
SVOL 0.4040 03733
(1.160) (1010)
SSTD 16333 Hokok 14740 vk
(5.790) (4.780)
SIZE 0.0016 Hokok 0.0017 hokok 0.0015 Hekok 00016 M
(8.460) (8.550) (7 370 7.350)
MKT 0.2764 ok 02192 A
(5.770) (4.540)
IND 00149 koK 00157 A
(G510 3610
Number of
Observations 3872 3872 3872 3872
Percent Classified
Correctly 85.77% 85.56% 82.49% 85.18%
Percent Classified
Incorrectly 14.23% 14.44% 17.51% 14.82%
Notes:

The table presents the results from logistic estimation of USF listing as a function of characteristics of the
underlying stocks (t-value in parentheses). *,** and *** denote significant at 10%, 5% and 1% tespectively.

The sample includes all the firms that meet the eligibility criteria by the time of listing (e.g Jan, 2001). If a firm is
listed by LIFFE, the dependent variable is 1, otherwise 0. The variable VOL and STD are measured as the average
daily trading volume and standard deviation of daily returns on the underlying stock over the prior 250 trading days.
The vatiables SVOL and SSTD ate ratios of 30-day to 250-day prior trading volume and starndard deviation.

The variable SIZE is the market capitalization of the firm. MKT and IND are market and industry indicators

log(lfp)=og,+oaVOL+o@STD+ogSIZE+g i29)
1og(1_‘_”;) = 0, + V0L + 0, STD + @, SVOL + 0, SSID + . SIZE + £ (2.10)
lo g(-lf;p) = o, + aVOL+ a,STD + o, SIZE + o, MKT + wIND + ¢ (211)
mg%) = 0 + aVOL + , STD + a, SVOL + 04 SSTD+ . SIZE + . MKT + 0, IND+ € .12)
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Table 2.4: Summary Statistics of Portfolios Returns

USF Stocks Conitrol Stocks
n 6 $ K JB LB(5) LBH5) ARCH n s ] K JB LB(5) LB5) ARCH
Panel A: Country
France (9) -0013 1238 -0.117 * 2005 kk 265580 ** 26473 *+k |33 316 *kk 16625 **40016 1.004 0.005 1.172 o+ 89 28 ok S QB2 104372 *++ 15151 M
Germany (12) -0.022 1113 -0065 0.700 #iok 33068 *+k 11113 *k 141092 *kk 15955 *+H.0.033 1.021 -0.029 1.029 ¥+ §9243 bk 9134 44196 ¥+ S853 ek
UKD -0007 0854 -0014 1.080 #** 76129 *x 31150 *** ]12.697 *rkx 25588 *4H-0015 0797 -0.118 * 1233 % 102,770 *x 19539 ok 2RBLS ¥k 5535 e
Us(16) 0032 1357 0.124 ** 0882 *** 54788 *4*x (786 113.183 ok 3762 h 0031 1358 -0.030 0.930 *** 56658 *+x 6016 42958 ckkk ]3]152 koK
Others (26) -0003 0902 0.006 1.359 cleok 120 420 otk ]538] clkk 219 115 delek 4] 580 k40001 0.883 0.080 1.47] ok 142 800 ook 25197 kb 260 849 bk 39 243 stk
Panel B: Indusiry
Services (16) -0.00S 1016 -0.143 ** 2638 *okk 459 180 ok 2]1.938 ek $6.573 w2842  *10.002 0.772 -0.033 1.155 #okk 87305 Aok 14231 ok 42695 dekk 3893 ok
Consumer Goods (13) (-0.001 0.845  -0.127 ** 0.690 *¥k 35197 *+++ 20272 **+ 112953 *+k 29 568 **40.024 0.756 -0.027 0653 #k 28032 ok 14 568 ** 135889 wk 13756 Rk
Technology (12) 0023 1663 0.136 **+ 1098 *** 83397 *k*k 2346 129.339 *** 54250 **0.016 1.730 -0.038 0.446 ok 13322 ik 4 54] 44 833 k15379 oktk
Financial (25) -0011 0927 -00l4 1.593 ook 165500 *4k 38192 ok 230.59]1 ¥+ 39055 *+4-0029 0865 -0.056 1798 #okk 211 560 otk 33187 okk 171,087 bk 29162 Rk
General & Resources (14)1 0003 0867  -0.156 ** 0.546 #*#k 25773 bk 16082 **+ 103.473 *+* 18.932 **+40.009 0921 0.021 0.455 *k 13598 etk 5907 38.099 cklek 5571 ok
Notes:
bl el Significant at 10%, 5% and 1% level, respectively.
C ) Nurnber of stocks in each portfolios.

|L= mean, O = standard deviation; S = skewmess, K = excess Kurtosis; JB = Jarque-Bera test for normality and distnbuted as chi-squared with 2 degree of freedom.
ARCH Test is the Lagrange Multiplier [LM(1)] test for ARCH efYects and distributed as chi-squared with 1 degree of freedom.

LB(N) and LBYN) are the Ljung-Box statistics for Rt and Rt respectively distmbuted as chi-squared with N degree of freedom where N 15 the rmumber of lags.
The Ljung-Box statistics for N lags is calculated as  JB( ) =T(T+2)i} (g IT-7) where p is the samaple autocorrelation forj lags and T is the sample size.
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Table 2.5: Mean Value of Key Coefficienis frem Equations (2.6) and (2.7) in the Pre- and Post-Futures Periods: USF and Conirol stocks

]___ | P, (poritive) | @, (negative) 1 Oy Ly I [ | o
Futa %3 | PreFutures | Post-Futures | Dre-F: { Post [ Pre [ PostF [ Pk T PosiF | Pre-Fuiures | PostF | Pre-Futures | PostF
Panel A : USF stocks
Al : Tetal
Total (80) 0.059 -0.037 0.009 0.007 0015 -0.006 0430 0079 0.041 0.026 0859 0914 0.0%0 0.105
<0.000> **4 <0.265> <0.005> #4* <0.000> ** <0,000> **H <0.000> **+ «0073> *
A2 : Country
France (9) 0.085 -0.034 0.008 0.007 -0018 -0.004 0390 0.085 0.041 0.023 0858 0904 0.053 0.120
Germany (12) 0.045 -0.031 0.006 0.002 -0.005 -0.005 0345 0073 0.036 0022 0.883 0.924 0072 0.114
UK(17) 0.106 -0.036 0.008 0.009 -0.025 -0012 0364 0.098 0.048 0.031 0.859 0.892 0.065 0.114
Us (16) -0.042 -0.079 0014 0011 -0.007 -0.003 0.828 0.082 0.043 0.022 0.843 0939 0.140 0.064
Others (26) 0088 -0.014 0.008 0.006 0015 -0.004 0283 0.065 0.039 0.028 0.858 0912 0.098 0.114
A3 Tndwstry
Services (16) 0.112 -0.020 0.020 0.008 -0.012 -0.011 0428 0.058 0.066 0.022 0.848 0927 0.082 0.101
Consumer Goods (13) 0.095 -0.056 0012 0.018 -0.025 -0.009 0581 0.102 0.040 0.033 0.809 0.897 0.095 0.08S
Technology (12) -0.006 -0.032 0.001 0.002 -0.003 -0.004 0.890 0.062 0.048 0.017 0853 0.968 0.119 0.053
Financial (25) 0.041 -0.020 0.006 0.005 -0013 -0.003 0.236 0.095 0.031 0.033 0.886 0.890 0.082 0.140
General & Resources (14) 0.053 -0.072 0013 0.006 -0.022 -0.006 0.246 0.068 0.028 0.020 0876 0912 0.085 0.109
Panel B : Control stocks
BT : Total
Total (80) 0.032 -0.015 0.006 0.009 -0014 -0010 0.501 0221 0.054 0.044 0.861 0.897 0.081 0.085
<0.001> *#H <0.169> <0.008» ¥ <0.000> **+¥ <0.001> **¥ <0.,000> #k «0.368»
B2 Country
Frarce (9) 0.060 -0.045 0.008 0.004 -0.020 -0.010 0.557 0.054 0.043 0015 03850 0.922 0078 0.106
Germany (12) 0.034 0014 0.005 0.008 -0.015 -0.004 0.283 0.064 0.045 0059 0879 0.897 0.071 0.088
UK(17?) -0.001 -0.042 0.00S 0014 -0018 -0015 0357 0.131 0.051 0.043 0872 0.895 0.074 0.085
Us (16) 0.060 0.021 0.002 0.005 -0.008 -0.022 1.040 0.079 0.034 0014 0872 0.948 0.110 0.073
Others (26) 0.027 -0.023 0.008 0.010 00186 -0.004 0.344 0.497 0.076 0.066 0.842 0.858 0.073 0.085
137 ndusiry
Services (16) -0.007 -0.048 0.007 0.009 -0019 -0.00s 0347 0.152 0.064 0.045 0.854 0.88S 0.079 0.052
Consumer Goods (13) 0.028 -0.039 0.007 0011 -0.023 -0.029 0.304 0.075 0.067 0.027 0.864 0910 0.060 0.087
Techrology (12) 0029 0.024 0.001 0.002 -0.003 -0.004 1303 0.069 0.024 0.018 0.866 0963 0.130 0.048
Financial (25) 0.043 0.007 0.006 0.013 -0.014 -0.008 0.249 0.118 0.062 0.049 0.868 0.886 0070 0.106
General & Resources (14) 0.066 -0.029 0.00S 0.005 -0016 -0011 0.622 0.748 0.045 0071 0.849 0861 0.079 0.071
Notes:

This tehle suramarises the results from estimating the feedback trading model (Eq. 2.6 and 2.7) for each USF and control stock in both the pre- and post-futures periods:

R, = a+uc’+(@ +Q@o IR, _, +¢

- 2 2 >
O may+qEL+ PO +SX, 5

£ ~GED(O,c)

The mean value of each key coefficient is reported. Panel Al shows results for the whole USF sample, panel A2 provides the figures broken down by the country in which the underlying stocks being traded,
while panel A3 provides the same information by industry. The nurber of stocks in each subsaraples are shown in parentheses. Panel B presents the same information for control sample.

< >
LR
o

P-values of the non-
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parametric Kruskal-Wallis test which examines whether the coefficients in the post-futures period is significantly different from the pre-futures period. Test reported for total samples only.
Significant at 10%, 5% and 1% level, respectively.




Table 2.6: Percentage of Statistically Significant Coefficients frem Equations (2.6) and (2.7) in the Pre- and Post-Futures Periods: USF and Conitrol stocks

Pe @ (positive) @ (negative) ay @y & 5
Pre-Fuhy i Post-Futures | Pre-Futures | Post-Fut -Fuh i Post-Futu Pre-Fuh : Post-Futu Pre-Futures ;| Posi-Futures | Pre-Fuh i Post-Fut Pre-Fuh { Post-F
Pamel A : USF stecks
Al : Total
Total (80) 2875 1750 2.50 315 1125 125 66.25 N2 3375 2375 100.00 10000 5150 8875
A2 : Country
France (9) 220 3333 0.00 0.00 11.11 0.00 66.67 7178 3333 11.11 100.00 100.00 55.56 83.89
Germany (12) 833 16.67 0.00 0.00 000 0.00 50.00 6667 4167 2500 100.00 100.00 4167 91.67
UK (17) 2941 11.76 0.00 588 1765 538 64.71 8235 41.18 2353 100.00 10000 4118 94.12
uUs(16) 3125 2500 12.50 625 1250 0.00 75.00 5625 3125 3125 100,00 100.00 81.25 7500
Others (26) 38.46 1154 0.00 385 1154 0.00 6923 73.08 2692 23.08 100.00 100.00 61.54 9231
A3 : Industry
Services (16) 50.00 1250 6.25 0.00 12.50 625 50.00 50.00 6250 625 100.00 100.00 3125 9375
Consumer Goods (13) 2308 2308 769 1538 1538 000 6154 8462 2308 30.77 100.00 100.00 38.46 6923
Technology (12) 16.67 833 0.00 0.00 833 0.00 8333 1667 41.67 41.67 100.00 100.00 75.00 8333
Financial (25) 2800 800 0.00 400 12.00 0.00 638.00 96.00 36.00 23.00 100.00 100.00 72.00 96.00
General & Resomrces (14)] 2143 4286 0.00 000 7.14 0.00 na 8511 0.00 1429 100.00 100.00 .43 9236
Panel B : Contrel stecks
Bl : Total
Total (30) 2875 3500 5.00 500 20.00 10.00 7750 63.75 5125 4125 100.00 100.00 55.00 7750
B2 : Country
France (9) 3333 3333 0.00 000 3333 000 66 .67 5556 0222 0.00 100,00 100,00 55.56 88.89
Germany (12) 2500 4167 0.00 0.00 000 0.00 75.00 5000 66.67 5833 100.00 100.00 8333 9167
UK (17) 241 3529 11.76 11.76 1765 1765 8235 7059 5294 4706 100.00 100.00 5294 70.59
Us(16) 2500 1250 0.00 0.00 3125 12.50 7500 5625 3125 2500 100.00 100.00 68.75 93.75
Others (26) 3077 46.15 7.69 7.69 19.23 11.54 80.77 7308 6538 53.85 100.00 100.00 3462 61.54
B3 : Industry
Services (16) 3750 2500 1875 0.00 1875 12.50 75.00 4375 6250 50.00 100.00 100.00 4375 62.50
Consumer Goods (13) 3846 6154 0.00 7.69 1538 7.69 69.23 69.23 69.23 38.46 10000 100.00 30.77 9231
Technology (12) 833 769 0.00 0.00 2500 833 75.00 3077 16.67 3077 100.00 100.00 91.67 8462
Financial (25) 2400 4000 400 800 20.00 12,00 88.00 8400 76.00 40.00 100.00 100.00 60.00 80.00
General & Resources (14)| 3571 3sn 0.00 7.14 21.43 7.14 71.43 143 21.43 4286 100.00 100.00 50.00 nas
Notes:

This table summarises the results from estimating the feedback trading model (Eq. 2.6 and 2.7) for each USF and control stock in both the pre- and post-futures penods:

The percentage of stocks for which each key coefficient is statistically significant at 10%
stocks being traded, while panel A3 provades the same information by industry. The numbe

R = a+0’+(@+ Qo0 )R,_ + €
0’,’ -0n + 0'1‘-'12-1 + pa}:—l + 5Xt—-l£:2-l

e ~GEDQO,c’)
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level are reported. Panel A1 shows results for the whole USF sample, panel A2 provides the figures broken down by the country m which the underlying
r of stocks in each subsamples are shown in parentheses. Panel B presents the same information for control sample




Table 2.7: Test of Significance of Differences in the Coefficients frem the Pre-Futures to the Post-Futures Period by Direction of Change: USF and Conirol siocks

- P, (positive) P (negative) L) a;
Sign. Sign. Sign. Sign. Sign. Sign. Sign. Sign. Sign Sign. Sign. Sign. Sign. Sign.
Increase Decrease Increase Decreasze Increase Decrease Increase Decrease Increase Decrease Increase Decrease Increase Decrease
Panel A : USF siocks
Al : Tetal
Total (30) 250 30.00 0.00 125 11.25 125 2375 57.50 1625 18.75 5625 15.00 50.00 2125
A2 : Country
France (9) 11.11 4444 0.00 0.00 11.11 0.00 2222 66.67 1 3333 55.56 3333 55.56 0.00
Gemmany (12) 000 1667 0.00 0.00 0.00 0.00 3333 4167 16,67 2500 5000 16.67 66.67 833
UK (17) 538 3529 0.00 0.00 17.65 588 2353 4706 11.76 2353 41.06 2941 70.59 0.00
Us (16) 000 1875 0.00 625 12.50 0100 2500 68.75 18775 18.75 7500 0.00 18.75 68.75
Others (26) 0.00 3462 0.00 0.00 11.54 0.00 1923 61.54 1923 7.69 5385 769 46.15 19.23
Al : Industry
Services (16) 625 37.50 0.00 625 12.50 625 2500 50.00 0.00 50.00 6250 1250 62.50 1875
Corsumer Goods (13) 000 30.77 000 0.00 2308 0.00 2308 46.15 2308 1538 6923 15.38 46.15 30.77
Technology (12) 000 833 0.00 0.00 0.00 0.00 833 8333 3333 3333 9167 0.00 25.00 66.67
Financial (25) 400 2400 000 0.00 12.00 000 3200 56.00 16.00 4.00 3200 2400 60.00 400
General & Resources (14)] 0.00 5000 0.00 0.00 714 000 2143 57.14 1429 0.00 50.00 1429 42.86 7.14
Panel B : Control stocks
Bl : Tetal
Total (80) 1375 30.00 375 375 875 37 1875 60.00 2000 3125 5500 2125 40.00 15.00
B2 : Country
France (9) 2222 2222 0.00 0.00 3333 0.00 1111 6667 000 222 7138 11.11 55.56 0.00
Germany (12) 833 16.67 000 0.00 0.00 0.00 16.67 50.00 3333 16.67 3333 4167 2500 833
UK 17 11.76 35.29 588 588 5.88 588 17.65 58.82 2353 2941 41.18 23.53 4]1.18 588
US (16) 625 18.75 0.00 0.00 6.25 1250 1875 75.00 1250 3125 68.75 6.25 31.25 3750
Others (26) 1923 4231 7.69 1769 7.69 0.00 2308 5385 2308 4231 5769 23.08 46.15 1538
B3 : Industry
Services (16) 1250 3125 000 18.75 12.50 0.00 1250 56.25 2500 3750 5625 1875 37.50 18.75
Consumer Goods (13) 769 6923 769 0.00 7.69 769 2308 6154 769 46.15 5385 2308 69.23 769
Technology (12) 833 0.00 0.00 000 0.00 833 833 7500 25.00 16.67 8333 0.00 833 50.00
Fmancial (25) 2000 16.00 400 0.00 8.00 000 16.00 52,00 1200 40.00 5200 36.00 4400 400
General & Resources (14)] 14.29 4286 714 0.00 1429 714 35Mn 6429 3571 114 3571 1429 sn 7.14
Notes:

This table summanses the results fror Wald tests on the equality of the feedbeck trading model coefficients (Eq. 2.6 and 2.7) for pre- and post-futures periods for USF and control stocks:
& ~GEDCO,0,)

The percentage of stocks for which each key coefficient is significantly i e
the underlying stocks being traded, while panel A3 provides the same information by industry

R, = cx+ /.La',: + (o + 90,0',: YR, + =,

3 3 2 :
o =ca,+agel,+ Po,+SX 5,

changed (increase or decrease) at 10% level are reported. Penel Al shows results for the whole USF sample, panel A2 provides the figures broken down by the country in which
The number of stocks in each subsamples are shown in parentheses. Panel B presents the same information for control sample.
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Table 2.8: Country and Industry Portfolio Results: Tests of Differences in the Pre- and Post-Futures Coefficients

Null Hypothesis

PO_yxe “P0_post P1_gre “P1 _post Qg yre = A4 post @1 pre = @1 pest Lﬂ’ B post 8 pee=8 pon
Panel A : USF Portfolios
Al : Country '
France (9) 0.3434 02970 0.9026 0.0441 T o+t 00000 T | 00000 Toeee
Germany (12) 0.1945 06722 0.4654 0.0300 T o+« 00000 T «ss| 000
UK 17D 0.1547 0.8941 0.0000 U =+« 00000 T »++| 00000 T *++| 0.0000 T o
US (16) 0pa2 U | ons 00000 U +»+j 00000 Y *++| 00000 T *++{ ooo00 U ---
Others (26) 0.0000 U w=  g0000 T +»+| 00000 U ==+« 0po0o U *=*|  0oo00 T +++] 00000 U oo
A2 : Industry ' -
Services (16) 0.0000 U wxxl  03868 0.0000 U ===| 04501 0.0000 T s+ 06045
Consumer Goods (13) 0.0000 U »ex| 00000 U *«| o0000 U *++| 00131 U »+| 00000 T *+* o004 U -
Technology (12) 03932 0.5583 oooc0 U *»+| opoooo U e+ 00000 T« 06042
Financial (25) 03414 0.2789 00000 U »+x 01652 0.2004 00604 T -
General & Resources (14 [ 0.0000 U+ 00000 T x| 00000 U *++| 00000 U +++| 00000 T +*+| 00000 T ese

Panel B : Control Portfolios

Bl : Couniry
France (%) 09426 08168 0.0000 U === 00020 T =** 00000 T e+ 03578
Germany (12) 07118 0.4783 0.0001 U wxxi 02453 0004t T esx| 01849
UK 17 06747 08516 09455 0.0000 T ==+ 00000 T **+ 00000 U -
Us(16) 02188 06417 0.0000 U =« 00283 T »=| 00000 T owex| 00000 U ver
Others (26) 02739 0.0752 T 1 00000 U wexl 01908 0.0022 T werl (1990
B2 : Industry
Services (16) 03715 0.2603 00000 U *»+{ 01114 0.0000 T+« 08080
Consumer Goods (13) 00175 T o+~ 01246 00000 U *=x[ 04971 0.0000 T e 05643
Technology (12) 0.4369 0.2246 0.0398 T =~ 00001 T es*i 08700 06229
Financial (25) 0.2993 0.1182 0.0000 U ==+ 00330 T *+| 00000 T =+« 0415
General & Resources (14 [ 07462 0.9960 0.0060 U+« 00030 U =+f 01713 00115 T e
Notes:

This table reports p-values associated with Wald tests of the null hypotheses in the model :

R=a+uch+(@* @ooRa*+a  &~GED (O )

A= ap* oyt + By *+ 8% 8%
The model is estimated for a number of equally-weighted USF & Control portfolios. T ) represents the coefficient significantly increased (decreased) in the post-futures penod
* %4 and *** denote significant at 10%, 5% and 1% respectively.
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Appendix 2A:Results of Specification Tests for Various GARCH Models

GARCH (L1) EGARCH (L1) GIRGARCH(IL
LogL AIT SBC Log L AlC SBC Log L AIC SNBY
FRI 328634 422109 4.23433 329434 423392 425452 328596 $22189 -
me | aomas 517316 5.18689 402439 T simas 5.19108 40243 516909 51863
FR3 4290 63 550954 552327 423505 550488 552547 428675 550577 552204
FR4 Tae0ga4 46331 464804 359105 " 461455 463515 23593 53 daledr 467362
FRS 366266 " 470386 471759 2365330 Caeoam T a71sm2 365027 46892 470602
FR6 342951 44076 44184 344 442004 444064 340241 439694 441410
"7 371384 Tampa T T azom T e 436012 " a330M 136327 432106 17382
"FRS 34g63m “4amier 40134 348203 ‘447470 “a495%0 T agom 447174 480
"FR9 Bun 429560 430933 336538 432505 434565 03457 470424 430131
‘GERI' 23871.10 497896 Tagoey 387612 498027 “'5.00087 " a8Is6s 49789 499555
GER2 358195 460032 461405 3581047 460185 462245 -3570.47 4.58687 460404
CER3 314391 480810 482183 373401 47979 481855 372865 478980 480696
GER4 363539 466887 468260 363445 " 467024 469084 362477 465590 45730
GERS wew as11 dsza 370511 476089 418149 2370228 475597 477313
GER6 | 296746 441524 443071 297316 T a4269 444989 29602 440627 442500
GER7 ".3208.36 azns 425088 2321976 T 42152 423581 .3283.42 421862 435
"""""" GERS ".3789.25 486626 487999 -379498 487617 489677 .3786.17 486359 488075
GER9 354078 454750 456123 -355194 456439 458499 -3536 82 45431 456087
"GERI0 | 385 " 4.20263 421636 325659 4185 " 420609 35118 417804 419521
‘GERI1 349722 449162 " 450535 341342 446365 448425 346617 4407 4400
"GER12 -4165.46 534880 536262 415523 533833 "535893 .4151 84 533210 534986
m 314398 403846 405219 313909 403475 405535 314032 403505 405222
B 3 376581 483619 484992 3799.12 488129 490208 376225 483290 485006
ms 202073 351 376100 -201431 373439 376205 201789 37917 376222
IT4 348063 447033 “aman | a3ames 447062 Tam12 341725 140729 443445
1TS T nmso 417165 418538 325156 418674 ‘420134 324399 416805 418521
IT6 363210 466466 467839 2366177 47058 4712588 .3626.21 465833 467555
y i " asoaes T 461410 462783 360645 a2 a6sm1 359225 " 461481 463198
NET1 | 3ii273 398554 399927 309419 3977115 399775 3096 06 397827 )
NET2 | 347335 46101 441474 344832 443146 445206 345230 44528 445285
NET3 TTa402000 si6s1 S0 acaase T 517123 519183 4008 35 5.14863 5.16579
NET4 T35 431222 432595 334520 429917 431977 333770 428827 430583
" NET5 asrse T amae™ T amen 364865 468845 470905 2364350 463108 169825
NET6 Tagsam 49410 496143 -373487 " 479906 481966 377404 434828 43654
SP1 3052 asats2 T Tas3ss 351789 452070 454130 351047 450990 4357706
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Appendix 2 Results of Specification Tests for Various GARCH Models (Continued)

GARCH (1,1) EGARCH (1.1) GJR-GARCH (.1

LogL AIC SBC LogL AIC SBC LogL AIC SBC

SP2 342785 440263 4.41636 -341796 439251 441311 -3416 62 438951 M 4_}'; :

SP3 -334383 oaxass 430858 333455 428550 430610 33974 427805

UK1 379898 487875 489248 381211 489815 491875 13799 57 486795 488012

UK2 318270 408813 al0186 319107 stois” 41203 3ima 408260 409978

UK3 -3258.83 418580 41953 324882 417552 419612 4378 116778 41394
UKe | 331839 426221 Toazsea 322 430902 432967 < T3¢ 426321 SEEEl
UKS 39149 422770 424143 328785 4225%9 424619 -3280.04 421429 123146

UK6 mm33s | ameass asos2 0 37050 479346 481406 372580 473614 NN

asare T aszesaT T a3si904 4s2d " 454290 351 451073 452789

410932 Taimos | 31%6s5 410847 41907 318970 209840 411556

“uke 3a971 448199 Tam512 7 343496 447846 449906 341363 446265 447951

ek | 352592 assas T 4sa) 351235 45130 45340

2351091 451047 452763

k1l | 2321433 ©aas Ta1a4 T 32582 413319 Ta1538 1368 112916 414632

TuK12 23138 415838 417202 33082 0 415243 “ame2 | 3008 415073 416789

UKI3 2356952 T oassass 4ssll | 357860 459858 461918 .3564.21 457885 459602

UK14 324330 416588  41m61 an117 416057 418117 323916 416185 417901

UKI5 -345781 444106 Gasae Tasaos T adsiel T sam T344506 | 442599 444315

UK16 a7 amenT | 4383 333899 429120 431180 332798 421579 42996

458271 iseeas 7 Tasisr 0 T aswss | a6l0e 356530

wir | e 458024 40T

Us1 aesa 7 aessos Aew’e 364236 468038 470098 .3623.68 465513 467230

e waies T s ool ouiT T Canrs T e 5 18206 01897 S 15912 517428

“us3 -4030.48 Tsars12 5.18945 401579 5.15945 5.13004 0117 516064 517780

Tusse | 289903 372422 373796 289767 372504 374564 289316 37797 373514

uss” 1 3saes T asaare T assest 353397 454133 456193 352458 452801 454517

US6 s Tasss T sk 321463 Uasieé | asme | 320914 412333 114009

vs7 | s ssaim 544 Sse88  se0048 4301 44 ss62 S

434352

Uss woisi 0 sewyr | seso0  -441009 T se65® 568589 438815 563586 565302

2533 A -32’]183

420504 422563 slis a2m 4233

Us1e 437838 5605 sewd: | sl44 567086 569146 437541 561959 563676

usll 473192 T 607559 coson T aresas 61ass 6142s 4712862 607264 6 08980

Usl12 " 377864 © aesaes | 4se6 37408 486220 488279 377165 434497 486214

siz | aexiss T 62095 cmes T Taesizz T emm 626261 363362 6 20395 622555

vsia | mane T 42199 i amass T ase0 T 430659 000 -333012 427854 42957

37510 S _,43§753_ © ased 366 34 433526 - 1203

US15 ‘meon T az 434101
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Appendix 2A:  Results of Specification Tests for Vanous GARCH Models (Continued)

GARCH (L.1) EGARCH (1.1) (,Tl'-‘ xl:i}{ 11

LogL AIC SBC LogL AIC SBC Logl NS SBi-

US16 3471.54 446637 448011 345315 443766 445825 345414 4.3764 FERE
SWT1 21892 362145 “363518 281256 361586 363646 ~2805.47 " 360548 31826
SWT2 2275806 354337 3.55710 214986 T 35354 355602 274510 Tism; 354520

| SWT3 321332 412742 214115 318657 409567 411627 318925 109721 411898
SWT4 .2808.19 360768 362141 “am9.14 359864 361923 2193.09 3.59011 360727
SWT5 351890 T asieas T asm17 350176 450001 452061 349815 49409 45116

" Swpl1 T A 554878 5.56251 432252 555294 557354 431731 5.5498 s <6214
SWD2 3471 06 CasssorT 4amso 349306 448385 450945 -3467 41 445467 PPt
SWD3 226121 Tasto01 493997 225553 491103 494247 225485 490739 4319
SWD4 361864 464739 Y3V -3605.15 463265 465325 -3617.56 46478 466445
SWD5 314251 ao36se 405031 3316 403997 " 406057 D B9 402577 404294

Notes: LogL is Log likelihood function

AIC and SBC are the Akaike Information Creiterion and the Schwarz Bayesian Criterion respectively
For the stock identification, refer to Table 2.2
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Appendix 1B

Best Performance GARCH Specifications, based on Log L, AIC and SBC

FRI GIR cfifc}‘-x R A SBC
. GARCH(1,I) GA
FR2 GJR GARCH (1,1) GJR GARCH (1,1) Gmcl:c:cg'(ll)l)
FR3 EGARCH(1,1) EGARCH(L,1) GIR GARCH (1.1)
FR4 EGARCH (1,1) EGARCH (1,1) GIJR GARCH (1,1)
FRS GIR GARCH (1,1) GIRGARCH(L1) GIR GARCH (1.1)
FRS GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1.1)
FR7 GIJRGARCH (1,1) GJR GARCH (1,1) GIR GARCH (1,1)
FR8 GJRGARCH (1,1) GJR GARCH (1,1) GIR GARCH (1,1)
FR9 GIRGARCH (1,1) GIR GARCH (1,1) GIRGARCH (1,1)
GERI GJR GARCH (1,1) GIRGARCH (1,1) GARCH (1.1)
GER2 GIRGARCH(L,1) GIR GARCH (1,1) QIR GARCH (1,1)
GER3 GIR GARCH (1,1) GIJR GARCH (1,1) GIR GARCH (1,1)
GER4 GJRGARCH(1,1) GJRGARCH(1,1) GIR GARCH (1,1)
GERS GJRGARCH (1,1) GJR GARCH (1,1) GIR GARCH (1,1)
GER6 GJRGARCH(L1) GJR GARCH (1,1) GJR GARCH (1,1)
GER7 BGARCH (1,1) EGARCH (1,1) GIR GARCH (1,1)
GERS GIR GARCH (1,1) GIR GARCH (1,1) GARCH (1,1)
GER9 GIR GARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
GERLO GIR GARCH (1,1) GJR GARCH (1,1) GIRGARCH (1,1)
GERI11 GIR GARCH (1,1) GJR GARCH (1,1) GJR GARCH (1,1)
GERI2 GIRGARCH (1,1) GIJR GARCH (1,1) GJR GARCH (1,1)
Im1 BGARCH (1,1) EGARCH (1,1) GARCH (1,1)
2 GIRGARCH (1,1) GIR GARCH (1,1) GARCH (1,1)
T3 EGARCH (1,1) EGARCH (1,1) GARCH (L,1)
IT4 EGARCH (1,1) GJRGARCH (1,1) GARCH (1,1)
IT5 GIR GARCH (1,1) GIR GARCH (1,1) GIRGARCH (1,1)
IT6 GIR GARCH (1,1) GJR GARCH (L,1) GJR GARCH (1,1)
7 GIR GARCH (1,1) GIR GARCH (1,1) GARCH (1,1)
NETI GIR GARCH (1,1) EGARCH (1,1) GJR GARCH (1,1)
NET2 EGARCH (1,1) EGARCH (1,1) EGARCH (1,1)
NET3 GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
NET4 GIR GARCH (1,1) GJR GARCH (1,1) GIR GARCH (1,1)
NETS GIR GARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
NET6 EGARCH (1,1) EGARCH (1,1) EGARCH (1,1)
SP1 GIR GARCH (1,1) GIJR GARCH (1,1) OJR GARCH (1,1)
SP2 GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
SP3 GJR GARCH (1,1) GIR GARCH (1,1) GJR GARCH (1,1)
UK1 GIR GARCH (1,1) GIR GARCH (1,1) GJR GARCH (1,1)
UK2 GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
UK3 GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
UK4 GIR GARCH (1,1) GARCH (1,1) GARCH(1,1)
UKS GIJRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
UK6 GIRGARCH (1,1) GIR GARCH (1,1) GJR GARCH (1,1)
UK? GIR GARCH (1,1) GIRGARCH (L,1) GJR GARCH (1,1)
UKS GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
UKY GJR GARCH (1,1) GIRGARCH (1,1) GJR OARCH (1,1)
UK10 GIR GARCH (1,1) GIR GARCH (1,1) GIJR GARCH (1,1)
UK11 GIRGARCH (1,1) GARCH(L,1) GARCH (1,1)
UK12 GIR GARCH (1,1) GJR GARCH (1,1) GIJR GARCH (1,1)
UK13 GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
UK14 EGARCH (1,1) EGARCH (1,1) GIJR GARCH (1,1)
UK15 GIRGARCH (1,1) GIR GARCH (L,1) OJR GARCH (1,1)
UK16 GIR GARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
UK17 GIR GARCH (1,1) GIR GARCH (1,1) GARCH(1,1)
us1 GIRGARCH (1,1) GJR GARCH (1,1) GJR GARCH (1,1)
Us2 GIRGARCH (1,1) GIRGARCH (1,1) GIJR GARCH (1,1)
Us3 EGARCH (1,1) EGARCH (1,1) GIR GARCH (1,1)
US4 GIR GARCH (1,1) GIRGARCH (1,1) GIR GARCH (1,1)
Uss GIRGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
US6 GIR GARCH (1,1) GJR GARCH (1,1) GIR GARCH (1,1)
vs7 GIRGARCH (1,1) GIJR GARCH (1,1) GIR GARCH (1,1)
Uss GJR GARCH (1,1) GIR GARCH (1,1) GARCH (1,1)
Us9 EGARCH (1,1) EGARCH (1,1) EGARCH (1,1)
Us10 GIRGARCH (1,1) GIR GARCH (1,1) GARCH (1,1)
us GIR GARCH (1,1) GIJR GARCH (1,1) GARCH(1,1)
Us12 GIR GARCH (1,1) GIR GARCH (1,1) GIRGARCH (1,1)
Us13 GIJRGARCH (L,1) GIR GARCH (1,1) GIR GARCH (1,1)
US4 QIR GARCH (1,1) GARCH (1,1) GARCH(1,1)
Us15 GIR GARCH (1,1) GJRGARCH (1,1) GARCH (1,1)
Us16 EGARCH (1,1) GIR GARCH (1,1) GIR GARCH (1,1)
SWTI GIRGARCH (1,1) GJR GARCH (1,1) GJR GARCH (1,1)
SWT2 GJR GARCH (1,1) GIR GARCH (1,1) GJR GARCH (1,1)
SWT3 EGARCH (1,1) EGARCH (1,1) GJR GARCH (1,1)
SWT4 GIR GARCH (1,1) GIR GARCH (1,1) GIRGARCH(LD)
SWTS GIR GARCH (1,1) GIR GARCH (1,1) GIJR GARCH (1,1)
swp1 GIRGARCH (1,1) GIJR GARCH (1,1) GJR GARCH (1,1)
SWD2 GIR GARCH (1,1) OJR GARCH (1,1) GARCH(L,1)
SWD3 GJR GARCH (1,1) GJR GARCH (1,1) GJR GARCH (1,1)
SWD4 EGARCH (1,1) EOARCH (1,1) EOARCH (1,1)
SWDS GJRGARCH (1,1) GJR GARCH (1,1) GJR GARCH (1,1)
Notes: LogLis Log-Likehood function

AIC and SBC are the Akaike Information Creiterion and the Schwarz Bayesian Critenion respectively

For the stock identufication, refer to Table 22
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Appendix 2C: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period
This table reports the estimated coefficients (1-statistics in parentheses) for the model :

Ry= 0+ 00" + (g + YR, +5,

= g+ oyl + By + 0Xy1€%

whete Ry is the log price relative of the underlying equity of stocks (on which an USF has been introduced) at time period £

Mean Equation Variance Equation
i i H ; T 7 T
@« | 8 | ®w | @ % | o4 i B I 85 v
Panel A : France
FRI | 0315 07214 **] 01250 00245 02810+~ 00087 0989 =+ 00504 **| 14675 -
t-statistics | (0.233) (:2452) (:0355) (0.288) E5%2) (L191) ©4319) | (2209) (8955)
FR2 | 03425 00347 00755 00009 0.1068 00577 %] 09414 = 00182 15024 >
tostatistics | (1.471) 1373) (0910) (©.140) (1.275) @913) @.ssn) | ossy | s3m
FR3 | 0049 0.0053 0.1406 -0.0068 03989 *| 00570+ | 088% ™ 00476 15352
t-statistics | (0.170) (0.204) (1.530) (0978) (1.941) (2033) @3.112) (1.148) (130m)
FRA | 04053 W[ 700957 | 01016 00041 0293 | 00252 08710+ 00855+ | 14722
tstatistics | (-2.087) (2244) (1.508) (0.405) @089) (1310) (19.169) (2.2%0) 1599
FRS | 02247 00540 01453 %7 00035 0117 00481 = | 09226 =+ 00068 12
t-statistics | (.1.139) (1218) (1.767) ©239) (1.583) (1919 (30.999) oz | gasen
FRS | 50607 0131 00266 00046 00340 00054 09612+ 00555 13593
t-statistics | (.0.508) ©571) (0.316) 0807) (1.253) (0353) (69.084) (2631) (R
R7 | 0149 00239 04565 | 00128 03941 w0054 08180 | 01127 | 12871
t-statistics | (0.866) (0673) (2.298) (:1.438) (2329) (1.439) (15.096) (2054) 59
FRE | 00627 60176 02509 00396 % 12500 % | 00528 07035 01022 16530
t-statistics | (-0.153) 0259) (1,508) (167D (1878) (1.383) (05.437) a3 | 2ie
FRO | 03616 | 01315 W | 00422 0013t 06401 % | 00565 06701 01359 1298
t-statistics | (-2.114) @.241) 0.631) (:0929) (2.445) (1.564) (©5972) (1957) (16810)
Panel B : Germany
GERI | 00261 200017 01142 00036 01857 00529 **] 09200 = 00287 22 =
tstatistios | (0.115) (:007) (1258) (0.497) (1.330) 2339 (0969 __| (o100 as0em)
GERz | 0,100 00088 00489 00108 04604 100533 +| 08207 e 01080 1253
t-statisties | (0.562) (:0.266) (-:0.723) (1.298) (2.162) (2.225) ey | aen lq I
CERs | 00202 00119 01358 | 00084 02008 | 00154 09139 00878 .
t-statistics | (0.119) (0.461) (2.001) (LL16) (2200 ©928) (36.245) (2.404) aisiy
GER4 | 02360 00425 00066 00024 01760 | 00190 09123 % 00764 W | 11110
st 0420 0.336) (2168) (1.509) (32813) (2.147) (20.044)
t-statistics | (-1.600) (1,456) (-0.420) ; Lo L aio) S -
GERS | 00745 00122 01177 00104 01947 00276 . . .
1.388) (L676) (25.258) (1.136) (19.667)
t-statistics | (.0.287) ©.299) (1.125) (:0.766) ( : - logn
GERS | 08768 | 02180 % 00520 00024 01424 00128 09276 . .
' 55 (1.467) (0.805) (24959) (1.359) (12794)
tostatistics | (-1964) (L67) 0.306) (:0055) . . ! _
01657 00362 08963 w0074 1.4443
GER7 | 01354 00259 00123 00102 . !
) 1.488) (1.290) (22:666) (1.787) (16,102)
t-statistics | (-0.710) @2 (0.119) Q0 (480 Uz @ | (8 ot
GERS | "G.0145 00025 00506 0 s om0 Do ouail -
e i oo s S oIon T e 12598
GERD | -0.1082 0.0158 00797 il 256 oios S oo e
e Ry St 555 - v 07749 ol 01639 W 14023 e
GERI0 | "-0.1474 00361 00362 . ] . - Loz
t-statistics | (-0.754) 0.663) ©338) 0509 Qo) 0312 @1y | @ ()
GERI1 | "-0.0973 00242 00233 00 . | ‘ 027 el
T B o
GER12 | "-04792 % | 00305+ | 01056 0. . ! . 131
t-statistics | (-1818) (1696) (1.493) 0.713) @s11) (1.464) (14082) (3.143) (15.166)
Panel C : UK —
UKI | 00332 0.0052 R e I A I ?1(?4376) (:.;z;:;)
t-statistics | (0.151) (0.198) (4278) (2922 2212) (2.456) (18:304) SECTDI.
R T R e 00417 01513+ | "0.0004 05390 i 00477 1395
ol ' ' ' 665 2261 (13.562)
t-statistics | (-1.992) (1.964) (1.206) L1 30 0049 Gosen . Qi 036D
Uks | 00484 00036 00130 ! ) ! . oo
0945 (39.331) (2:306) .
t-statistics | (0.296) ©113) (:0.166) (0.483) (1634) 024 B3 4 00 Lo
UK4 | 00257 -0.0025 g e o 0.411) Q69 | s | @79
Lotatistics 1 (0039 (2N (0‘90622 v (],0;232) S E,”Z;? " (06701 w0813l 00174 14605+
UKs |"-0.3506 0.0935 051 0. . ! o131 e aoan
atatisties | (:1.348) A2 b T Sae e 516 ooms 13133+
Uks | 50642 00004 01361 %! -0.0025 02094 oo ooe ooms oy
t-statistics | (:0307) (0.016) (1,736) (2240 T 00034 09865 +++ 00787 **+ 15530 ***
K7 0413 0087 02002 " 00iE3 "+ | 0.0633 002 Domes T
tetatistios | (:1828) | (1518) T PR = 0909 e 0OM2 ] 16M3 o
UK | -033565 % | 00820 0137 00182 01 ) Qe | (14606)
(1.825) (1.189) (33.424) (20 A
testatistics | (-1.797) (1.626) (1.416) (-0.968) 825 (89 .
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Appendix 2C: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period (continged)

Mean Equation Variance Equation
i T 7
o 6 | % ¢ ) 4y | B i 8 v
Panel C : UK
UK9 -0.1689 0.0309 0.1015 0.0011 0.1639 * | 00337 09026 *= 00819 **i 17223 **
t-statistics | (-0923) (1.003) (1.321) (0.117) (1911 (1.563) (35.436) (2.181) (10.806)
UK10 02088 *: 00542 **| _00058 0.0075 05777 **| 00452 * | 08092 **= (1397 ** 12676 »*»
{-statistics | (-1.702) (2.046y (-0.080) (1.040) (2.244) (1.670) (13.601) (2.075) (16331)
UK11 -0.1624 0.0435 00785 -0.0278 04945 **: 00753 *i 07967 *= 00332 13528 o»e
t-statistics | (-0,705) (0.789) (0.676) (-1.284) (1.971) (2.064) (10244 (0.663) (14510)
UK12 -0.0364 0.0132 -0.0255 00078 0.0984 00321 09280 *=~: (.0362 12915 e
t-statistics | (-0.210) (0.327) {-0.289) (0.483) (1637 (1.557) (38.382) (1.004) (15.493)
UK13 -0.1932 0.0279 02397 00201 00334 00307 *| 09382 *+ 00360 13552 e
t-statistics | (-0.952) (0.755) (-2.616) (1.488) (1.325) (1.373) (44.764) (1.4%9) (15.794)
UK14 00274 -0.0049 00174 -0.0012 00842 *; 00279 09401 **=~ 00274 1.1354 >
t-statistics | (0.187) (-0.147) (0.255) (-0.114) (1.769) (1.182) (47.324) (0.857) (13.801)
UK15 -0.2598 0.0449 -00418 0.0070 03568 *++ (0.0407 03480 ***i (1044 **| 13096 e
t-statistics | (-1.600) (1.527) (-0.738) (1.192) (2.611) {1.490) (21.729) (2.303) (14993)
UK16 -0.1409 0.0309 0.0562 -0.0030 13084 ***| 02364 | 04714 *== (01573 11353 =
t-statistics | (-1.249) (1.334) (1.010) (-0.644) (3.318) (2.430) (4.569) (1.182) (15598)
UK17 -0.1372 0.0212 0.1007 -0.0038 03380 *| 00614 = ! 08748 *= (00221 12011 e
t-statistics | (-0.629) (0.583) (1.174) (-0357) (1.781) (1.685) (16.896) (0.576) (15.595)
Panel D : US
Us1 0.1256 -0.0107 -00353 0.0025 05048 > 00424 08582 *** 00796 * | 12665
t-statistics (0.574) (-0.366) (-0.573) (0.482) {2.520) (1.343) (20.201) (1.781) (16.681)
Us2 0.1846 0.0018 -00739 -0.0015 07402 *** (0.0092 0.7919 *»%| (02737 e+ 17002
t-statistics (1.091) (0.098) (-1.381) (-0.526) (3.757) (0.316) (21 634) (4.805) (13.533)
Us3 0.0762 0.0060 -0.1078 * | 00019 09001 ***! 00241 08531 **» 01749 ™ 14232 v+
t-statistics (0.313) (0.256) (-1.909) (0.569) (2.831) (0.859) (19.151) (3.016) (20.186)
US4 -0.3048 0.1167 -0.0804 0.0150 0.1433 0.0216 0.9086 **+ 00439 16272 ww»
t-statistics | (-1.091) (1.216) (-0.526) (0.327) (1.299) (1.113) (18.0;3) . E]l 0165512) . (:l 48)32) o
Uss -0.2771 0.0518 -0.0734 0.0095 02261 **{ 00065 094 ) X
t-statistics | (-1.115) (1.419) (-1.065) (1.178) (2.‘.;.;35) (01 [:3]3’219) (;:gg) - (030;00633 - (19;2;) -
US6 -0.1989 0.0570 0.1031 -0.0102 0.2 - | . | ; »
t-statistics | (-0.937) (1.082) (1.139) (-0.590) (1.877) (0.139) (18.112) (2.4397) " ( :62:;3) —
uUs7 05160 * | 00249 * | 0.1619 == 00044 **| 06443 **! 00236 ***| 09206 *™i 01667 *** 1. -
t-statistics (1.884) (-1.701) (4.519) (-2.357) (2.118) (0563205) (g?;ig) - 5331869209) - (:9632) —
Uss 0.5524 | .0.0229 -0.1076 0.0009 0.7128 ¥+ 00228 . . J
t-statistics (2.200) (-1.284) (-1.485) (3,2;61; . 32.1559638) - ?:14;) (339123) - (:f;:; - (:3’6?3;) -
Us9 -0.1050 0.0269 0.1411 * i -00 . | . . |
t-statistics | (-0.611) (0.629) (1.833) (-1.852) (2317) (0.957) (33.349) o 84:167487) - (:33??3) T
USs10 0.0788 0.0023 -0.0260 -0.0006 2.1967 *++ 01092 i 0.7450 .
t-statistics (0.271) (0.187) (-0.392) (-0.387) (122739963 - 82[;135943) ([1123;;? - (011927975) .. (:64;:7]:) e
USs11 0.2080 -0.0036 0.0068 -0.0011 . ! } . .
t.statistics (0.661) (-0.338) (0.099) (-0.791) (2.343) (1.481) (23.993) (2.335) (17.270)
Us12 -0.4209 00604 > | 01398 *| 00082 * | 29915 ™= 00414 0.5876 ***; 02333 **| 15038
isti - 1.764) (-1.748) (1.667) (2.881) (1.054) (3.140) (2.476) (15.503)
T e E] 5092 0.0690 0.0012 10453 *»k 00481 *** 08241 ** (1078 ***| 14002 ‘*+
Us13 -0.3495 ! -0. | J | : . .
isti 0.560 (0.660) (-1.348) (1.006) (2.858) (5.832) (18.934) (3.077) (11.467)
t's:;t'::m (;J .5107) 0 i048 0.0195 0.0038 0.3853 0.1211 **+{ 07132 *= 0.1372 1.5825 e+
t-statistics | (-1.266) (1.400) (0.215) (0.302) (0.433) (2.000) (2.831) - (1.509) - ( :gi:;) —
Hokok
USs1s 03976 i 06435 ki 03301 i 00856 v+ 05227 C;Uz:s-’:: ?29;3252) ?33:3.7?) dams)
t-statistics | (-3.016) (3.117) (-2.063) (3.311) (0.367) (3.259) : .9015 — 0.06 ) : 6377 e
US16 -0.2073 0.0394 -0.0601 -0.0040 0.5962 0.1339 1.4 050 (- 0 por (2[.) o
t-statistics | (-0.397) (0.493) (-0.821) (-0.469) (0.302) (1.504) (14 0. |
P”wl}l'li: = 0.1383 0.0373 0.0781 -00320 02301 *! 00197 08835 **! 00789 *: 135911
-statisti -0.606 (0.605) (0.754) (-1.416) (1.697) (0.903) (17.287) (1.868) (14.723)
B Ry 0.0404 0.1998 ™« .0.0097 10335 **i 00543 07844 ***| 04313 **i 13156
Im2 -0.2886 | . -0. ! . :
isti 1.400 (2.450) (-1.532) (2.121) (1.446) (10.916) (2.178) (15.604)
e o . 19 0.0206 01323 * i 0.1506 0.7427 **>i 02087 1.1637 ***
IT3 -0.0227 -0.0233 003 0. . . ) .
-gtatisti .0.250 (-0.623) (-0.351) (-1.163) (1.759) (1.5%9) (10.108) (1.398) (8.086)

: ﬂ;;:ms (U 0046) 0.0031 02934 = 00307 ***| 02111 * i 00717 »*»+ 08934 * 00167 16683 ***
isti 0 6102 (3. 201) {-2.969) (1.851) (3.018) (29.474) (0.518) (12.022)
t-statistics | (-0.021) (0.102) '107 5wkl 00073 * | 00748 *| 00674 **+ 08960 ***/ 00515 13991 w*

ITS -0.0340 0.0079 0. -0 I L : |
isti 0.425 (2.186) (-1.699) (1.938) (2.634) (48.205) (1223) (15.789)
t-statistics | (-0.374) (0.425) o 05556 |0 0454 08444 e 00904 * | 148] =
g 032 0.0523 -0. . | . I
0.922 (0.743) (-0.784) ( )
t-statistics | (-1.143) (0.922) : e ST T omr w5 8996+ 0.0063 15091 o=
Im -0.0948 0.0154 0.0850 -0. . | : |
0220 (14095)
t-statistics | (-0.518) (0.639) (1.208) (0.777) (1.745) (3.012) (34.187) [( )
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Appendix 2C: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period (continued)

: Mcanl:;qlnﬁnn V‘annce Equation
@« i 8 i @ ® % “ | B i 8 i v
Panel F : Netherland
NET1 -0.3787 0.1352 0.1170 -0.0442 0.1112 0.0007 09324 * 00600 16768 *+
1-statistics | (-1.048) (1.094) (0.601) (-0.761) (1.023) (0.024) (16.816) (1.320) (7.91)
NET2 00454 0.0090 0.1143 **: .0.0004 00766 **: 00279 09079 **+* 00974 *** 12152 <=
t-statistics | (0.561) (0.431) {2.532) (-0.065) (1978) (1.277) (38.848) (2.601) (13.405)
NET3 -0.2469 0.0331 01101 * i .0.0041 04576 **: 00286 08730 *** 01103 *** 15522 =+
t-statistics | (-1.078) (1.414) (1.700) (-0916) (2.274) (1.108) (23.719) (2.854) (13.698)
NET4 -0.0639 00189 01078 **i .0.0067 01277 *~~ 00005 09066 ***: 01223 * 13320 =
t-statistics | (-0.622) (0.718) (2.025) (-0.825) (2.667) (0.029) (35.626) (3.302) (13848)
NETS -0.1918 0.0409 01762 *+; 00091 0.1092 *: 00127 09313 ** 00713 *** 16263 ***
t-statistics | (-1.071) (1.057) (2.289) (-0.706) (2.119) (0.799) (45.765) (2967 (13.320)
NET6 0.0402 -0.0001 00398 0.0098 00812 00680 *** (08834 ***+ (0590 14915 w»e
t-statistics | (0.350) (-0.004) (0.565) (0.684) (1612) (2.659) (32301) (1338) (13.462)
Panel G : Spain
SP1 00714 -0.0046 0.1052 -0.0030 0.1898 00298 09067 >+ 00783 **! 15614 v+
{-statistics (0.331) (-0.132) (1.270) (-0.291) (1.611) (1.577) (28.986) (2.064) (12.727)
SP2 00255 0.0142 -0.0805 0.0059 0.1159 **! 00069 09174 **x| 00973 *** 13563 ***
1-statistics (0.253) (0.645) (-1.600) (1.036) (2.438) (0.329) (45.270) (3916) (16.799)
SP3 -0.0508 00134 0.0538 0.0015 01073 i 00340 *: 08560 ‘**** 0.1852 ***! 15108 >+
t-statistics | (-0.706) {0.774) (1.186) (0.412) (2.593) (1.915) (33.976) (4.144) (14.709)
Panel H : Switzerland
SWTI1 0.1313 -0.0675 0.0320 0.0136 0.0080 0.0088 09631 *l 00415 * | 11377
t-statistics | (1.539) (-1.541) (0.449) (0.505) (1.028) (0.624) (87.657) (1.726) (15.960)
SWT2 -0.1312 00914 -0.0193 0.0250 03110 ™+ 00005 07239 *wx 02506 **+| 11949 e
t-statistics | (-1.303) (1.642) (-0.343) (1.269) (2977 (0.013) (9.168) (2.976) (15.075)
SWT3 02699 * | 00947 **; 01270 **{ -0.0133 03884 **| 00164 0.7993 ki 01461 R+ 12074 e
t-statistics | (-1.875) (2.148) (2.163) (-1.140) (2.456) (0.533) (12.780) (2.669) (15.350)
SWT4 201752 “+| 01087 **i 01026 **i -00111 02926 **++ 00374 06971 *+| 02209 **; 10286 ***
t-statistics | (-2.234) (2.212) (2.361) (-0.865) (2.752) (0.834) (8.721) (2.407) (14.094)
SWTS -0.0452 0.0236 0.0241 -0.0085 0.1536 *** 00477 * | 08566 ** 01343 *** 11948 -+
t-statistics | (-0.513) (1.139) (0.525) (-1.712) (2.639) (1.738) (26.712) (2.730) (14982)
PanelI: Sweden
SWD1 0.5985 ) .00346 -0.0018 0.0008 00515 00238 **; 09736 *** 00007 12081 ke
t-statistics | (2.026) (-1.632) (-0.020) (0.165) (0.886) (2.213) (90.702) (0.044) (18.221)
SWD2 0.0126 -00108 -0.0136 -0.0098 03722 0.0504 08541 i 00477 12261 v
t-statistics | (0.055) (-0.220) (-0.151) (-0.670) (1.518) (1.644) (12.054) (0.932) (14.246)
SWD3 08070 *+i 0.0625 0.2025 -00105 0.2539 00230 09005 = 01223 *; 15777 *
t-statistics | (-2.029) (1.321) (1.427) (-0.784) (0.989) (0.649) (19.548) (1.907) (1927
SWD4 0.0238 0.0005 00713 * 0.003 1.0481 **+ 0.0523 0.7687 ***+ 00903 10297 =
t-statistics | (0.144) (0.022) (1.902) (0.160) (2.584) (1.255) (10.798) (1.227) (25.866)
SWD5 0.1763 -00628 0.2400 -0.0587 08385 0.0483 07120 ™ 00258 13049
t-statistics | (0.373) (-0.477) (1.078) (-1.044) (1.176) (1.219) (03.187) (0.415) (14.487)
Notes: *, A Significant at 10%, 5% and 1% respectively

For the stock identification, refer to Table 2.2

v is a scale parametex or dsgrees of freedom estimated endogenously. The GED nests the nomal (for v=2) and the Laplace/double exponential (for v=1).
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Appendix 2D: Maximun Likelihood Estimates of the Feedback Model, Post-Fatures Period
This table reports the estimated coefficients (t-statistics in parentheses) for the model :

Ry= o+ 00 + (g + ¢oP)Re; + 5

oy = g+ ayehy; + Py + 5Ky

where Ry is the log price relative of the underlying equity of stocki (on which an USF has been introduced) at time peniod f.

: Meanl:?luaﬁnn . Variance Equatisn
@« | 8 i @ | @ % | o I B 1’ | v
Panel A : France
FR1 00985 00343 01435 **! 00154 01226 *= 00166 08588 ***+| 01639 *™ 19535 e+
t-statistics | (-1.030) (1.049) (-2217) (1214 (2.808) {0.626) (26.496) (3.699) (12.050)
FR2 -0.1282 0.0002 00984 * i .00016 00463 00178 09305 *=+ 00998 = 21870 ***
t-statistics | (-1.074) (0.019) (1.742) (-0.691) (1.441) (1.173) (61.882) (4.560) (10344
FR3 0.1632 -0.0017 00643 -0.0024 0.0403 00028 09632 ** 00618 *** 15277 =
t-statistics | (-0.781) (-0.136) (1.048) (-0985) (0.733) (0.242) (81.995) (4.026) (15.766)
FR4 .0.1088 0.0096 0.0089 0.0025 00949 **+ 00002 09224 *»+ (1337 werl | 6784 s
t-statistics | (-1.015) (0.736) (0.151) (0.738) (2.585) (0.012) (52.160) (4319) (13321)
FRS -0.1183 0.0032 -0.0039 0.0014 01720 **+ 00020 08868 *** 02059 **| 13562 ***
t-statistics | (-1.198) (0.334) (-0.099) (1.456) (2.793) (0.080) (43.311) (4310) (14.307)
FR6 00277 0.0065 -0.0684 00078 00688 **! 0.0281 08323 ** (0.588 | 14332
t-statistics | (0.368) (0.344) (-1.357) (1.419) (2.156) (0978) (36.502) (3.167) (18.020)
FR7 02126 **{ 00286 00629 -0.0068 00774 **| 00264 09130 *=* 00833 **~ 14242
t-statistics | (-2.189) (1.197) (-1.197) (-0953) (1.989) (1.204) (40.307) (2617 (14037
FR8 00131 00044 00812 00131 00972 *| 008063 **| 08845 ™ 00282 13045 >
t-statistics | (.0.129) (0.163) (-1.286) (1.294) (1.887) (2.554) (28.795) (0.623) (15.139)
FR9 -0.0002 -0.0006 01151 i 0.0006 00493 **! 00285 08953 * 01376 = 14343
t-statistics | (-0.003) (-0.046) (-2.607) (0.249) (2.315) (1.368) (50.602) (3.508) (13.670)
Panel B : Germany
GER1 00386 00146 -0.0620 00025 00353 * i 00237 00238 *++l (1021 *er 17230
t-statistics | (0.349) {-1.008) (-0.975) (-0.604) (1.767) (1.483) (53.460) (3.241) (13.417)
GER2 .0.0830 0.0052 -0.0443 0.0005 01085 **! 00071 09110 ** 01561 "% 17514 +e*
t-statistics | (-0.769) (0.275) (-0.776) (0.096) (2.539) (0.466) (47.098) (5.443) (12.989)
GER3 00165 -0.0024 00183 0.0000 0.0451 00104 09576 ***+ 00962 ***| 19292 *»
t-statistics | (-0.111) (-0.123) (0.212) (0.002) {1.532) (0.856) (66.581) (4122) (11.364)
GER4 -0.1088 -0.0007 0.0042 -0.0004 01096 **| 00275 08936 ***| (01368 | 18432 e
t-statistics | (-0.960) (-0.049) (0.074) (-0092) (2.399) (1.079) (39.439) (4.276) (13.273)
GER5 01736 * 00090 -0.0274 0.0027 01126 **! 00405 08630 ™ 01776 ***| 16300 ***
t-statistics | (-1.870) (0.647) (-0.519) (0.911) (2.280) (1.395) (32.053) (4771 (15.043)
GERG 0.1306 -0.0265 0.0340 -0.0059 0.0483 00169 09254 *** 01069 *** 19603 ***
t-statistics | (0.858) (-1.048) (0.471) (-0.776) {1.103) 0.737) (42.453) (4.004) (10.440)
GER7 -0.0064 00129 02080 *** 0.0046 00523 **{ 00118 09248 **x (1394 *ex 15206 v+
t-statistics | (-0.076) (0.505) (-3.396) (0.405) (2.165) {0.509) {40.933) (4.222) (13.649)
GERS 03421 **| 00159 -0.0255 00016 02130 **| 00824 **| 08736 **! 0.063! 13679 >
t-statistics | (-2.369) (1.101) (-0.399) {0.465) (2.144) (2.385) (28.157) (1.462) (14.159)
GER9 -0.1957 00227 00720 00073 00795 **| 00099 09296 *== 00944 wwwi 16525
t-statistics | (-1.559) (0.963) (1.080) (-0.962) (2076) (0.506) (48.169) (3.445) (12.501)
GER10 -0.0087 00162 01056 * | 0.0003 00426 **| 0.0009 09191 *++| 01382 | 14761 **
t-statistics | (-0.112) (0.638) (-1.804) (0.028) (2.093) (0.067) (45.965) (3992) (12.821)
GERI1 -0.0351 .0.0044 -0.0009 -0.0065 00112 00176 **! 09714 ** 00920 **| 13928
t-statistics | (-0.403) (-0.264) (-0.018) (-1.579) (0.675) (2.493) (93.485) (6.272) (15.778)
GERI2 0.0385 00122 -0.0264 00022 00120 00154 ***| 09910 **x 00595 *=*| 14141
t-statistics | (0.377) (-0.793) {-0.560) (0.475) (0944) (4074) (201.657) (6.310) (18.291)
Panel C: UK
UK1 -0.1384 00118 00162 00064 00699 **: 00108 09367 *= 01340 *** 19115 ***
t-statistics | (-1.135) (0.632) (0.249) (-0944) (2349) (1.037) (54.425) (3649 (15.275)
UK2 -0.1023 0.0279 00919 0.0051 00985 **i 00315 08741 ™+ 01262 *** 16887 ***
t-statistics | (-1.019) (0.832) (-1.423) (0.420) (2.462) (1.051) (33.410) (2318) (12.529)
UK3 -0.1000 0.0307 00257 -0.0057 00977 **~ 00054 08972 %+ 0.1493 ***| 12512 ***
t-statistics | (-1.258) (1.044) (-0.549) (-0.563) (2.683) (0.254) (42.579) (3.862) {18.279)
UK4 03747 wexl 00987 s 01115 *| 00169 02167 ***| 0.0060 08438 **| 0.1978 ***| 1524 ***
t-statistics | (-3.370) (2.785) (-1.797) (1.408) (3.189) (0.246) (23.051) (3678) (182713
UKS 02208 *=| 00522 * | -0.0799 00158 * | 0.1569 ™| 00016 08822 *++| 0.1741 **+| 14203 **
t-statistics | (-2.138) (1.832) (-1.406) (1.802) (2.639) (0.095) (29.036) (3.429) (15829)
UK$ 01117 0.0019 -0.1005 0.0044 0.0199 0.0018 00457 ***| 01008 ***| 16874 ***
t-statistics | (-1.046) (0.097) {-1.520) (0.595) (0.965) (0.116) (61.025) (3359) (13692)
UK7 0.0640 0.0035 -0.0083 00018 00739+ 1 00685 **| 08748 **| 00922 | 15512 **=
t-statistics | (-0.670) (0.160) (-0.129) (-0.252) (1.710) (2.134) (28.546) (2258) (12.133) —
UKB -0.0487 00213 -0.0082 -0.0052 0.1138 ™+ 00208 08304 **+ 01178 **| 14157
t-statistics | (-0.514) (0.697) (-0.138) (-0.505) (2.893) (0.592) (29322 (2.456) (15.205)
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Appendix 2D: Maximun Likelihood Estimates of the Feedback Model, Post-Futures Period (continued)

Mean Equation : Variance Equation
@ 6 %o L » % oy | B ; ) v
Panel C: UK
UK9 00624 00149 .0.0236 0.0065 00883 ** = e
tstatistics | (-0.681) (0.694) (-0.523) (0.965) (2375) 36051;; (2'1% ?319?41) ) :.54914 ™
UK10 01110 00361 *; 010200 *i 00034 01878 00273 08256 ** 02152 *= (132?) e
t-statistics | (-1.409) (1.801) (-2070) (0.628) (3.309) (0.944) 2234 (413) (15.305)
UKI11 0.0436 00034 -0.0817 00150 0.0283 00270 09397 *** 00450 * | 13043 >
t_statistics | (0.540) (-0.101) (-1.515) (-1.426) (1.591) (1.339) (53.335) (L703) (16017)
K12 00219 00179 0.0102 00147 00170 0.0056 09622+ 00419 | Looa
t.statistics | (-0.332) (0.551) (0.206) (-0.950) (1.551) (0.334) (77.463) 2.170) (14876)
UKI3 -0.1042 00137 00744 -0.0061 00434 *| 00366 * | 09328 == 00419 | 16397 o
t.statistics | (-0.976) (0.579) {-1.235) (-0.839) (1.883) (1.691) (51.559) (1671) (14132)
UK14 00293 0.0234 -0.0034 00137 01568 **i 01038 *| 08222 *= 00229 10885
t.statistics | (-0.381) (0.662) (-0.069) (-1.226) (2.216) (1.955) (13962) (0387) @537
UK15 -0.1504 0.0404 0.0104 00092 0053 **! 00204 09222 *** 00850 **| 16280 **
t-statistics | (-1.618) (1.501) (0.134) (-1.010) (2.017) (0.500) (42.465) (2.536) (15.664)
UK16 -0.0409 -0.0011 0.0638 00477 | 00412 * | 00067 09432 *=+i 00634 = 1336] ~=
t-statistics | (-0.384) (-0.033) (0.991) (:3.141) (1.714) (0.404) (57.762) (.12 (15.852)
UK17 01305 *| 00287 * | -00022 -0.0020 01975 e« 01338 i (7312 | 01686 % 10973 e
t-statistics | (1.682) (-1.716) (-0.043) (-0.445) (2.609) (2.820) (18.971) (2.113) (21.434)
Panel D : US
Usl .0.1217 0.0264 -0.0257 -0.0093 0.1016 0.0211 09179 ** 00824 **| 13638 *=
t-statistics | (-0.846) (0.890) (-0.359) (.0931) (1.597) (0.902) (32.234) (2.385) (15.499)
US2 0.0347 0.0004 00716 0.0013 01218 **| 00150 09542 *+*+ 00977 e 15667 e
t-statistics | (0.216) {0.029) (-1.169) (0.375) (2.080) (1.469) (56.910) (3.663) (16.600)
US3 0.1808 -0.0219 -0.0508 0.0013 0.0418 00246 **| 09744 = 00957 v« 14026 ***
t-statistics | (1.170) (-1.368) (-0828) (0.336) (1.136) (2.004) (110.112) (4219) (21.060)
US4 .00165 0.0260 01406 **| 00062 00703 **| 00153 08868 [ 01170 *** 15777 e
t.statistics | (-0.207) (0.660) (-2.436) (0.391) (2.545) (0.614) (32.252) (3.419) (13317
USss 00514 0.0155 -0.0328 -0.0006 00572 **| 0.0024 09226 | 01213 wexl 14103 e
t-statistics | (-0.601) (0.743) (0.718) (-0.140) (2.002) (0.127) (50.848) (3.883) (15:255)
US6 03123 01032 -0.1666 00550 *| 02864 * ! 00588 08482 | 00030 12003  wew
t.statistics | (-1.363) (1.335) (-1611) (1924) (1.750) (1.243) (11.574) (0.071) (18.170)
Us7 01243 0.0020 01451 *| 00040 00108 0.0074 09839 x| 00430 wwel 14897
t.statistics | (-0.797) (0.469) (-1.924) (0.689) (0.638) (0.802) (158.592) (2.810) (17.588)
USss 01315 -00112 -0.0161 0.0007 0.0874 0.0215 09755 | 00042 11248 e
t.statistics | (0.353) (-0.548) (0.172) (0.162) (0.767) (1.588) (74.361) (-0.262) (19.114)
Us9 -0.0626 0.0001 -0.0668 00110 00404 * | 00028 09557 ww%| 00783 el ]3333 s
t.statistics | (-0.575) (0.003) (-1.036) (0.943) (1.736) (0.238) (66.297) (2.891) (17.476)
USsIo 0.0097 -0.0011 -0.0699 0.0006 0.0533 0.0067 09748 #w*| 00534 *w*i 5448
t.statistics | (0.055) (-0056) (:0.928) (0.098) (1.583) (0.762) (100.395) (2902) (14018)
US11 -0.0022 00071 -0.0308 -0.0006 0.1197 00376 **| 09524 *=| 00118 12087 we*
t.statistics | (-0.008) (-0.589) (:0.434) (-0.283) (1.110) (2.444) (58.715) (0.566) (14627
Us12 -0.1029 00176 01195 * 00035 00815 **| 00016 09233 *w 01251 ***| ]5468
t-statistics | (-0.976) (0.748) (-2.299) (0.603) (2397 (0.095) (51.838) (3651) (13.781)
Us13 0.0495 -0.0069 0.0231 0.0008 0.0275 00208 " 09710 =i 00400 **+| 14130 *=
t-statistics | (0.222) (-0607 (0.301) (0.295) {0.769) (3.514) (181 .842) (4.466) (13.780)
Usl4 -0.0444 0.0066 .0.1024 00110 00905 * | 00666 * 08335 ™= 00437 13705 =+
t-statistics | (-0.414) (0.185) (-1.599) (0.803) (1.818) (1.861) (23.677) (0.906) (12.779)
USI5 03100 **! 01145 **i 02293 **| 00376 01068 **! 00280 08958 %+ 00756 * | 15235 ™+
t.statistics | (-2.165) (2.047) (-2.506) (1.478) (2.037) (1.368) (24.289) (1.880) (12.779)
US16 0.0007 -0.0062 .00181 -0.0027 00134 % 00212 e 09997 e 00479 x| 12963 >
t-statistics | (0.007) (0227 (:0.247) (-0.185) (1817 (4999) (272.031) (4173 (14657)
Panel E : aly
Tl -0.1037 00584 *| -0.1012 00103 00814 **| 00289 09021 *™ 00786 **| 1344 *
t-statistics | (-1.052) (1.743) (-1.537) (0.737) (2.199) (1.107) (33.878) (2.030) (15.266)
Im2 0.0505 -0.0080 0.0445 -0.0043 00192 0.0052 00588 *w 00588 **| 1298 ***
t.statistics | (0.568) (-0.458) (0.947) (-0960) (1.168) (0313) (89.865) (2.568) (19.232)
T3 00175 00155 01017 **| 00021 00686  * | 00662 *| 08908 *»* 00356 12178 ==
t-statistics | (-0.246) (0.522) (-2.043) (0212) (1.870) (1.663) (22.655) (0.755) (23.794)
IT4 01817 **| 00378 .0.0033 -0.0072 00487 **i 00074 09184 %= 01213 *=*| 14365 **
t-statistics | (-2.187) (1.562) (0057 (-0.704) (2.486) (0.397) (49.557) (3.786) (14773)
ITS 00700 00228 -0.0007 0.0031 00437 ** 0032 09008  ***| 01094 ***| 13366 ***
t-statistics | (-1.160) (1.122) (-0.016) (0.474) (2.496) (1.211) (41 854) (2:830) (17619
IT6 0.0401 -0.0082 -0.0702 .0.0028 00198 0.0151 09553 | 00493 **| 16050 ***
t.statistics | (0.363) (-0.341) (-1.118) (-0.338) (1.023) (0.900) (70.792) (2319 (1213)
m? 00224 0.0063 00554 0.0053 0.0020 0.0200 00633 **| 00216 15639 ***
t-statistics | (-0.204) (0.201) (-0.763) (0.354) (0.175) (1.624) (98.551) {1.156) (12670)

86



Appendix 2D: Maximura Likelihood Estimates of the Feedback Model, Post-Futures Period (continued)

’ Meanl':pmtin : Variance Equatisn
@ | 8 I ™ ¢ ) a B I 5 v

Panel ¥ : Netherland

NE'I'l. -0.0492 0.0091 0.0055 -0.0052 00425 =*i 00197 09106 ***| 0.1083 **== 6518 ==
t-statistics | (-0.568) (0.313) (0.096) (-0.550) (1.806) (0.943) (49 386) (3.252) (13356)
NET2 -0.1374 00101 00974 * | .0.0040 0.1082 *= (00030 08936 **=* 019482 **=*| 15763 =
t-statistics | (-1.520) (0.868) (1.872) (-1.526) (3.055) (0.137) (51.688) (5.107) (14.826)
NE"I‘S. -0.1081 0.0084 0.0567 -00054 0.1089 * ! 00023 09394 *r+ (00939 *** 17890
t-statistics | (-0.634) (0.509) (0.841) (-1.297) (1.804) (0.197) (60.671) (3.885) (13682)
NEM -0.0663 0.0098 -0.0211 -0.0024 0.0682 **: 0.0202 08852 *++ 01673 *** 14079 =
t-statistics | (-0.919) (0.676) (-0411) (-0611) (2.568) (0.754) (41.184) (4.515) (14.845)
NETS -0.17119 0.0026 -00174 0.0006 00985 *{ 00039 09028 =+ (1819 wwxi 16817 e
t-statistics | (-1.619) (0217 (-0.354) (0.290) (1.938) (0.165) (40.777) (5.228) (13.566)
NET6 -0.0961 -0.0001 0.0280 0.0000 0.1779 0.1692 **i 07790 ** 03037 *** 09236 ™
t-statistics | (-1.591) (-0.028) (0.899) (0.223) (1.489) (2.564) (17.827) (3.056) (29.827)
Panel G : Spain

SP1 -0.0084 -0.0005 0.0014 00015 00340 * | 0.0066 09413 ***i 00902 ™™ 17425 e
t-statistics | (-0.073) (-0.022) (0.018) (0.133) (1.788) (0.509) (60.282) (3.395) (14.280)

SsP2 -00158 0.0037 00211 -0.0053 00373 *+; 00114 09202 e+ 0.1506 **+ 17037
t-statistics | (-0.184) (0.224) (0.369) (-0942) (2.037) (0.642) (57.905) (4.965) (13.025)

SP3 01498 * | 00258 * | 00158 -0.0027 00454 =+ 00450 *** 09589 *wki (1551 ] 17416 o+
t-statistics | (-1.913) (1.695) (0.256) (-0.366) (3.046) (2.769) (86.380) (6.716) (13.549)
Pane] H : Switzerland

SWTI -0.0301 00115 -0.0646 0.0255 00278 * i 0.0010 09277 | 01228 e 12339 we=
t-statistics | (-0.430) (0.318) (-1.178) (1.330) (1.933) (0.069) (41 582) (3.534) (15.133)
SWT2 0.0158 -0.0064 -0.1069 **| 0.0040 00338 **: 00603 **| 08837 ™+ 00619 *| 13742 ‘o
1-statistics (0.293) (-0.186) (-2.051) (0.253) (2.082) (2.056) (29.359) (1.816) (15.880)
SWT3 -00810 00516 **| -0.0803 0.0201 **| 00701 *+ 00076 08784 *++1 02015 *** 14813 >
t-statistics | (-1.312) (2.197) (-1.593) (2017) (2.733) (0.364) (35.006) (4377) (12.411)
SWT4 -0.0426 0.0200 -0.0057 -0.0013 00390 * i 00128 09352 ***i 0.0734 ***| 1464] v
t-statistics | (-0.503) (0.557) (-0.103) (-0091) (1.947) (0.723) (45.002) (2.731) (13.452)
SWTS -0.0407 0.0095 0.0451 -0.0008 00804 *+i 00355 08985 ki 0.1024 Mk 3579  chlw
t-statistics | (-0.487) (0.635) (0.974) (-0.253) (2.100) (1.368) (46.010) (2.691) (13.696)
Panel]: Sweden

SWD1 0.0381 -0.0052 -00130 0.0021 0.1117 0.0109 09600 ***| 00469 **| 12413 =
t-statistics (0.205) (-0.460) (-0.256) (1.173) (1.483) (0.926) (72.318) (2.507) (18.416)
SWD2 0.0000 0.0000 0.0000 0.0000 02151 *| 00937 * | 07822 e 02245 **i 10338 ***
t-statistics (0.000) (0.001) (0.000) (0.00t) (2.547) (1.709) (15.679) (2.145) (17.944)
SWD3 -0.0001 0.0000 0.0003 -0.0001 0.0257 0.0041 09701 **+« 00604 **| 10370 ***
t-statistics | (-0.001) (0.001) (0.007) (-0.022) (1.403) (0.328) (83.088) (2.553) (17.156)
SWD4 -0.0017 0.0005 0.0245 -00133 0.0214 0.0007 09696 ***: 00449 **i 11403
t-statistics | (-0.017) (0.016) (0.403) (-0.969) {1.356) (0.068) (88.954) (2.379) (18.936)
SWDS5S -0.0180 0.0098 -00724 0.0093 00742 **i 00554 ™| 08698 *** 00982 **; 11711 "***
t-statistics | (-0.264) {0.315) (-1.440) (0.788) (1.981) (2.010) (24.909) (2.014) (15.226)
Notes: *, kk dkk Significant at 10%, 5% and 1% respectively

For the stock identification, refer to Table 2.2

v is a scals parameter or degrees of fieedom estimated endogenously. The GED nests the nonmal (for v=2) and the Laplacefdouble exponential (for v=1).
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Appendix 2E: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period (sorted by industry)
This table reports the estimated coefficients (t-statistics in parentheses) for the model

Ry= 0.+ 080"+ (@ + )R, + g

o= ap+ oyl + Pty + 6%, 8%

where Ry is the log price relative of the undetlying equity of stocki (on which an USF has been introduced) at time period .

. M““F!‘l“ﬁ“" x : Vanance Eguation
@ |8 | % | @ % | o | B I 8 | v
Panel A : Services
TRz [ 0342 .0.0347 00755 0.0009 0.1068 00577 *= 09414 ** 00182 15024 *=
t-statistics | (1.471) (-1373) (0910) (0.140) (1.275) (2913) (45.181) (-0.583) (18328)
RS | 02247 00540 01453 *| 00035 01173 00481 *| 09226 *= 00063 1272 =
t-statistics | (-1.189) (1218) (1.767) (0.238) (1.543) (1914 (30.999) (0.221) (13361)
FR7 | 0.4% 00229 01565 **! 00128 03941 * 0054 08180 *=* 01127 **| 12871 w=ee
t-statistics | (0.366) (-0.673) (2.299) (-1.438) (2329) (1.439) (15.096) 2.054) (15923
GERI1 0.0261 00017 01142 -0.0036 0.1857 00529 **. 09200 *** 00287 12002 oo
t-statistics | (0.115) (-0.071) {1.258) (-0.497) (1.330) (2339) (30.966) (0.700) (15.063)
2 .0.2886 00404 01998 **1 .0.0097 10335 *{ 00543 07844 *=x 01313 | 13156 e
t-statistics | (-1.059) (1.400) (2.450) (-1.532) 2121 (1.446) (10.916) (2.178) (15.604)
T4 .0.0046 0.0031 02934 =i 00307 * 02111 * | 00717 *** 08934 % 00167 16683 we
t-statistics | (-0.021) (0.102) (3.201) (-2.969) (1.851) (3018) (29479 (0.518) (12.022)
7 -0.0948 00154 0.0850 -0.0045 01712 * | 00791 *** 08990 *** 00063 15991
t-statistics | (-0.518) (0.639) (1.208) (0.177) (1.745) (3012) (34.187) (0.220) (14095)
NET6 | 00402 -0.0001 00398 0.0098 0.0812 00680 *** (08834 ** 00590 14915+
t.statistics | (0.350) (-0.004) (0.565) (0.684) (1.612) (2659) (32.301) (1338) (13.462)
SP1 00714 -0.0046 0.1052 .0.0030 0.1898 00298 09067 *** 00783 **| 15614 ***
t-statistics | (0.331) (-:0.132) (1.270) (-0.291) (1.611) (1.577) (28.986) (2.064) (127120
UK1 00332 0.0052 03607 % 00229 **[ 05273+ 00847 **| 08279 ** 00736 14344  wwe
t-statistics | (0.151) (0.198) (4278) (-2922) (2212) (2.456) (18.304) (1.547) (15.710)
UK6 -0.0642 0.0004 01361 * | -00025 0.2094 0.0306 09163 *= 00706 13133 e
t-statistics | (-0.307) (0.016) (1.736) (-0.340) (1.476) (1.163) (28.381) (1.613) (15.601)
UKIl | -0.1624 0.0435 00785 -00278 04945 > 00753 **. 07967 * 00332 13508 e
t-statistics | (-0.705) (0.789) (0.676) (-1.284) (1971 (2.064) (10.244) (0.663) (143510)
UK16 | -0.1409 0.0309 00562 -0.0030 13084 * 02364 **| 04714 *= 01573 11353 wen
t-statistics | (-1.249) (1.334) (1.010) (-0.644) (3818) (2.480) (4.569) (1.182) (15.598)
USI5 | 03976 ™ 06435 *| .03301 **| 00856 *™| 05227 00340 ***| 09122 *e 03478 e [3517 e
t-statistics | (-3.016) G117 (-2.063) (3311) (0.367) (3.259) (2.739) (3.430) (14.405)
SWD3 | -08070 **i 00625 02025 -00105 0.2539 0.0230 09005 *** 01223 *| 15777 *e*
t-statistics | (-2.029) (1.321) (1.427) (-0.784) (0.989) (0.649) (19.548) (1907 (1927)
SWD4 | 00238 0.0005 00713 % 00003 10481 *wi 00523 07687 ** 00903 10297
t-statistics | (0.144) (0.022) (1.902) (0.160) (2.5%4) (1.255) (10.798) (1.22m (25.866)
Panel B : Consumer Goods
FRS -00627 00176 0.2509 00396 | 1250 *]| o0os21 07025 "+ 0.1022 16930
t-statistics | (-0.153) (0.259) (1.508) (-1677) (1.878) (1.383) (05.437) (1.550) (12.144)
GER6 | -08768 **| 02180 *| 00520 -00024 0.1424 00128 09276 ** 00410 14315~
t-statistics | (-1.964) (1.671) (0.306) (-0.055) (1.467) (0.805) (24959) (1.359) (12.794)
GERY | 01082 00158 00797 -0.0019 02667 **i 01023 ** 08547 *** 00009 12598 *
t-statistics | (-0.769) (0.625) (1.325) (-0.286) (2.236) (2.453) (21.945) ©.017) (14393)
UK4 00257 -0.0025 02438 -00434 1.0578 00122 07647 * 00252 11815 =
t-statistics | (0.034) (0.017) (0902) (-0821) 0.772) ©.411) (2679) (0.524) (22.789)
UKS -0.3506 0.0935 05164 %k 00902 **+| 04326 **! 00701 **i 08131 **i 00174 14605 *=
t-statistics | (-1.348) (1.374) (3.822) (-2.847) (2234 (2.309) (14.182) (0.564) (16913)
UKI12 | -0.0364 00132 -0.0255 0.0078 0.0984 00321 09280 **+ 00362 12915 =
t-statistics | (-0.210) (0327 (-0.284) (0.483) (1.637) (1.557) (38.382) (1.004) (15.493)
UKl4 | 00274 -0.0049 00174 -0.0012 00842 * | 00279 09401 **+ 00274 11354 *»
t-statistics | (0.187) (0.147) (0.255) (0.114) (1.769) (1.182) (41.324) (0857 (18.801)
US6 -0.1989 00570 0.1031 -00102 02383 * | 00029 08931 ** 00964 **| 15263 ***
t-statistics | (.0.937) (1.082) (1.139) (-0.590) (1877 (0.139) (18.112) (2.439) (16.492)
US12 | -0.4209 00604 * | -01398 * | 00082 *| 29915 ** 00414 05876 = 02333 | 15038 ***
t-statistics | (-1.131) (1.764) (-1.748) (1667) (2.381) (1.054) (5.140) (2.476) (15.503)
USl4 | -0.5107 0.1048 0.0155 0.0038 0.3853 01211 %] 07132 **l 01372 15825 ***
t-statistics | (-1.266) (1.400) (0.215) {0.302) (0.433) (2.000) (2.831) (1.509) (421
SWT1 | 01313 -0.0675 0.0320 00136 0.0080 0.0088 09681 *= 00415 *| 11377 *=
t-statistics | (1.539) (-1.541) (0.449) (0.505) (1.028) (0.624) (87.657) (1.726) (1520
SWT2 | -01312 00914 .00193 00250 03110 ***i 00005 07239 ** 02506 ***| 11949
\-statistics | (-1.303) (1.642) (-:0.343) (1.269) Q971 (0013) (9.168) (2976) (G0 -
SWT4 | 01752 *«| 04087 **| 01026 **| -00111 02926 *** 00374 06971 == 02209 **| 1026
tstatistics | (-:2234) | (2212) (2361) (:0.865) (2.752) (0.884) (8.721) (2.407) (14054
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Appendix 2E: Maximum Likelihood Estimates of the Feedback Model, Pre

-Futures Period (sorted by industry) (continued)

Mnnl:"quﬁon Variance Equation
@ e | ® P o o 1 B 1 &5 | v
Panel C : Technology
FR3 0.0449 0.0053 0.1406 20,0068 03989 *| 00570 **| 0885 *= 00476 15352 w=
t.statistics | (0.170) (0.204) (1.530) (097 (1941) (2033) (23.112) (1.148) (13019
GERI2 | 04792 * | 00305 *| 01056 -0.0022 16550 *** 00486 07601 *** 01916 =+ 13197 +==
t.statistics | (-1818) (1.696) (1.493) (0.713) (2911) (1.404) (14082) (3.143) (15.166)
Us1 0.1256 -0.0107 -00353 0.0025 05048 **| 00424 08582 = 00796 * & 12665 %o
t-statistics | (0.574) (-0.366) (0.573) (0.482) (2.520) (1343) (20201) (1781) (16.681)
Us2 0.1846 0.0018 00739 -00015 07402+ 00092 07919 == 02737 === {7002 -
t-statistics | (1.091) (0.098) (-1.381) (-0.526) (3.5 (0.316) (21,639 (4.305) (13.533)
US3 00762 0.0060 01078 *| 00019 09001 *= 00241 08531 | 01749 *w 4230 e
t.statistics | (0.313) (0.256) (-1.909) (0.569) (2.831) (0.859) (19.151) (3.016) (20.186)
Us7 05160 *| 00240 * | 0.1619 *** 00044 **| 06443 +*| 00236 . 09206 *+* 01667+ | 2434 e
t-statistics | (1.884) (-1.701) (4519) (:2357) (2.118) (5305) (33853) (3.890) (19.189)
USs 05524 **| 00229 01076 0.0009 07128 *= 00228 08557 *= 01629 ** 16613 =
t.statistics | (2.200) (-1.284) (-1.485) (0.261) (2.593) (0.346) (23.765) (3.257) (13.331)
US10 00788 0.0023 -0.0260 -0.0006 21967 *w* 01092 % 07450 | 01647 %] 13154 e
L.statistics | (0.271) (0.187) (-0.392) (-0.387) (2.796) (2.754) (12.179) 1977 (16.575)
US11 0.2080 -0.0036 0.0068 -00011 12350 =1 00393 08663 *** 01295 **| 14071 o
t-statistics | (0.661) (-0.338) (0.099) (0.791) (2.343) (1.481) (23993) (2.359) (17.270)
US13 | -0.3495 0.0092 .0.0690 0.0012 10453 wexi 048] e 08241 e 01078  +exl 14002 ew*
t.statistics | (-0.560) (0.660) (-1.343) (1.006) (2.85%) (5.832) (18.934) (3.077) (11.467)
US16 | -02073 0.0394 -0.0601 -0.0040 0.5962 01339 09015 I 00688 10877+
t.statistics | (-0.397) (0.493) (0821) (-0.469) (0302) (1.504) (14.050) (0.671) (20.042)
SWD1 | 0.5985 **i -0.0346 .0.0018 0.0008 0.0515 00238 **| 09736 *** 00007 1208]  w*
t-statistics | (2026) (-1632) (-0.020) (0.165) (0.386) (2213) (90.702) (0.044) (18.221)
Panel D : Financial
FR4 04053 ] 00957 ** 01016 0.0041 0203 *| 00252 08710 *w 00855 | 14722
L-statistics | (-2.087) (2.244) (1.508) (0.405) (2.084) (1310) (19.169) (2.280) (15999)
FR6 -0.0607 00131 00266 0.0046 0.0340 00054 09612 ** 00555 w**| 13593 **
t-statistics | (-0.508) (0.571) (:0.516) (0.807) (1.253) (0.353) (69.084) (2631) (13911)
GER2 | 0.1009 -0.0088 .0.0489 00108 04604 | 00523 **i 08207 *** 01080 12530 e
t-statistics | (0.562) (-0.266) (:0.723) (1.298) (2.162) (2225) (13.492) (1.625) (19.301)
GER4 | -02260 00425 .0.0066 00024 01760  **| 00190 09123 *=| 00764 **| 11110 =+
t.statistics | (-1.600) (1.456) (-0.120) (0.336) (2.168) (1.505) (32813) 2147 (20.444)
GER5 | 00745 00122 01177 -0.0104 0.1947 00276 * | 09246 = 00399 13972 =
t.statistics | (-0.287) (0.299) (1.125) (-0.766) (1.388) (1.676) (25.258) (1.136) (19.667)
GERS | 00145 -0.0025 -0.0506 0.0030 00688 00390  *: 09406 *= 00211 13260 **
t-statistios | (0.094) (-:0.105) (:0.763) (0.441) (1.244) (2.003) (49.323) (0.782) (13.634)
ITs -0.0340 00079 01075  **| 00073 *| 00748 * i 00674 *** 08960 *** 00515 13991 was
t.statistics | (-0.374) (0.425) (2.186) (-1.699) (1.938) (2.684) (48.205) (1.223) (15.789)
TT6 .0.2235 00326 00523 -0.0066 03986 **| 00454 08444 *e+ 00904 | 14491 wws
t.statistics | (-1.143) (0922) (0.743) (-0.784) (1.996) (16249 (14.603) (1.924) (14.605)
NET2 | 00454 0.00950 01143 **| -0.0004 00766 **| 00279 05079  *+* 00974 -+ 12152 e
t.statistics | (0.561) 0431 (2.532) (-0.065) (1978) (1.277) (38.848) (2.601) (13.405)
NET4 | -0.0639 0.0189 01078 **| -0.0067 01277 * 00005 09066  ** 01223 *** 13320 *e*
t.statistics | (-0622) (0.718) (2.025) (:0.825) (2667 (0.024) (35.626) (3.302) (1384%)
NET5 | -0.1918 0.0409 01762 **{ -0.0091 01092 * 00127 00313 » 00713 ***| 16263 ***
t.statistics | (-1.071) (1.057) (2.289) (-0.706) (2.119) (0.199) (45.765) (2967) (13320)
SP2 00255 00142 -0.0805 0.0059 01159 **| 0.0069 00174 =+ G0973 ™ 13563 *=
t-statistics | (0.253) (0.645) {-1.600) (1.036) (2.438) {0.329) (45.270) (3916) (16.799)
SP3 .0.0508 00134 00538 00015 01073 *e«i 00340 * 1 08560 ** 01852 *| 15108 ***
L.statistics | (-0.706) (0.774) (1.186) (0.412) (2.593) (1.915) (33.976) (4.149) (14.709)
UK3 0.0434 0.0036 -0.0130 00055 00911 00175 09327 * 00716 **| 13171 **=
L-statistics | (0.296) (0.113) (-0.166) (0.483) (1.634) (0.945) (39.331) (2.306) (13.030)
UK7 04133 *| 00575 02002 e+ 00183 * | 00633 0.0034 09865  »+ 00787 *** 15530 "
t-statistics | (-1.828) (1.518) (2.606) (-1.678) (1.346) (1.484) (49.170) (5.787) (13217
* 09026  w« 00819 *| 1723
UK9 .0.1689 00309 0.1015 0.0011 0.1639 00337
t-statistics | (-0923) (1.003) (1.321) (0.117) (1911 (1.563) (35.436) (2.181) (10806)
UKIO | 02988 | 00542 **| .00058 0.0075 05777 w1 00452  * | 08092 ** 01397 **| 12676
t.statistics | (-1.702) (2.046) (-0.080) (1.040) (2.244) (1.670) (13.601) 2075 (16.331) .
UKI13 | -019%2 00279 02397 00201 00884 00307 % 09382 *+ 00360 13552
t-statistics | (-0.952) (0.755) (-2.616) (1.488) (1325) (1.873) (44.764) (1.439) — (15.794) —
UKIS | .0.2598 0.0449 00418 00070 03568 %+ 00407 08480 **| 0.1044 13996
t.statistics | (-1.600) (1.527) (-0.738) (1.192) Q2611 (1.490) (21.729) (2.309) (14993)
UK17 | 01372 00212 0.1007 -0.0038 03380 %1 00614 * | 08748 **+ 00221 u;v;x
t-statistics | (.0.629) (0.583) (1.174) (-0357) (1.781) (1.685) (16.896) (0.576) . (‘-‘{m? -0
US5 0277 00518 -00734 0.0095 02261 **| 00065 09430 **+| 00652 (:5596)
t.otatistics | (-1.115) (1.419) (-1.065) (1.178) (2255) (1.031) (44629) (3.003)
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Appendix 2E: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period (sorted by industry) (continued)

— i eMeanEgglntlm ’ : Vu'nm Fquﬂoln ,
i . I B % i ooy B i 5 PV
Panel D : Financial '
tsw.'r_s 02699 *| 00947 **[ 01270 **! -00133 038384 *| 00164 0.7993 ***i 01461 * 2074 =~
-statistics | (-1.875) i (2.148) - (2.163) (-1.140) (2.456) (0533) (12.780) (2.669) (15350
SWI5 | .00452 0.0236 0.0241 00085 *| 01536 | 00477 % 08566 | 013438 e | jeag e
t';t;tv?:‘ (I.Ja[.;l2 ? (1.139) (0.529) (-1.712) (2639) (1.738) (26.112) Q.730) {14982)

D’ . 00108 00136 -0.0098 037122 0.0504 08541 *= 00477 12261 *=
t.statistics | (0.055) (-0.220) (-0.151) (-0.670) (1.518) (1.644) (12.054) (0932) (14246)
SWDs | 01763 00628 0.2400 00587 08385 0.0438 07120 *=| 00258 13049 »v=
t.statistics | (0.373) (-0477) {1.078) (-1.044) (1.176) (1219) (03.187) {0.415) (14487
Panel E : General and Resources
GER3 0.0202 00119 0.1358 **| _00084 02008 **| 00154 09139 ***| (00878 **| 13035 *e*
t.statistics | (0.119) (0.461) (2.001) (-1.116) (2.:204) (0928) (36.245) (2.99 (21.518)
NET3 02469 0.0331 01101 * | -0.0041 04576 **| 0028 08730 *** 01103 *** 15522 e
t-statistics | (-1.078) (1.414) (1.700) (-0.916) (2274) (1.108) (B.119) 2.854) (13.698)
Us9 -0.1050 0.0269 01411 * | 00266 *| 01568 **i 00147 09182 ***| 01268 ***| 16185 *o*
t-statistics | (-0.611) (0.629) (1833) (-1.852) (2317 (0.957) (33349) (4078) (13.669)
GERIO | -0.1474 0.0361 0.0362 .0.0069 05246 **| 00123 07749 **+| (01639 %~ 14023 »e*
t.statistics | (-0.754) (0.665) (0.538) (-0.506) (2.029) (0.512) (8.763) (2.590) (13.539)
GERI1 | -0.0973 0.0242 0.0233 0.0027 0.1041 0.0090 09520 = 00275 10855 *e=
t.statistics | (-0.562) (0.550) (0.340) (0.193) (1.185) (0.440) 27787 (1.004) (23.038)
FR1 03155 07214 *| .01250 0.0245 02810 ***| 00087 09495 *+* 00504 **| 14675 e+
t-statistics | (0.233) (-2.452) (-0.355) (0.288) (8.532) (1.191) (84379) (-2.209) (8.955)
FR9 03616 **| 01319 **| 00422 .00131 06401 **| 00565 06701 *+| 0135 * | 12498 *=*
t-statistics | (-2.114) (2.241) (0.631) (-0.929) (2.445) (1.564) (5972) (1.957) 1(6.210)
GER7 | -0.1394 00259 00123 0.0102 0.1657 00362 08963 *+» 00749 * | 14443 e
t.statistics | (-0.710) (0.627) (-0.119) (0.590) (1.488) (1.290) (22.666) (1.787) (16.102)
ITl -0.1383 0.0373 0.0781 .0.0320 02301 * | 00197 08835 *e»| 00789 * | 15911 e
t.statistics | (-0.606) (0.605) (0.754) (-1.416) (1.687) (0.903) (17.287) (1.868) (14723)
IT3 00227 -00233 00319 -0.0206 01323  * | 01506 07427 " 02087 11637 wwe
t.statistics | (-0.250) (-0.623) (-0.351) (-1.163) (1.759) (1.589) (10.108) (1.398) (2.086)
NETI 03787 0.1352 0.1170 00442 0.1112 0.0007 09324 **| 00600 16768
t-statistics | (-1.048) (1.094) (0.601) (-0.761) (1.023) (0.024) (16.816) (1.320) (1.791)
UK2 09650 **| 02517 **| 01763 00417 01513 *| 00004 09390 **| 00477 **| 13958 *e*
t.statistics | (-1.992) (1.964) (1.206) (-1.170) (1.758) (0.044) (36.665) (2.261) (13.562)
UKS 03565 * | 00820 0.1379 -00182 01399 * | 00215 09099 el 00792 " 16443 e+
t-statistics | (-1.797) (1.626) (1.416) (-0.968) (1.825) {1.189) (33.424) (2.623) (14.606)
US4 -0.3048 0.1167 -0.0804 0.0150 0.1433 00216 05086 **| 00439 16272 w»»
t-statistics | (-1.091) (1.216) (-0.526) (0327 (1.299) (1.113) (18.063) (.151) (11.889)
Notes: * R, HEE Significant at 10%, 5% and 1% respectively

For the stock identification, refer to Table 2.2
v is a scale parameter or degrees of freedom estimated endogenously. The GED nests the noxmal (for v=2) and the Laplace/double exponential (forv=1).
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Appendix 2F: Maximum Likelihood Estimates of the Feedback Model, Post-Futures Period (sorted by mdustry)

This table reports the estimated coefficients (-statistics in parentheses) for the model :
Ry= .+ 00% + (g + qoP)R,; + ¢,
2 ~
1= g + e’y + Bty + Xy peTg

where Ry is the log price relative of the underlying equity of stocki (on which an USF has been introduced) at time period .

. Mean Equation ' Variance Equation
@« | B8 | @ | ¢ % | oo | B 8 Iy
Panel A : Sexvices
FR2 .0.1282 0.0002 00984 * | .00016 0.0463 00178 09305 *=i 00998 **=] 21870 =+~
tstatistics | (-1.074) (0.019) (1.742) (-0.691) (1.441) (1.173) (61.882) (4.560) (10349)
FR5 01183 0.0032 -0.0039 0.0014 0.1720 ** 00020 08868 *** 02059 ~=+ 13562 *e
t-statistics | (-1.198) (0.339) (-0.099) (1.456) (2.793) (0.080) (43311) (4310) (14307)
FR7 02126 **| 0028 -0.0629 -0.0068 00774 **| 00264 09130 ***| 00883 *=*| 1424 wes
t-statistics | (-2.1%9) (1.197) (-1.197) (-0953) {1.9%9) (1.204) (40.307) (2617 (14037)
GERI1 0.0336 00146 -0.0620 0.0025 00353 * ! 00237 09238+~ 01021 == 17230 *
Lstatistics | (0.349) (-1.008) (-0975) (-0.604) (1.767) (1.483) (53.460) (3241) (13.417)
T2 0.0505 -0,0080 0.0445 00043 00192 0.0052 09588 **+ 00588 **| 12208
t.statistics | (0.568) (-0.458) (0.947) (-0.960) (1.168) {0313) (89.865) {2.568) (19.832)
IT4 01817 **i 00378 00033 00072 00487 *+| 00074 09184 ** 01213 | 14365 *»
t.statistics | (-2.187) (1.562) (-0.057) (:0.704) (2.4%6) 039D (49.557) (3.786) (14773)
7 00224 0.0063 00554 0.0053 0.0020 0.0200 09683 **| 00216 15639 %o
t-statistics | (-0.204) (0.201) (-0.763) (0.354) (0.175) (1.624) (98.551) {1.156) (12670)
NET6 -0.0961 -0.0001 0.0280 0.0000 0.1779 01692 ™| 07790 ** 03037 *~* (9236 ***
t.statistics | (-1.591) (-0.028) (0.899) (0.223) (1.489) (2.564) (17827) (3.056) (9820
SP1 -0.0084 .0.0005 0.0014 0.0015 00340 | 00066 09413 *+« 00902 | 17425 e
t-statistics | (-0.073) (-0.022) (0.018) (0.133) (1.788) (0.509) (60.282) (3.395) (14.280)
UK1 -0.1384 0.0118 0.0162 -0.0064 00699 **! 00108 09367 **=*| 01340 ***| 19115 e
t.statistics | (-1.135) (0632) (0.249) (-0.944) (2.349) (1.037) (54.425) (3.649) (15.275)
UK6 01117 0.0019 -0.1005 0.0044 0.0199 0.0018 09457 **| 01008 **| 16874 e+
t.statistics | (-1.046) (0.097) (-1.520) (0.595) (0.965) (0.116) {61.025) (3359) (13.692)
UK11 0.0436 -0.0034 -0.0817 00190 0.0283 00270 09397 **| 00450 *| 13043
t-statistics | (0.540) (-0.101) (-1.515) (-1.426) (1.591) (1.339) (53.335) (1.703) (16017)
UK16 -0.0409 .0.0011 0.0638 00477 =l 00412 * | 00067 09432 *exi 00634 el |336] e
t-statistics | (-0.384) (-0.033) (0.991) (-3.141) (1.714) (0.404) (57.762) Qnn (15852)
US1s 03100 ™| 01145 **| .02293 **| 00376 01068 **! 00280 08958 »=I 00756 *| 15235 *
t-statistics | (-2.165) (2.047) (-2.506) (1.478) (2.037) (1.368) (24.288) (1.880) (12.779)
SWD3 | -0.0001 0.0000 0.0003 -0.0001 0.0257 0.0041 09701 *+* 00604 **| 10370 ***
t.statistics | (-0.001) (0.001) (0.007) (-0.022) (1.403) (0328) (83.088) (2.553) (17.156)
SWD4 | -0.0017 0.0005 0.0245 00133 0.0214 0.0007 09696 *< 00449 **| 1.1403
t-statistics | (-0017) (0.016) (0.403) (-0.969) (1.356) (0.068) (88.954) (379) (18936)
Panel B : Consumer Goods
FRS 00131 0.0044 -0.0812 0.0131 00972 *| 00803 **| 03845 *{ 00282 1.53?;) e
-statisti .0.129 0.163 .1.286) (1.294) (1.887) (2.558) (28.795) (0.623) {15.
tsct:t;'t:;i:sm (0?11305) -(0.026; (0.0340 -0.0059 00483 0.0169 05254 ** 01060 *=% 19603 ***
t.statistics | (0.858) (-1.048) (0.471) (-0.776) (1.103) (0.737) (42.453) (4.004) (10.440)
GERY -0.1957 0.0227 00720 00073 00795 **| 00099 09296 *+ 00944 * 16525 ***
t.statistics | (-1.559) (0.963) (1.080) (-0.962) (2076) (0.506) (43.169) (3.445) (12.501) -
UK4 03747 | 00987 e 01115 * | 00169 02167 **+ 00060 08438 e 01978 = 15224 *+
t.statistics | (-3.370) (2.785) 1.797) (1.408) (3.189) (0.246) (23051) (3678) (13273) -
UK5 02298 1 00522 *! -0.0799 00158 *| 0.569 ***i 00016 08822 **i 01741 *** 14203
t.statistics | (-2.138) (1.832) (-1.406) (1.802) (2639) (0.095) (29.036) (3.429) (15829) -
UK12 00219 0.0179 0.0102 00147 00170 0.0056 09622 ***| 00479 **| 10942
t-statistics | (-0.332) (0.551) (0.206) (0.950) (1.551) (0.384) (71.463) (2.170) (1;.:;6) .
UK14 -0.0293 0.0234 00034 00137 01568 ** 01038 *| 0822 ** 00229 10885
t.statistics | (-0.381) {0.662) (-0.069) (-1.226) (2216) (1.955) (13962) (0387) (20.537) —
US6 03123 0.1032 -0.1666 00550 * | 02864 *| 00588 08482 **| 00030 12003
t.statistics | (-1.365) (1.335) (-1611) (1.924) (1.750) (1.243) (11.574) (0.071) - (18.170) _
US12 -0.1029 00176 01195 **i 00035 00815 **! 00016 09233 *=! 0.125 15:113
t-statistics | (-0.976) (0.748) (-2.299) {0.603) (2.397) (0.095) (51.838) (3651) (l?;m) =
US14 00444 0.0066 .0.1024 00110 00905 * | DD666 * | 08835 *** 0.0437 :2719
t-statistics | (-0.414) (0.185) (-1.599) (0.803) (1.818) (1.361) (8617 (0.906) - (l 2-389) _
SWT1 | 00301 00115 -0.0646 0.0255 00278 * ! 00010 09277 **={ 01228 el
t-statistics | (-0.480) (0.318) (-1.178) (1.330) (1.933) (0.069) (41.582) - (3539 . (ljw o~
SWT2 | 00158 -0.0064 .0.1069 **| 00040 00338 **| 00603 **| 08887 *** 00619 i
tstatistics | (0.293) (-0.186) (-2.051) (0.253) (2.082) (2056) (29.359) - (1816 P R
SWT4 | -0.0426 0.0200 0.0057 .0.0013 00390 *| 00128 09352 t120;3314 iy
t-statistics | (-0.503) (0.557) (-0.103) (-0.091) (1947) (0.723) (45.002) Q131 :
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Appendix 2F: Maximum Likelihood Estimates of the Feedback Model, Post-Futures Period (sorted by industry) (continued)

Mean Equation Vari Equation
@« | 6 | @ @ w | o | B | 5 T
Panel C : Technology
FR3 01632 -0.0017 0.0643 00024 00403 00028 09632 ***| 00618 *=| 15277 ==
t-statistics | (-0.781) (-0.136) (1.048) (-0.985) 0.733) 0242) (81.995) (4026) (15.766)
GERI2 | 00385 0012 -0.0264 0.0022 00120 00154 *** 09910 *= 00505 **| 14141 e
tstatistics | (0.377) (:0.793) (-0.560) (0.475) (0549 (4074) (201657) (6310) (18.291)
Usi 01217 0.0264 00257 -0.0093 01016 00211 09179 ===/ 00824 =~*| 13638 ==
t-statistics | (.0.846) (0.890) (-0355) (-0931) (1.557) (0.902) (32.234) (2.385) (15.49)
Us2 0.0347 0.0004 00716 0.0013 01218 | 00150 09542 **+| Q0977w 13667 -
t-statistics | (0216) (0.029) (-1.169) (0375) (2.080) (1.469) (56.910) (3.663) (16.600)
Us3 0.1808 00219 -0.0508 00013 00413 00246 **| 09744 *=| 00957 *+* 14026 oos
t-statistics | (1.170) (-1.368) (-0828) (0.336) (1.136) (2.004) (110.112) (4219) (21.060)
Us7 01243 0.0080 01451 * | 00040 0.0108 00074 09839 *wxi 00430 +we| 14397 e
-statistics | (-0.797) (0.469) (-1929) (0.689) (0.638) (0:802) (158.592) (2310) (17.588)
Uss 0.1315 00112 -0.0161 0.0007 00874 00215 09755~ 00042 11288 »
t.statistics | (0.353) (-0.548) (0.172) (0.162) (0.767) (1.588) (74.361) (:0.262) (19.114)
US10 | 00097 -0.0011 -0.0699 0.0006 00533 0.0067 09748 ***| 00534 | 15448 e
Lstatistics | (0.055) (:0.056) (-0928) (0.098) (1.583) (0.762) (100.395) 2902 (14013)
Us1l | -00022 -0.0071 -0.0308 -0.0006 0.1197 00376 **| 09524 *=| 00118 12987 we
tstatistics | (.0.008) (:0.539) (0434 (:0.283) (1.110) (.444) (58.715) (0.566) (14627)
USI3 | 00495 -0.0069 0.0231 0.0008 00275 00208 **+ 09710 **+| 00400 **| 14130 +=
tstatistics | (0.222) (-0607) (0.301) (0.295) (0.769) (3.514) (181 842) (4.466) (13.780)
USI6 | 00007 -0.0062 00131 00027 00134 % 00212 | 09997 wwwl 00479 wwe| [2063 e
t-statistics | (0.007) (-0227) (-0.247) (:0.185) (1817) (4999) (272031) (41713) (14657)
SWDI | 0.0381 00052 00130 00021 01117 00109 09600 ***| 00469 | 12413
t-statistics | (0.205) (-0.460) (-0.256) (1173) (1.483) (0526) (12318) Q.507) (18.416)
Panel D : Financial
FR4 -0.1088 0.0096 0.0089 0.0025 00949 =+ 00002 09224 == 01337 we| 16784 wer
t-statistics | (-1015) (0.736) ©.151) (0.733) (2.585) (0.012) (52.160) (4319) (13321)
FR6 00277 0.0065 -0.0684 0.0078 00688 | 00281 08823 *++| 01588 | 14332
t-statistics | (0.368) (0.349) (-1357) (1.419) (2.156) ©978) (36.502) (3.167) (18.020)
GER2 | 00830 0.0052 -0.0443 0.0005 01085 **| 00071 09110 ==+ 0.1561 | 17514 e
t-statistics | (-0.769) ©.275) (:0.776) (0.096) (2.539) (0.466) (47.098) (5.448) (12989)
GER4 | 01088 -0.0007 0.0042 -0.0004 01096 00275 08936+ 01368 | 18432
t-statistics | (-0960) (:0049) (0.074) (:0.092) (2399) (1.079) (39.439) (4.276) (13273)
GERS | 01736 * | 0.0090 -0.0274 00027 01126 | 00405 08630 *=*| 01776 | 16300
t-statistics | (-1870) (0.647) (-0.519) 911 (2.280) (1.395) (32.053) @471) (15.043)
GERS | -03421 *| 00159 -0.0255 0.0016 02130 **| 00824 **| 08736 *~ 00631 13679 v
t-statistics | (-2369) (1101 (:0.399) (0.465) (2.144) (2.385) (28.157) (1.462) (14159)
ITs .0.0700 0.0228 -0.0007 0.0031 00437 | 0032 09008 *++ 01094 | 13366 e
tstatistics | (-1.160) (1.122) (:0016) (0.474) (2.496) (1211) (41.854) (2330) (17619)
IT6 00401 -0.0082 -0.0702 00028 00198 00151 09553 *we 00493 ++| 16050 **
t-statistics | (0.363) (-0.341) (-1.118) (:0.338) (1.023) (0.900) (70.792) 2379 (12723
NET2 | -0.1374 0.0101 00974 * | -0.0040 01082 " 0.0030 08936  **= 01042 =+ 15763 *
t-statistics | (-1.520) (0.868) (1872) (-1.526) (3.055) (0.137) (51.688) (5.107) (14826)
NET4 | -00663 0.0098 -0.0211 -0.0024 00682 i 00202 08852 wewl 01673 | 16079 e
t-statistics | (-0.919) (0.676) (-0411) (0611) (2.568) (©.754) (41.184) (4515) (14345)
NET5 | 01719 0.0026 00174 0.0006 00985 * | 00039 09028  *++i 01819 | 16813 **
tstatistics | (-1619) 217 (-0358) (0.290) (1.93%) (0.165) 0777 (5:228) (13.566)
SP2 00158 0.0037 0.0211 -0.0053 00373 *i 00114 05292 wws| 01506 | 17037 **
tstatistics | (-0.184) (0.224) (0.369) (-0942) (2037) (0.642) (57.905) (4965) (1309
SP3 08 %0025 * | 00158 00027 00454 %+ 00450 e 09589 e+ 01551 | 17416
tstatistics | (-1913) (1.695) (0.256) (-0.366) (3.046) (2.769) (86.330) (6.116) 359
UK3 | -0.1000 0.0307 00257 .0.0057 00977 *** 00054 08972+ 01493 = 12572
t-statistics | (-1.258) (1.044) (-0.549) (:0.563) (2.685) (0.254) (42.579) G | (829)
UK7 | -00640 0.0035 .0.0083 -0.0018 00739 %1 00685 | 08748 ** 00922 15512
tstatistics | (-0.670) (0.160) (-0.129) (-0.252) (1.710) (2134 (28.546) s (124-9733) -
UK9 | -00624 00149 00286 0.0065 00883 i 00126 08944+ 01561 1.51
.statistics | (0.681) (0.694) (0523) (0.965) (2375) (0.586) (41.345) (909 (: 323?
UKI0 | -01110 00361 % 01020 **| 0.0034 01878 w0023 08256 **+ 02152 oo
tstatistics | (-1409) (1.801) (:2070) (0.628) (3.309) (0944) @zy o 049 L2 o
UKI3 | -0.1042 00137 00744 -0.0061 00438 | Tom366  *| 0938 ** 0.0647119 e
tstatistics | (-0.976) 0.579) (-1.235) (-0839) (1.883) (1.691) OL®) .. (L6 16280
UKI5S | 01504 0.0404 0.0104 00092 00536 | 00204 09222 0.05850 o
t.otatistics | (-1.618) (1.501) (0.184) (-1.010) (2017) (0.900) (249) ... @33 T
UKI7 | 01305 *| -00287 *| -0.0022 -0.0020 01975 *w+ 01338 ***| 0.7812 02.1161836) i
-statistics | (1.682) (-1.716) (-0043) (-0.445) (2.609) (2820) g (.213 R
Uss 00514 0.0155 -0.0328 -0.0006 00572 *| 00024 09226 (03-1883) (15255)
t-statistios | (-0.601) (0.743) o) | (0140 Qo) | | oosw) | Gsy)
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Appendix 2F: Maximmum Likelihood Estimates of the Feedback Model, Post-Futures Period (sorted by industry) (continued)

For the stock identification, refer to Teble 2.2
v is a scale parameter or degrees of freedora estimated endogenously. The
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™ -
: anEquamm Variance Equation
o3 ? 0 i % % Ol o B : 5 | v
Panel D : Financial
sWI3 [ 00810 00516 **i 00803 00201 **[ 00701 *= 00076 08734 ** 02015 -+ 14813 °*
testatistics | (-1312) (2.197) (-1.593) (017 (2.133) (0364) 35
il gl ) o oy L 33 i 1.35.096) (4377) (12411)
| . 0.0095 00451 -0.0008 00804 **| 00355 08985 *** 01024 *** 13579 ***
Lstatistics | (-0.487) (0.635) (0574) (-0.253) (2.100) (1.368) (46.010) Q690 (1369
SWD2 0.0000 0.0000 0.0000 0.0000 02151 *=| 00937 * 07822 *** 02245 -';'"103'33) -
tostatistics | (0.000) (0.001) (0.000) (0.001) (2.547) (1.709) (15679) Qi45) (75
ts“wr)t§ -06021:40 0.0098 00724 0.0093 00742 00554 W 08698 vt 00982 +v 11M1 e
.statistics | (-0.264) {0315) {-1.440) {0.788) (1981) (2010) L (24909) (2014) (15226)
Panel E : General and Resources
GER3 00165 .00024 00183 0.0000 00451 00104 00576 ***. 00962 *** 19292 ***
tstatistics | (-0.111) (:0.123) (0212) (0.002) (1532) (0.856) (66.581) (4122) (11368
NET3 .0.1081 0.0034 0.0567 -0.0054 01089 *| 00023 09394 *x+ 00939 +w 17890 oo
t-statistics | (-0.634) (0.509) (0.341) (-1.207) (1.804) (0.197) (60.671) (3885 | (13682)
uso. 00626 0.0001 20,0668 00110 00404 * | 00028 09557 =+ 00783 v+ 13333 ***
tostatistics | (.0.575) (0.003) (-1.036) (0.943) (1.736) (0.238) (66.297) (281 1 (17.476)
GERI0 | -00087 0.0162 0105 * | 00003 00426 **| 00009 00101 *+=i 01382 *+* 14761 °°**
t.statistics | (-0.112) (0.638) (-1.804) (0.028) (2.093) (0.067) @s965) | (399 | (12821)
GERI1 | 00351 .00044 -0.0009 -0.0065 00112 00176 *+ 09714 *= 00920 **+ 13928
t-statistics | (-0.403) (-0.264) (-0018) (-1.579) (0.675) (2493) L9345 €21 L (13.778)
FR1 .0.0985 00343 01435 = 00154 01229 *** 00166 08588 **t 01689+ 19535 e
t.statistics | (-1030) (1.049) (2.217) (1.214) (2808) (0.626) " (26.496) (3.699) (12.050)
FRY .0.0002 -0.0006 201151 **« 00006 00493 ** 00285 08953 ++ 013I6 w143 o
t-statistics | (-0.003) (-0.046) (-2607) (0.249) (2315) (1.368) L (50602) (3 508) (13670)
GER7 -0.0064 00129 02080 %= 00046 00523 ** 00118 09248 +er 01394 *+tl 15206 e
t.statistics | (-0076) (0.505) (-3.396) (0.405) (2.165) (0.509) L (40933) . (4222) . (13649)
Ml .0.1037 00584 * ! -0.1012 00103 00814 ** 00289 05021 ee 0Q786 el 13424 e
L-statistics | (-1052) (1.743) (-1.537) 0.737) (2.199) (1.107) (33878) | (030) . (15266)
I3 00175 0.0155 01017 **; 0002! 00636 % 00662+ T 08908 e 0036 12078 e
t-statistics | (-0.246) (0.522) (-2.043) (0212) (1870) (1.663) L (2659) @755 | (23794
NET1 .0.0492 0.0051 0.0055 -0.0052 00425 *: 00197 09106 +++ 01083 vt 16518 vt
Lstatistics | (-0.568) (0.313) (0.096) (0.550) (1.806) (0.943) © (49 33%6) (325 | (13356)
UK2 .0.1023 0.027% 00919 00051 00985 ** 00315 08741 * 01262 *++ 16887
t-statistics | (-1019) (0.832) (-1.423) (0.420) (2462) (1.051) ' (33410) (2318) L (12525)
UKS 00487 0.0213 -0.0082 -0.0052 01138 %+ 00208 "oss04 e QNTE *t Uoraisy e
{-statistics | (-0.514) (0.697) (-0.138) (-0.505) (2:893) (0.592) L (29322) (2456) . (15209)
US4 00165 0.0260 01406 * 00062 00703 **i 00153 08863 *** 01170t 15117 v
t.statistics | (-0.207) (0.660) (-2.436) (0.391) (2.545) (0.614) (32252 34a19) 13317
Notes: A hA ek Significant at 10%, 5% and 1% respectively

GED nests the normal (for v=2) and the Laplace/double exponential (for v=1).



Appendix 2G: Maximum Likelihood Estimates of the Feedback Model, Pre-Fatures Period Control
This table reports the estimated coefficients (i-statistics in parentheses) for the model :
Ri= o+ 0+ (@ + ¢)R,, + g
- 2 ~ n
=y +ae v+ Pty + 0X; 185

whete Ry is the log price relative of the control stocki at time periodt.

Mzanl';luhon , Variance Equation
« | 6 | @& | @ W | o4 | B | b v
Panel A : France
FRIC 05349 *{ 01001 *| 01627 **{ 00216 **| 16015 ** 00380 06551 *** 02118 *=* 15679 =+~
t-statistics | (-1637) (1.769) (2.345) (-2352) (3.086) (1.259) (6.262) (2935) (13661)
FR2C 0.1703 -0.0337 01561  * i .00465 **| 00902 00748 **+ 09092 **+ 00134 12866
t-statistics | (1.178) (-0.808) (1.742) (-2268) (1622) (2692) (30.359) (-0365) (14067)
FR3C 11962 i 00965 **| 0.1279 -0.0052 19134 == 00028 08052 *** 01221 *= |35595 ==
t-statistics | (-2.104) (2.276) (1167 (-0.766) (2817 (0.120) (12913) (2421 (11.837)
FR4C .0.0533 0.0078 00377 -0.0038 00131  **{ 00126 09530 *** 00830 *»* 15308 e
t-statistics | (-0.285) (0.212) (0.523) (-0.343) (2031) (0.834) (53.638) (3.412) (13318)
FRSC -0.2053 00313 -0.0206 -0.0011 02406 **| 00114 09004 **! 01447 = 16316 =
t-statistics | (-1.225) (1.036) (-0.354) (-0.157) (2.276) (0.653) (28.478) (3.547) (13.501)
FR6C -0.2947 00847 * | 0.109 -00202 03661 **| 00455 08324 ** 00704 | 13533 e
t-statistics | (-1.484) (1.682) (1.349) {-1.284) (2.362) (1.538) (15.130) (1.663) (16.765)
FR7C 0.1016 00191 0.1201 00447 *| 0139 00664 *+| 09000 *** .0.0015 13200 =
t-statistics | (0.558) (-0.382) (1.230) (-1.906) (1.605) (2.308) (23.624) (-0.040) (13994)
FRSC 02275 0.0624 0.0658 00176 05133 **| 00703 07706 ***| 00799 12100 *o*
t-statistics | (-1303) (1.404) (0.866) (-1312) (2.429) (1623) (10.324) (1.359) (16937)
FROC -0.1760 0.0627 02282 | 00083 0.0383 0.0679 09220 *** 0.0060 12228 *
t-statistics | (-1.188) {1.523) (-2.042) (0.413) (1.152) {1.341) (26.093) {0.109) (09.757)
Panel B : Germany
GERIC | 00526 -0.0080 00132 -0.0062 04335 * ! 00844 **| 08258 *» (0349 13525 e
t-statistics | (0.280) (-0.236) (0.187) (-0.756) (1874) (2.060) (12.200) (0.657) (12949)
CER2C | .0.1874 0.0393 0.0594 -00130 00937 * | 00335 ** 09078 *™ (00795 **, 15330 "+
t-statistics | (-1.361) (1.090) (0.835) (-1.011) (1.806) (1972) (34.151) (2.449) (15.444)
GER3C | -03354 0.0433 0.0557 -00108 02047 *| 00421 *! 08987 %+ 00678 * | 13667 =
t-statistics | (-1.501) (1.160) (0.565) (-0.820) (1.699) (1.907) (25.806) (1.694) (13.446)
GER4C | -0.1954 0.0388 01322 * | .00200 00827 *| 00367 **| 09125 " 00670 **| 15208 "
t-statistics | (-1.452) (1.095) (1.890) (-1.569) (1.734) (2.096) (36.006) (2.212) (15.489)
GERSC | -0.1954 0.0383 0132 * | .00200 00827 * | 00367 **! 09125 *** 00670 **| 15208 ***
t-statistics | (-1.452) (1.095) (1.890) (-1.569) (1.734) (2.096) (36.006) (2212) (15.489)
GER6C | -00938 00169 -0.1087 00154 00473 0.0122 09560 *** (0443 % | 12426 »**
t-statistics | (-0.608) (0.582) (-1.481) (1.428) (1.142) (0.700) (60.634) (1.672) (13.364)
GER7C | 00069 -0.0018 0.0690 -0.0156 01526 *| 00398 *! 08942 **+ 00801 *| 11865 *=*
t-statistics | (0.048) (-0.059) (0.925) (-1.462) (1.925) (1.760) (29.479) (1852) (15.284)
GERSC [ -0.0680 0.0098 01320 i .00177 0.0246 00447 **| 09133 | 00846 **| 14533
t-statistics | (-0.659) (0.341) (2.146) (-1639) (0.777) (2.299) (40.675) (2.439) (14.795)
GER9C | -0.1686 0.0255 0.0060 0.0041 14587 **| 01470 **| 06010 *** 00569 11834 wes
t-statistics | (-0.796) (0.711) (0.084) (0.564) (2.376) (2037) (4.383) (0.627) (17.092)
GERIOC | -0.0903 00149 -0.0898 0.0032 00826 * | 00346 09108 ** 00807 **! 11544 "=
t-statistics | (.0.892) (0.572) (-1.542) (0.344) (1.769) (1.210) (30.559) (2.113) (16.713)
GERIIC | -0.0903 00149 00898 0.0032 00826 *| 0.0346 09108 | 00807 ™| 11544 <
t-statistics | (-0.892) (0.572) (-1.542) (0.344) (1.769) (1.210) (30.559) (2.113) (16.713)
GERI2C | -0.8131 0.0305 00936 0.0006 06483 0.0012 09028 *| 01111 *+| 20257 ***
t-statistics | (-1.637) (0914) (000.748) {0.088) (1.251) (0.040) (15.522) (2.359) (10.416)
Panel C : UK
UKIC 0.0600 -0.0069 00194 0.0051 04967 **i 00505 07940 ** 01818 *= 14366 ***
t-statistics | (0.335) (-0.234) (-0.278) (0.693) (2.542) (1.339) (15.484) (2.6%) (12241)
UK2C 0.0702 00196 00415 -0.0046 01452 *1 00523 08998 **+ 00463 1205 **°
t-statistics | (0.445) (-0.603) (-0.556) (-0.432) (1.653) (1632) (26.284) (1.058) (14.433)
UK3C 0.0005 -0.0001 01221 *= 00065 **| 03545 * | 00819 **! 08624 **+| 00445 09195 ***
t-statistics | (0.005) (-0.005) (-3.200) (2.121) (1.960) (2.037) (20.003) (0:851) (20367)
UK4C 0.0511 00122 -0.0404 .0.0053 0.1327 0.0441 09092 *™ 00466 12970 =
t-statistics | (0.316) (-0.365) (-0.538) (-0.487) (1.603) (1.530) (28.132) (1.188) (14.576)
UKSC -0.3180 00807 *| -00882 0.0016 03545 **| 00573 *| 08580 *** 00312 1.1854 we
t-statistics | (-1.569) (1.953) (-1.282) (0.171) (2.036) (1849 (17.741) 0851) (18.727) —
UK6C -0.0396 0.0038 01540+ 00087 | 02313 *| 00973 *+| 08788 *** 0018 09131
t-statistics | (-0.384) (0.268) (-4.560) (2413) (1.892) (2.499) (26.058) (0.339) (20637) .
UK7C -0.2469 00242 0.0033 0.0003 00997 *| 00043 09508 ***| 00667 **. 14165
t-statistics | (-1.164) ©.761) (0.042) (0.031) (1.646) (©310) (57617) @31 a3xh
UKBC 0.2071 00248 0.1266 00085 0.3866 00230 09105 ***| 00573 12331
t-statistics | (0.681) (-0.726) (1.361) (-0974) (1.421) (1.134) (19.358) (1.501) {15.500)
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Appendix 2G: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period_Control (continued)

; Mea.nl']‘quﬁn Variance Equatisn
c 1.0 | & i % | o [ p [ 5 [
Panel C : UK
UKSC 02412 0.0263 00459 0.0055 00603 *| 00173+ | 09763 =] 006 = Taga =
t-statistics | (-1.160) (0.336) {(-0.571) (0.517) (1L.7712) (1.780) (104647) (4080) (140%)
UKIOC | 03141 0.0336 00145 0.0076 04734 **! 00372 *| 08783 ™=+ 00758 =+, 13189 e
t-statistics | (-1.165) (1.108) (-0.170) (1.086) {2.065) (1.669) (21.534) (1817 (16.030)
UKIIC | 04581 ** 00314 0.0451 0.0053 12057 *** 01007 ** 07389 %= 01559 *| 12637 e
t-statistics | (-2.061) (1.543) (-0.676) (1.470) 2717 (2.115) (11281) (1.875) (16372)
UKI2C | 00546 -0.0077 01057 **| 00045 0.1378  * | 00641 = (00214 *= 00097 10835 oo
t-statistics | (0.427) (-0.552) (2.321) (-1.520) a7 (2.5%9) (42310) (0.319) (19.247)
uK13¢ | 012713 0.0096 0.1113 00223 *| 02999 **i 00420 08430 *++ 01185 **  |1672 *e=
tstatistics | (-0.841) (0.289) (1.446) (-1.834) 2.113) (1.381) (17.213) (2028) (12:309)
UK14C | 00317 -0.0105 01456 **! 00071 0.1096 00457 *i 09179 *= 00528 13166 **
t-statistics | (0.188) (-0.438) (-2.102) (1.081) (1414 (1914 (35.250) (1.435) (15818)
UKI5C | -D.1698 0.0186 0.1091 -0.0056 12730 **{ 00796 *| 07136 *= 01350 *| 12405 ***
t-statistics | (-0.750) (0.665) (1.499) (-0940) (2.460) (1.669) (07.688) (1.772) (17.354)
UK16C | -02532 0.0362 01127 *| .00118 *| 01801 *| 00327 09120 **=+ 00530 | 12214 ==
t-statistics | (-1.510) (1.376) (1707 (-1659) (1.788) (1.160) (29.664) (1.638) (15914)
UK17C | 00728 0.0279 0.1698 00793 *| 01248 *! 00375 038577 == 00954 +*| 12201 e
tstatistics | (-0.581) (0.420) (1.608) (-1.730) (1.769) (1.636) (16.467) (1978) (14381)
Panel D : US
usic 06265 * | .00393 00779 -0.0043 19979 **] 00299 07464 = 01839 ** |s5g2] e
t_statistics | (1.735) (-1.488) (0.958) (-0.988) {2.966) (0.725) (12.422) (2.153) (14.592)
Us2C 0.1976 -0.0040 00562 00064 *| 04567 0.0286 09163 ***+| (00661 *+| 18363 we
t-statistics | (0.526) (-0.183) (0.649) (-1682) (1.583) (1.475) (37.420) (2.145) (13.261)
US3C 05515 00174 0.0104 -0.0013 16025 **| 00703 *“*| 08469 *™| 0075 13863 e
t-statistics | (1.299) (-L111) (0.125) (-0.639) (2.001) (2.388) (18.058) (1.600) (15.296)
Us4C 412248 W[ 00517 | 02431 ! 00071 *| 25234 x| 00760 *+| 07906 *** 00712 14760 ***
tstatistics | (-2.169) (2.122) (2.224) (-1919) (2.440) (2.259) (12.865) (1.540) (14895)
US5C 0.0644 -0.0009 0.0428 -0.0033 02294 *| 00250 09047 *» 00815 **| 7618
t-statistics | (0.281) (-0.025) (0.623) (-0.498) (1.949) (0.935) {29.041) (2313) (11.695)
US6C -0.2432 00775 01222 ™| .00047 02003 **x 00204 **| 08946 *** (1573 *** 5730 **
t-statistics | (-1613) (1.573) (1.986) (-0.324) (2.797) (1.984) (8.1 (3.702) (16.160)
us7c 06163 00232 0.0208 -0.0017 10457 **i 00581 =+ 08827 *=% 00611 *| 14029 ***
ttatistics | (1.561) (-1.588) (0.255) (-0.808) (1.966) (2.473) (25.141) (1651) (15972)
Ussc 01415 0.0034 01529 *! 00018 06188 *! 00102 09255+l 00755 | 15925 ter
tstatistics | (0.352) (0.181) (-1.851) (0.572) (1.768) (0.455) (32.226) (2.205) (15986)
us9C -0.0485 0.0046 03119 ™| 00663 *| 0.1149 0.0304 09316 ***| 00219 13170
t-statistics | (-0.199) (0.072) (2.161) (-1.959) (1.408) (1.641) (28.360) (0.875) (14.284)
US10C | 0.1352 00017 00768 00020 **| 27239 = 00208 08071 *w+ (2953 =% |580] e
tstatistics | (0.427) (-0.165) (1.506) (-2010) (3.567) (0.958) (19.537) (4.708) (14.178)
US11C | 01633 -0.0026 00670 00019 **| 25631 * 00113 08016 ™ 02822 *** |5164
tstatistics | (0.581) (-0.263) (1.374) (-2.018) (3.744) (0.483) (19.370) (4.591) (15.115)
Usl2C | 00842 -0.0011 00918 -0.0053 00131 * | 00862 ™ 08930 *++ 00201 13165 ™=
t-statistics | (0.686) (-0.054) (1.603) (-1.031) (1692) (2.732) (33.247) (0.493) (14.280)
Us13C | -02479 0.0131 -0.0940 -0.0003 13849 **| 00195 09064 *w+ 01298 **v| 16597
tstatistics | (-0.540) (0.742) (-1.241) (-0.110) (2.435) (1.175) (30.287) (3687 (16.051)
US14C | -00596 0.0135 0.0303 .0.0066 0.2050 00287 09303 *= 00175 11529 »o
tstatistics | (-0.249) (0.351) (0.383) (-0.703) (1.521) (1.45T) (30.254) (0.790) (16.632)
USISC | 00120 0.0073 00549 -0.0005 07234 *+ 00187 08132 *» (01787 ***| 12032 ***
t-statistics | (0.073) (0.344) (1.179) (-0.142) (2714) (0.571) (15.694) (3.165) (24072)
USI6C | 01653 00147 g.0011 .00022 0.1372 0.0087 09628 *+ 00351 *| 13484
tstatistics | (0.473) (-0.470) (0012) (-0.2949) (1.082) (0.512) (42991) (1727 (14375)
Panel E : Italy
IT1C -0.3375 0.0416 00789 00103 05783 *| 00626 08264 ***| 00672 13207 >
t-statistics | (-1.298) (1.041) (0.315) (-0.954) (1.870) (1.635) (11.763) (1209) | (14799) -
IT2¢ -0.0486 0.0071 01185 * | 00114 0.0976 00806 *** 08981 **» 00030 12331
t-statistics | (-0.362) (0.210) (-1.777) (1.101) (1.437) (2814) (27.727) (0.067) » (12382)
IT3C 04287 **| 00576 -0.0017 0.0024 02200 *| 00035 09284 *= 00792 1192
t-tatistics | (-1983) (1.474) (-0.025) (0.251) (L71Y) {0.312) (21.754) (1.960) (16344
IT4C -0.0882 00143 .0.0935 0.0076 0.0691 00749 **+ 09024 *=| 00207 12233
t-statistics | (-0.781) (0.470) (-1493) (0.781) (1.328) (2971) (32.354) (0.426) (: :415) .
Irsc 0.0601 00321 0.01%2 -0.0083 0.1023 00748 *+| 08928 **+ 00108 1i593)
t-statistics | (0.415) (-0.670) (0.212) (-0.412) (1.298) (2.055) (18.352) (0.197) (1939 o
IT6C 01478 0.0256 -0.0062 -0.0056 05114 *= 01193 == 07574 = 00771 (:7286)
Lotatistics | (-1.026) (0.887) (-0.109) (-0.933) (2643) (2.456) 128714 (LIB) S L
ok .

mc | 01288 00313 01296 | 700130  * | 01910 0.1279 *+*| 07913 ** 0150‘? _(1669%8)
Lstatistics | (-1.457) (1.198) (-2.:364) {1.685) (2.472) (3.550) (19.651) (1363) .
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Appendix 2G: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period_Control (continued)

Mean
Eiquaﬁnn Variance Fquatian
1
Panel F : Netherland Y
NETIC | 04433 *| 0. - :
1 1263 00293 0.0085 14733 **| 00579 05209 = Tr® - Tl
t-statistics | (-1.672) (1.882) (0.401) (0.665) (2.390) | (1.376) (3.068)
NET2C | -0.0406 0.0020 DO817 | 50065 0301 TS e e o pa (L4 (11314
1-statistics (-0.452) (0.187) (2.050) (-2.880) 2460 L L -0.0604 0.8967  +=
: (2.460) (3.328) (23371) (-1 208) (14930)
NET3C | -04979 0.0067 02023 i 00037 1.1098 0.0603 e 006 prpsssn
1-statistics 1074 ) ’ 02838 0.0671 10305 ~---
(-1.074) (0.468) (2.789) (-1.450) (1.223) (1.594
NET4C | 01558 : ) (17.496) (1 198) 9811)
. 0.0456 00912 * | 00056 03463 v 0osas e ALL
t-statistics | (-1.292 ' ‘ 0.7874 00980 | 138318 -
statis (-1.292) (1.503) (1.750) (-0946) (2.366) (2.454) (14.143) (1637) 18942
NET5C | 00104 -D.0065 00635 00048 * | 02718 **| 01388 o+ 08684 we Q) L (18940)
t-statistics | (0113 : ' ' 3084 -0.0687 05062 = ==
statistics | (0.113) (-0.557) (1.600) (-1.905) (2252) (3.139) (25.898
o » : 898) L G137 (14849)
NET6C | -0.1597 00164 % 00519 * 00031 *** 01958 % 00447 08307 *** 00997 > 10415 =
t_statistics | (-11.262) (4071) (136.495) (5817 (2.060) (1.519) (23823) (2.369) (19.355)
Panel G : Spain
SP1C 01395 0.0406 -0.0006 200192 01549 * 1 00547 ~* 08810 *** 00395 T 13013 e
L-statistics | (-0935) (0.884) (-0007) (-1.029) (1.705) (1.946) (12.927) (0.768) (14874)
SP2C 0.1359 0.0386 200140 00161 01695 % 700603 T+ gg7si e oosar 13089  +ee
t-statistics | (-0.899) (0.837) (-0.166) (-0874) (1.739) (2.056) (17957) 0654 (15232)
SP3C 00194 -0.0058 00120 0.0027 01897 * 01013 wexl 08818 o++ 00201 1075 e
Lstatistics | (0.168) (:0.278) (0.240) (0.557) (1.752) (2615) (22615) (-:0.440) (16.993)
Panel H : Switzerland
SWTIC | 00121 00132 01472 * 00134 *| 04507 **| 01334 ** 07738 *** 00071 11151 *»
Lstatistics | (-0.099) (0.471) (2.705) (-1.795) (2214) (2.599) (11919) (0.121) (15.767)
SWT2C | 0.0503 -0.0901 00776 -0.1400 00340 *** 00747 *++] 09704 = 01284 e 11828 e
Lstatistics | (0.573) (:0.792) (0.889) (-1329) (2.667) (3.253) (54273) (3.640) (8247
SWT3C | 00295 0.0265 00053 -0.0068 01008 * 00237 08095 ** 02856 *** 09393 ***
Lstatistics | (-0853) (1.547) (0.165) (-1.500) (2977 (0.784) (23.659) (3.692) (17.174)
SWT4C | 00299 -0.0017 01007 * | 00121 * | 01900 **| 00733 **| 08305 *+* 01194 ++| 12895 <
Lstatistics | (0.309) (-0.069) (1.956) (-1857) (2.482) (1.980) (20.590) (2382) (13461)
SWT5C | -0.0008 0.0012 0.0031 00038 **| 00797 ** 0(789 *** 07759 **= 00983 08848 ***
L-statistics | (-0033) (0.112) (0.110) (-2.284) (3043) (4473) Q1.771) (1.351) (18.511)
Panel I : Sweden
SWDIC | 03065 00148 00671 -0.0029 05430 ** 00221 08857 ** 01233 *** 12461 ***
tstatistics | (1.330) (:0873) (0.984) (-:0.826) (2.110) (0.882) (28.511) (2599) | (21833)
SWD2C | -0.0297 00018 0.0596 -0.0020 0.1054 00453 1 09316 ** 00374 T aags ewe
L-statistics | (-0.159) (0.100) (0.858) (-0.509) (1.304) (2.221) (52.138) (1357) (18.239)
SWD3C | -03090 00425 * | 00189 00072 03197 * | 00696 **i 08711 *** 00540 12271 e
L-statistics | (-1.616) (1.724) (0.256) (1.116) (1.860) (2363) (2005)  ° (1331) (13817
SWD4C | -02417 0.0408 00363 0.0052 07788 **+ 00362 07751 *+++ 01949 *ekl 10779 +*e
t-statistics | (-1.456) (1.563) (0.613) (0.840) (2652) (1.382) (13651) (2916) (19.117)
SWD5C | -02547 00510 -0.1013 00162 03024 *| 00194 08518 **+ 01180 **| 13483 =
t-statistics | (-1.368) (1.079) (-1246) (1019) (2122) (0.730) (16.429) (2.407) (12826)
Notes: *, k hkk Significant at 10%, 5% and 1% respectively

For the stock identification, refex to Table 2.2
v is a scale parameter oz degrees of freedom estimated endogenously. The GED nests the normal (for v=2) and the Laplsce/double exponential (for v=1)
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Appendix 2H: Maximum Likelihood Estimates of the Feedback Model, Post-Futures Period_Control
This table reports the estimated coefficients (t-statistics in parentheses) for the model :

Ry= 0+ 00"+ (q+ PR, + 5

= ag+ oyely, + By + 65X €21

whete Ry is the log price relative of the control stocki st time period .

: Meanl:';luauon : : Vuiam Equation
@« | 8 1 @ | % | oo i B 85 v

Panel A : France

FRIC | 01917 *] 0042 01635 ** 00029 0.1454 **i 00093 08746 ™ 01560 **=| 16329 o=
t-statistics | (-1.729) (1.455) (-2.625) (-0.306) (2373 (0.324) (23.740) (3.099) (18.585)
FR2C 0.0226 -0.0399 01795 ** 00096 0.0155 0.0040 09628 *=+ 00597 **» 1353 e
t-statistics | (0.215) (-0.984) (-2.393) (0.456) (1.030) (0.346) {(68.504) (3329) (14314
FR3C | 0381 | 00215 01488 **i .00050 01122 *| 00034 05420 *** 00900 w7175 wes
t-statistics | (-1.820) (1.235) (2021) (-1.008) (1.815) (0.188) (51.195) (3.139) (13615)
FRAC | 00088 0.0096 00287 0.0006 00474 0.0444 03586 **+| 02142 = 12047 e
t.statistics | (.0.135) (0.737) (-0.694) (0.233) (1.481) (1.159) (29.543) (3.191) (19.524)
FR5C | -00694 0.0028 00596 -0.0007 0.0542 0.0062 09342 *» 01028 **+ 1523
t-statistics | (-0.616) (0.124) (-1.127) (-0.417) (1.585) (0.319) (59.338) (3.463) (14509)
FR6C | -00335 0.0088 -00012 00238 00321 *! 00389 09166 *=! (00594 10932 *»*
t-statistics | (-0.493) {0.229) (-0.023) (-1282) (1.664) (1.523) (37.410) {1.475) (15.241)
FR7C 0.0492 -0.0502 01226 0.0037 0.0212 0.0054 09615 **| (00550 *+*| 13768 e+
t.statistics | (0.448) (-1.159) (-1.629) (0.170) (1.331) (0.433) (62.330) (2922) (14.245)
FRBC | -00250 0.0050 00213 00152 00295 *| 00188 09223 *=| 00823 | 12631 e+
t.statistics | (.0.349) (0.088) (-0.363) (-0.503) (1.785) 0971) (34.838) (2.235) (14611)
FR9C | -00293 00053 00187 0.0005 00210 * | 00075 09240 *+ 01363 | 12377 e
t-statistics | (-0.521) (-0.334) (0.434) (0.107) (1.658) (0.484) (52.489) (3812) (16.208)
Panel B : Germany

GERIC | 00258 00040 003817 .0.0036 0.0896 0.0386 09180 **+[ 00714 **| 12113 =+
t-statistics | (-0.212) (-0217) (1.565) (0827 (1.597) (1611) (33.927) (2.470) (16.759)
GER2C | -00477 .0.0058 04215 ! .00029 00597 * | 01100 *** (08520 .k 01011 **| 11979 e
t-statistics | (.0.658) {-0.489) (2.531) {-1.002) (1.876) (2.943) (30.944) (1.981) (13.652)
GER3C | -0.1503 00158 0.0387 0.0048 00499 00389 *| 09304 ** 00506 **| 15875 e
t-statistics | (-1.116) (0.745) (0.590) (-0.701) (1.245) (1.841) (48.005) (2.227 (14.165)
GERAC | -0.0600 00033 00361 * | 00018 00838 | 01275 ** 08266 | 01307 **| 12152 »*
t-statistics | (-0.807) (-0.279) (1.749) (-0.624) (2.152) (3.081) (26.928) (2.221) (13.529)
GERSC | .0.0600 00033 00861 * | -00018 00839 **| 01275 **i 08266 ** 01307 **i 12152 =
t-statistics | (-0.807) (-0.279) (1.749) (0624) (2.152) (3.081) (26928) (2.221) (13.529)
GERGC | 00679 00188 01869 ** 00138 00819 *+| 00034 08927 *%k 01649 ek {2070+
t-statistics | (0.845) (-0.542) (-3.150) (0.801) (2.265) {0.108) (27.279) (3.400) (14855)
GER7C | -00154 -0.0002 -0.0690 -0.0078 00558 **i 00324 09066 *** 00936 **+ 17335 **
t.statistics | (-0.167) (-0.009) (-1.178) (-0.813) (1.961) (1.546) (42370) (3.022) (14.309)
GERSC | -0.1238 0.0018 0.0726 .0.0016 01154 *»| 00067 ***| (08539 e 01007 **| 12850 '+
t.statistics | (1327 (0.127) (1.400) (-0.476) (2.161) (2.890) (30.088) Q.172) (13612)
GEROC | 00544 00190 00775 * ! 00027 0.0507 00437 * | 09222 **= 00666 *| 11925 *=
t-statistics | (0.586) (-1.104) (-1.649) (0.681) (1.345) (1751 (48 985) (1.899) (17.436)
GERIOC | -00018 0.0017 00212 -0.0094 00178 0.0093 09541 *=i 00653 ***+ 13337 **
t-statistics | (-0023) (0.064) (-0371) (-0.825) {1215) (0.657) (61.200) (2.847) (14.165)
GERIIC | -0.0018 0.0017 00212 -0.0094 00178 0.0093 09541 % (00658 *** 13337 ***
t-statistics | (-0.023) (0.064) (-0.371) (-0.825) (1.215) (0.657) (61.200) (2347 (14.165)
GERI2C | .0.1256 0.0031 0.0609 80013 0.0613 00672 **+ 09222 ™= 00123 18145 ***
t-statistics | (-0.309) (0.225) (0.995) (-0.458) (0.989) (3288 (48.493) (0.433) (14310)
Panel C : UK

UKIC | 00185 .0.0043 0.0314 .0.0037 00511 00192 ** 09836 = 00609 **| 16008 **
t-statistics | (0.075) (-0.185) (0.366) (0.525) (1.244) (2.906) (109.290) (3.741) (12.804)
UK2C | 00220 00121 .0.1600 **| -0.0068 00344 *| 00265 00244 ™=+ 00766 **| 17020 **
t-statistics | (-0.225) (0.383) (-2.543) (-0.560) (1.936) (1.035) (50.647) (2.010) (11.713)
UK3C | -0.1307 00535 **: 00472 -0.0004 03653 == 01335 ** 07252 *+ 0.1014 10391 **
t-statistics | (-1.571) (2027) (-0.968) (-0.066) (2917 (2.060) (09.993) (1.084) (0160
UK4C | 00137 0.0017 01670 **+ .0.0059 0.0240 0.0316 09235 *= 00762 **| 17606 ***
t-statistics | (0.139) (0.054) (-2.669) (-0.501) (1.093) (1217 (50.826) (2.019) (11.350)
UKSC | -0.1257 0.0313 01660 *** 00049 01718 ™+ 00233 08541 ™| 01569 ***| 16005 ***
t-statistics | (-1.131) (0.986) (-2.725) (0.493) (2.646) (0.829) (25.215) (3241) (16.742) _
UK6C | -0.1076 00488 * | 00293 00020 03703 %+ 01408 **| 07178 *=| 00998 10305
t-statistics | (-1.370) (1.924) (-0.622) (0.321) (2953) (2.107) (9.134) (1.039) @319
UK7C | 01389 00038 .0.0652 0.0014 02860 **| 00434 08730 *=| 01381 *** 12476
t-statistics | (-1061) (-0.310) (-1.273) (0.676) 2319) (1.233) (23264) (3.003) (028
UKBC | -0.1230 0.0488 02681 **1 00497 % | 01341 *| 00617 **| 09100 *** 00136 1.6021
t-statistics | (-0.568) (0.219) (2.308) (-1.383) (1.808) (2217 (29953) (-0.448) (13811)
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Appendix 2H: Maximum Likekhood Estimates of the Feedback Moedel, Post-Futures Period_Control (continued)

; Menrfluﬂ.‘ - - Variance Eguation
2 - A % | o4 | B I &5 | v
Pane] C : UK :
UK9C | -0.1370 -0.0031 00741 00014 03474 **! 00604 08440 *= 01621 = 120 =
t-statistics | (-1.106) (-0.266) (-1.484) (0.707) (2.434) (1.585) (21.099) (2854 (19.170)
UKIOC | -0.1426 0.0235 0.0273 00029 00592 * i 00040 09198 == (01384 *=| |aq oo
t-statistics | (-1.543) (0.929) (-0.557) (-0.402) (1.859) (0215) (44.250) (3842 (17059
UKI1C | 00073 0.0001 -0.0098 0.0006 01739 **; 00385 * | 08989 *= 01001 ~ 10207 *=
t-statistics | (-0.084) (0.007) (-0.303) (0.638) (2.191) (1.745) (49.270) (2.105) @)
UK12C | 00402 00142 0.0271 0.0014 0.0346 0.0086 09786 **| 00480 *»+ 2334 e*e
t-statistics | (0.226) (-0.501) (-0.376) (-0.147) (1.066) (1025) (120.260) (3.626) (18.030)
UKI3C | -0.0238 0.0106 0.0156 00142 *| 00503 *! 00082 09368 ** 00866 **| 13216 *=*
1-statistics | (.0.250) (0.479) {0.287) (-1903) (1.896) (0.393) (49.455) (2.646) (13869)
UK14C | 00600 -0.0180 01426 o 00456 **| 00178 **i 00078 *** 09769 e 00473 = 11077 e
t-stetistics | (0.882) (-0.491) (-3.075) (2.399) (2370) (3.102) (135.767) (4031) (21537
UKI5C | -0.0464 00223 01585 = 00295 *| 00164 00224 * | 09282 *** 00964 = [6246 =~*=
t-statistics | (-0.556) (0.659) (-2.241) (1.650) (0.949) (1.904) (42.120) (2.89) (12937
UK16C | -00850 0.0370 0.0026 00177 *+| 00277 00419 * | 09336 ** 00306 13914 ene
t-statistics | (-1.019) (1.438) (0.048) (-2.025) (1.396) (1.669) (45242) (1.147) (12903)
UKI17C | 01183 -0.0485 0.0457 00567 00611 * ! 00537 038819 ** (00470 13400 e
t-statistics | (1.294) (-0.750) (0.591) (-1.442) (1.709) (1.560) (20.754) (1.194) (12.561)
Panel D : US
UsiCc | -00894 0.0124 00558 0.0030 00622 *| 00147 09383 = 01431 *=| {499] *er
t-statistics | (-0.866) (0.744) {-1.026) (0.623) (1.736) {1.074) (64.475) (4.467) (13978)
Usac | 02717 0.0149 0.1201 -0.0090 02020 *| 00106 09524 ™xi 00915 *++ | 7195 e«
t-statistics | (-0.987) (0717 (1.178) (-1.494) (1.772) (0.863) (59.939) (3414 (13.195)
US3C 00321 -0.0008 0.0653 -0.0052 00322 0.0094 09877 *+| 00365 ++| 11956 wwe
t-statistics | (0.140) (-0.038) (0.318) (-1.026) (0.210) (1.136) (117.893) (2.683) (13.726)
Us4C | -0.0009 -0.0009 0.0279 0.0005 00714 0.0206 09469 ** 00505 w*| {7152 e
t-statistics | (-0.005) (-0.037) (0.388) (0.087) (1.429) (1322) (61 667) (2.060) (12.751)
USSC | -0.0086 0.0030 -0.0842 0.0098 00689 **{ 00117 09307 *=*| 01411 *=| [5]19 we~
t-statistics | (-0.082) (0.131) (-1.566) (1.525) (1.968) (0.783) (50.037) (4.135) (13.337)
Us6c | -0.1169 00706 * | -00277 0.0008 00962 **i 00201 08820 **| (1048 %] |2589 e
t-statistics | (-1392) (1.731) (-0.662) (0.085) (2.:204) (0.738) (25.007) (2.438) (17.434)
US7C | -00436 0.0020 00943 00063 **| 00963 *| 00204 **i 09787 **+ 00749 =+ 12282 =
t-statistics | (-0.210) (0.148) (1.396) (-2.000) (1.736) (2.116) (106.531) (3.708) (14871)
US8C | -0.0189 00018 -0.1082 0.0017 0.0556 0.0058 00643 **+ (00521 *++ {5192 e
t-statistics | (-0.094) (0.120) (-1.326) (0.423) (L157) (0.564) (79.040) (2.606) (13.506)
US9C | 01830 * | 00962 * ! 0511 o 00240 0.1144 =< 00041 08849 **| 01201 *» 12216 *e*
t-statistics | (-1.710) (1.800) (-2.328) (1.059) (517 (0.281) (26.174) (3.096) (17.420)
Us10C | -00417 .0.0029 0.0303 00015 00518 0.0067 09733 ** 00299 *| 15326
t-statistics | (-0.192) (-0.224) (0.418) (-0.535) (1.266) (0.551) (105.575) (1.895) (14528)
US11C | 02064 00129 00153 00011 0.0304 0.0072 09726 *»* 00323 *| 16155 ***
t-statistics | (0.808) (-0923) (0.178) (-0.347) (0.587) (0.557) (96.246) (1.8340) (12.800)
US12C | 03788 .0.0968 05192 ™ 01417 **{ 00373 * | 00153 ** 09856 *** 00279 ** 12900 **
t-statistics | (1.234) (-0952) (2.656) (-2.209) (1777 (2.108) (114.081) (-2.629) (15.047)
US13C | 00894 00024 -0.0893 0.0007 0.0679 0.0097 09775 =+ 00565 *=| 15582 *=*
t-statistics | (-0.356) (0.134) (-1.075) {0.151) (1325) (0.894) (109.150) (2.963) (14015)
US14C | -0.0088 0.0056 00165 00057 0.1481 = 00107 08732 ** 01500 *** 09562 ***
t-statistics | (-0.147) (0.288) (0.487) (-1.309) (3.556) (0.815) (36.685) (3333) (19.907)
US15C | -00522 00102 00074 -0.0040 00748 **| 00251 **i 09567 ** 01058 **= 11931 **
t-statistics | (-0.482) (0.500) (-0.129) (-0.585) (2328) (2.458) (81.372) (4.560) (15.738) -
US16C | -0.0332 0.0027 00341 0.0010 00478 00293 *| 09633 *** .0.0096 1.0832
t-statistics | (-0.217) (0.115) (-0.454) (0.137) (0.960) (1.864) (76.589) (-0.548) (20.138)
Panel E : Ital
ITiC y.o.om 0.0078 00879 0.0029 01709 **! 00453 * | 08631 *= 01305 *** 13268 *=
t-statistics | (-0.152) (0.339) (-1.483) (0.432) (2.190) (1.666) (28.860) (2.585) _ (18.470) —
Im2¢ -0.0685 00653 **| -00917 *** 00034 02439 * 00539 *| 07043 **! 02777 093;3
t-statistics | (-1.501) (2.478) (-2.739) (0.550) (3317 (1.743) (9.991) (2.543) (19 7996) s
IT3C 0.0000 0.0000 0.0000 0.0000 05285 *** 04015 *™ 06214 **= 00022 Dim
t-statistics | (0.000) (0.000) (0.001) (0.003) (3342) (2.780) (8.826) (0013) - %593‘5,) -
IT4C 00712 00657 **| 00746 *={ 00031 02615 ***i 0.0412 07031 **+ 02953 .
it ‘ , 1.517) (9.690) (2522) (1931)
t-statistics | (-1.589) (2.514) (-2.465) (0.530) (3.346) ( = Lo
L] A
IT5C -0.0588 0.0135 0.0042 00028 00724 0.0025 09405 ** 09’7?29 red
t-statistics | (-0.469) (0.455) (0.063) (-0.256) (1.740) (0.165) (43.665) . Q91 Lame o
IT6C -0.0351 0.0065 00419 -0.0059 00612 00635 **| 09160 *** 00:3 ey
t-statistics | (-0.340) (0.336) (0.826) (-1.126) (1.304) (2.508) (40.713) . (0. 5) SRR
ek 2 .
IT7c 00013 0.0016 0.0080 00091 **| 00784 00218 0.8661 02‘0‘:) | (0159
t-statistics | (-0043) (0.074) (0.326) (-2.029) (2.121) (1.406) (12.357) (2. A
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Appendix TH: Maximum Likelihood Estimates of the Feedback Model, Post-Futures Period_C

ontrol (continued)

eMcan Equamm Variance Equation
o L %
Panel F : Netherland = 2 % P 5 v
NETIC [ -0.0381 00117 00901 *** 00022 **| 02700 *** 00910 *** 08649 -+ 00433 08862 -
t-statistics | (-0.744) (1.259) (-2.336) (2350) (2641) (2628) (30.391) (0982 (18834)
NET2C | 02659 **1 00247 02045 *=* 00094 *** 01342 *+: 00058 09534 *** 00463 *+ 08921 e+
t-statistics | (-2.136) (1916) (4772) (-:3.395) (2019) (0.284) (65.285) Q160) | (18mn
NET3C | 0.0000 0.0000 00059 -0.0002 88357 i 02427 **| 04982 *** 00038 06833 wee
t-statistics | (0.000) (0.000) (0.563) (-1.178) (2.046) (2.021) (2.783) (0.023) (14226)
NET4C | -00451 00114 -00176 0.0023 0.1103 * 00324 08633 i 01741 % [ 403 e
t.statistics | (-0.580) (0.824) (-0.361) (0.727) (3.000) (0.840) (3455l . (3444 (15054)
NETSC | 02374 * | 00206 01834 ** 00076 *** 01666 **i 00142 09420 ** 00467 * 09031 >+
t.statistics | (-1937) (1.636) (4325) (-2.895) (1.989) (05749 (48.947) {1.849) (18 310)
NET6C | -00154 -00101 00151 -0.0003 05130 * | 01612 ** 08437 *** 00206 00674 ***
t-statistics | (-0.108) (-1.130) (-0.413) (0317) (1822) (2.768) (22073) (0351) . (19813)
Panel G : Spain

SPIC | 00725 00426 02176 *** 00395 00127 00722 ** 09337 * 00268 11514 +**
t.statistics | (1.111) (-0.908) (-2.934) (1.092) (1.195) (2936) (44609) (0866) (17535
SP2C | 00577 -0.0345 01841 | 00259 00262 00837 ** 09186 ** 00373 L1785 *+*
t-statistics | (0.749) (-0.652) (-2.356) (0.699) (1.606) (2.878) (35059)  (-1080) i (16.422)
SP3C | 00071 0.0066 01817 **+ 00307 **| 00599 *+ 00461 * . 08718 *wx 01272 s 2778 wes
L-statistics | (-0.096) (0.200) (-3326) (2308) (2.438) (1.663) (29677) (2940) | (14581
Panel H : Switzerland

SWTIC | 00018 .0.0039 .00274 00015 00430 0.0099 09430 **+ 00827 ** 1409 °**
t-statistics | (0.103) (-0.163) (-0.450) (0.179) (1.549) (0560) ' (56.100) (26260 | (13453
SWT2C | 0.0495 00273 00876 * | 00012 0155 *| 01124 *+ 07818 ** 00983 TULOHT e
t-statistics | (0.693) (-:6.737) (-1.868) (0.118) (2.083) (1702) (11.315) (13 (15.888)
SWT3C | -00770 -0.0064 01074 *+| .00039 00674 * 1 00289 09025 *** 01265 = [{969 *+*
t.statistics | (-1.061) (-0.475) (2.474) (-1.280) (1.900) (1219) (38382) (3.233) 13311y
SWT4C | -00810 0.0301 01105 * | 00058 00862 **: 00410 * | 08994 ** (00794 *+ 14534 ***
t.statistics | (-0.768) (1.154) (-1.799) (0.671) (2010) (1.655) (33315) Q21 13}y
SWT5C | .-0.1085 00015 01156 ** ! 00003 01429 **i 00475 * ' 08812 *r+ 01203 **+ [2238
t-statistics | (-1.080) (0.134) (2.468) (-0.132) (1.968) (1.909) (36.372) (3.203) (14394)
PanelI: Sweden

SWDIC | 00692 -00079 0.0389 -0.0011 00092 00343 **7 0979 *** 00286 * 10681 ‘*°
t-statistics | (0.446) (-0.409) (0.579) (-0.159) (0.298) (2.404) (113744 ' (1945)  (18511)
SWD2C | -00563 00015 -0.0067 .0.0004 03798 *+i 00078 08675 *** 01968 **+ 12583 ***
tstatistics | (-0.435) (0.135) (0.158) (-:0272) (2.496) (0.350) (25657) @74 o (saas)
SWD3C | 00153 .0.0063 00799 0.0094 00203 00084 09739 == 00278 L1085+
t.statistics | (0.109) (-0.201) (-1.104) (0.843) (0.206) (0.647) (62.487) (1 490) (16 138)
SWD4C | 00000 0.0000 0.0000 0.0000 0.4279 00381 08646 **+ 00898 - 0942
t-statistics | (0.000) (0.000) (0.000) (0.000) (1.584) (0.187) (14.724) (1319) (14225)
SWD5C | 00383 0.0405 00404 .00035 00494 *| 00127 09139 *=+ 00988 *** 13494 ***
t-statistics | (-0.512) (1.082) (0.722) (0213) (2.109) (0.557) (35.357) (2943) (14542)
Notes: 3,k Ahk Significant at 10%, 5% and 1% respectively

For the stock identification, refer to Table 2.2

v is a scale parameter or degrees of freedom estimated endogenously. The GED nests the normal (for v=2) and the Laplace/double exponential (fory=1)

99



Appendix 2I: Maximum Likelikood Estimates of the Feedback Model, Pre-Futures Period_Control (sorted by mdustry)
This table reports the estimated coefficients (t-statistics in parentheses) for the model :

Ry=a+ 004+ (@ + @io?)Ry + g

o= g+ oyedy + Bty + 0Xy1€%

where Ry is the log price relative of the control stock i at time period f.

Mean!?&ﬁon : Variance Equatie:
o | 8 i ® | ¢ @ i oo | ) | 5 Y
Panel A : Sexvices
FR2C 0.1703 -0.0337 0.1561 > 00465 *[ 00902 00748 *** 09092 *= (00134 12866 ===
t-statistics | (1.178) (-0.808) {1.742) (-2.268) (1622) (2692) (30.359) (-0.365) (14067
FR5C -0.2053 0.0313 00206 -0.0011 02406 **: 00114 09004 *= 01447 **+ [g3]6 +ee
t-statistics | (-1.225) (1.036) (-0.354) (-0.157) (2.276) (0.653) (28.478) (3547 (13.501)
FR7C 0.1016 00191 0.1291 00447 *| 01379 00664 **i 09000 ** 0015 13209+
t-statistics | (0.558) (-0382) (1.230) (-1.906) (1.605) (2308) (23.624) (0.040) (13994)
cnpp 0.0526 -0.00%0 00132 -0.0062 04335 * | 00844 **i 08258 *~ 0039 13525+
t-statistics | (0.280) (-0.236) (0.187) (-0.756) (1.874) (2.060) (12.200) (0.657) (125)
mc -0.0486 0.0071 01185 *| 00114 0.0976 00806 ™+ 08981 *= 00030 1233]  ene
t-statistics | (-0.362) (0.210) (-1.777) (L.101) (1.437) (2814) 21127 (0.067) (12.382)
IT4C -0.0882 00143 00935 0.0076 0.0601 00749 = 09024 *= 00207 12339 s
t-statistics | (-0.781) (0.470) (-1.493) (0.781) (1.328) (2971 (32354) (0.486) (12961)
Ir7¢ -0.1288 0.0313 01296 **| 00130 * | 0.1910 ™| 0.1279 *=| 07913 *= (.1030 12207 e
tstatistics | (.1.457) (1.198) (-2.364) (1.685) (2.472) (3.550) (19.651) (1.563) (16.698)
NET6C | -0.1597 %« 00164 **« 00579 ** 00031 ***| 01958 **| 00447 08807 ** 00997 “*+ 10415 »e=
t-statistics [ (-11.262) (4071) (136.495) (5317 (2.060) (1519 (23823) (2.869) (19.355)
SPIC 0.1395 0.0406 -0.0006 00192 01549 * | 00547 *| 08810 == 00395 13013 e
t-statistics | (-0935) (0.384) (-0.007) (-1.029) (1.705) (1.946) (18927 (0.768) 14874)
TKIC 0.0600 .0.0069 00194 0.0051 04967 **i 0.0505 07940 ™ 01818 ** |4366 *w»
t-statistics | (0.335) (-0.234) (-0.278) (0.693) (2.542) (1339) (15.484) (2.696) (12.241)
UK6C -0.0396 0.0038 01940 **« 00087 **| 02313 *| 00973 ! 08788 = 00149 09131 ***
t-statistics | (-0.384) (0.268) (-4.560) (2.413) (1.852) (2.499) (26.058) (0.339) (20637)
UKIIC | -04581 *| 00314 -0.0451 0.0053 12057 ** 01007 **| 07389 **| 01550 *| 12637
t-statistics | (-2.061) (1.543) (-0.676) (1.470) .797 (2.115) (11.281) (1.875) (16372)
UKI6C | -02532 0.0362 01127 *| 00118 *| 01801 *| 00327 09120 **| 00580 * | 12214 *+*
t-statistics | (-1.510) (1.376) (1.707) {-1.659) (1.788) (1.160) (29.664) (1.688) (15914)
US15C | 00120 0.0073 0.0549 -0.0005 07234 *| 00187 08132 ki 01787 *+* 2032 e
t-statistics | (0.073) (0.344) (1.179) (-0.142) (2.714) (0.571) (15.694) (3.165) (24072)
SWD3C | -0.3090 00425 * ! 00189 0.0072 03197 * | 00696 *<| 08711 *=I 00540 12271 *w»
t-statistics | (-1616) (1.724) (0.256) (1.116) (1.860) (2.363) (22.005) (1.331) (13817)
SWD4C | 02417 0.0408 -0.0363 0.0052 07788 *** 0.0362 07751 *=w (1049 »=k 10779 *++
t-statistics | (-1.456) (1.563) (-0.613) (0.840) (2652) (1382) (13.651) (2916) (19.117)
Panel B : Consumer Goods
FRBC 02275 0.0624 0.0658 00176 05133 **| 00703 07706 *+| 00799 12100
t-statistics | (-1.303) (1.404) (0.866) (-1312) (2.429) (1.623) (10.324) (1.359) (16937
CER6C | -0.0938 00169 -0.1087 00154 0.0473 00122 09569 ™=+ 00443 * | 12426 ***
t-statistics | (-0.608) (0.582) (-1.481) (1.428) (1.142) (0.700) (60.634) (1.672) (13.364)
GER9C | .0.1686 0.0255 0.0060 0.0041 14587 **| 01470 **| 06010 **+| 00569 11834
t-statistics | (-0.796) (0.711) (0.084) {0.564) (2.376) (2037) (4.383) (0.627) (17.092)
UK4C 0.0511 00122 -0.0404 -0.0053 0.1327 0.0441 09092 *++i (00466 12070
t-statistics | (0.316) (-0.365) (-0.538) (-0.487) (1.603) (1.530) (28.132) (1.188) (14.576)
UKSC -0.3180 00807 * | -0.0882 0.0016 03545 *! 00573 *| 08580 *=| 00372 11854 »++
t-statistics | (-1.569) (1.953) (-1.282) (0.171) (2.036) (1.844) (17.741) (0.851) (18.727)
UKI2C | 00546 .0.0077 0.1057 **| .0.0045 01378  * | 00641 *=* 09214 *= 00097 10835 »*
t-statistics | (0.427) (-0.552) (2.321) (-1.520) (1717 (2.589) (42310) (0.319) (19.247)
UK14C | 00317 .0.0105 01456 **| 00071 0.1096 00457 * i 09179 *= 00528 13166 ***
t-statistics | (0.188) (-0.438) (-2.102) (1.081) (1.414) (1914 (35.250) (1.435) (15818)
Us6C 02432 00775 01222 **| .0.0047 02003 *** 00204 **| 08946 **+ 01573 **| 15730 =
t-statistics | (-1.613) (1.573) (1.986) (-0.324) (2.797 (1984) {(28.717) (3.702) (16.160)
Us12C¢ | 00842 -0.0011 00918 -0.0053 01131 * | 00862 *=* 08930 *=+ 0020 13165 ***
t-statistics | (0.636) {-0054) (1.603) (-1.031) (1.692) (2.732) (33.247) (0.93) (14280)
US14C | -0.0596 00135 0.0303 -0.0066 0.2050 0.0287 09303 ** 00175 11529  o*e
t-statistics | (-0.249) (0.351) (0.383) (-0.703) (1.521) (1.457) (30.254) (0.790) (16.632)
SWTIC | -00121 00132 01472 *+ 00134 * | 04507 **i 0.334 i 07738 **| 0007 11151 o
t.statistics | (.0.099) (0.471) {2.705) (-1.795) (2214 (2.599) (11.919) (0.121) (15767)
SWT2C | 00503 -0.0901 00776 -0.1400 00340 *** 00747 **+ 09704 ***| 01284 *** 1188 °*°
t-statistics | (0.573) (-0.792) (0.889) (-1.324) (2.667) (3253) (54.2713) (3.640) (8.247)
SWT4C | 00299 -0.0017 01007 w17 g0121 % | 01900 **i 00733 **I 08305 **| 01194 **| 12895 **
t-statistics | (0.309) (-0.069) (1956) (-1.857) (2.482) (1980) (20.590) (2382 (13461)
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A . . _ .
ppendix 2I: Maximum Likelihood Estimates of the Feedback Model, Pre-Futures Period_C
s Period_C

ontrol (sorted by industry) {continued)

Nbﬂl‘q'luﬁon
! Variance Equatie
a 0 ; () o o 7 ;. v
Panel C : Technology “ . P | 8 | v
FR3C | 11962 00965 |
3C . 0127 00052
Lstatistics | (-2.104) 2.276 19134 == 00028 08052 == 1
aeeter, | (2100 0.0305) 30196373 ([-]0.766) (317) (0.120) (12913) ?2_1:2211) e
entses | 167D A (d[g::) o6t 00012 7 R R TR
usic 06265 0035 s oo (1251 (0.040) (15522) (23%) L (10416)
otatistes | (1735 140 i ! 15979 = 00299 07464 **+ 1839 === |82
vszc | 01976 ' L2 2566) 0.723) ' .
: -0.0040 0.0562 (12.422) (2.753)
b , Y 7R s 012 : (1459)
statistics (0.526) (-0.183) (06®) (1682) (1583 A 09163 *** 00661 **| 18363 ==
usac 05515 00174 0.0104 00013 1 6025) o (37.420) (2.145) (13261)
i-statistics | (1.299) (-L111) (0.125) (-0.639) e 00703 ™| 08469 += 00756 e
us7c | 0sies 0035 00208 G017 T s o 2.2
ottotis | (6 P ot oo 1o 00581 ! 08827 = 00611 *| 1408 v
s oS Y T R Ry o ) . (2473) (25.141) (1.651) (15972)
t-statistics | (0.352) 0 ) 6188 00102 09255 == 0. -
(0.181) (-1851) 0.572) (L768) 0.45 pa B
USIoC | 01352 00017 0.0768 00000 | 2739 e 0. (22226) 2203) (13986)
i-statistics | (0.427) 016 ) ' 0.078 08071 = 02953 we>
(-0.165) (1.506) (-2.010) (3.567) (0958 > LIB0L e
USLIC | 0.1633 5,002 0.0670 F TR BT e s 2 418 (4178
Lstatistics | (0.581) (:0263) (1374) (-2018) (3.74) oo e Tl oBm 15164
USISC | 0247 0.0131 00940 -0.0003 o (19.379) (a91) (15115
tstatistics | (-0.540) (0.742) 1241 ) ) o0 09064 "™ 01298 wem 16397 e
¢ ) (-0.110) (2.435) 117
UsieC | 01653 00147 0.0011 0002 01372 S e Sl (s
-statistics | (0.473) (:0.470) (0012) (:0.294) (1.082) ot e e e M
SWDIC | 0.3065 00148 0.0671 100039 e @)L LT | (431
otatitics | (1.330) 057 0954 0526 (2-“0) (:]0;:221 08857 " (01233 *e* | 246] e
T : (0882) (28.511) (2.599) (21.833)
FRAC | 00533 0.0078 0.0377
. . )
A | oours o (_00;“338) (;1;3311 w5012 00530 ==+ 00830+ 15308 e
FR6C | 02947 00847 % 101109 20,0302 (o .3661) - ?: - prad Can Qe
t-stetistics | (-1.484) (1.682) (1.349) (-1.284) 2362) (1‘54:;5 bodCaR o s S
GER2C | 01874 00393 00594 o130 S T (1.668) (16.769)
t-statistics | (-1.361) {1.090) (0.335) (-1011) (l 806) (1'972) 09078 ***! 00795 **| 15380 e
GER4C | 01954 0.0388 0432 % | 00200 00827+ s G (o4
t-statistics | (-1.452) (1.095) (1.890) (-1.569) (1734 ?20;9667 bopeo N IS o
GERSC | "-0.1954 0.0388 01322 1 00200 00837 ¥ 00367) T o 2
tostatistics | (-1452) (1.095) (1.890) (-1,569) (1.734) (209 oy 00670 %) L1I2®
GERBC | -0.0680 0.0098 01320 | 00177 00246 06447) T v
t-statistics | (-0.659) (0.341) (2.146) (-1635) Q177 ' o | o Lasmn
ms¢ | 0.0601 00321 0.0152 10,0083 0.1023 (02299) T i i
Lstatistics | (0.415) (-0670) (0212) (0.412) (1.298) 5% Yo | oon e
i | Q419 0 _ . . (2055) (18.552) (0.197) (11.59%)
moc | oies ouzse 00062 00056 05114 Wl 01193 *%| 07574 | 0071 12939+
NET2C | -0.0406 00020 (u.n;g?/) . (-0069036:;) ok (;;54981) - 51214553 B (;2'874) i o6y
t-statistics | (-0.452) (©.187) (2.050) (:2:880) ' 4 el Brponn e
. ; 2, (2.460) (3328) 23371)
NET4C | -0.1558 0.0456 0.0912" %} "-0.0056 : S0 (s
4¢ ) . 0} 03463 W 00845 W] 07874 w009
t-statistics | (-1.292) (1.503) (L751) (:0.946) ' s vo@y
. . 0, (2366) (2.454) (14.143)
NETSC | 00104 0,006 0.0635 00048 ¥ ' o s
50 | . 01 02718 | 01388 W 08634 | -0.0687 -
t-statistics | (0.113) -0.557) (1.600) (-1.905) ' 4 o
. a 2252) (3.139) (25.898) 1,397
SP2C | 01359 00386 00140 00 ; s
2¢ . 01 200161 01695 * | 00603 **| 08751 "= 0034 -
statistics | (-0.899) (0837) (-0.166) (-0874) ( ] 51 o
. . 9, 1.739) 2056 17;
SPC | 00194 -0.0058 00120 0.0027 0.1897 ¥ 511013) o (oszng;) e (3353 (:Eﬁ) -
t-statistics | (0.168) (0278) (0.240) (0.557) (1752) 2615) (22615) (0.440) (16993
uksC | 00005 -8.0001 SO o06s W | 03545 % 00819 W 08624 w0045 05195) -
Lstatistics | (0.005) (-0005) (-3.200) Q.21) (1.960) 037 20,003 ) :
ttten | 0009 . s (20003) ©351) (20.367)
7C 0.0242 0.0033 0.0003 00997 % 0.0043 09508+ 00667 | 14165
t-statistics | (-1.164) ©.761) ©042) ©0.031) (1.646) (0310) (57617) @s7) (4301
uoC | 02412 00263 20,0459 0.0055 00503 TV TTO0ITE S 09763+ 00670 | 14641 v
t-statistics | (-1.160) (0836) 0.5 517 (L772) (1.780) (104.647) (4080) (140%9)
ukioc |34 00336 -00145 00076 G e T 0gE e 0078 v | 1310 e
totatistics | (-1.165) (1.108) (-0.170) (1.086) (2.065) (1.669) (21.534) (L817) (16030)
UKI3C [ "-01273 0.0096 01113 00223+ 02999 %+ 00420 C8a30 S 011Es | L16m e
tstatistics | (-0.841) (0.289) (1.446) (-L.834) @2.113) (1381 (17213) 208) (12309)
UKISC | 01658 0.0186 0.1091 00056 13730 w0096 % 07136 e 01350 * | 12405 **
-statistics | (.0.750) (0.669) (1.499) (-0.940) (2.460) (1669) (07.688) 17 (17359
1U:{tlj'_c 00728 00279 0.1698 00793 % [To.1248 % | 00375 08577+l 00954 v*| 12201
.5
et (:0.581) (0.420) (1.608) (-1.730) (1.769) (1.636) (16.467) (L97) (14381)
Ussc %0644 0,000 0.0428 -0.0038 02294 "+ 00250 00047 <o 0085+, 17618 ***
ics | (0.281) (-0.025) (0.623) (-0.498) (1.949) (0935) (29.041) (2313) |_(11695)
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Appendix 2I: Maximwun Likelihood Estimates of the Feedback Model. Pre-Futures Period_Control (sorted by industiv) (contmued)

- Mean Fmﬁmn i Variance Equation
a 0 . T ) @ oy B 5§ v
Panel D : Financial
SWT3C | -0.0295 0.0265 " 0.0053 0.0068 01008 ** 00237 08095 ~**+ (0285 *** 05393 °**
tstatistics | (:0.853) (1.547) (0.165) (-1.500) (2977 @788 (23659) (3692 7174
SWIsC | -0.0008 0.0012 00031 00038 **| 00797 = 01789 -+ 03759 ***i 00983 T oasgas eee
tstatistics | (-0.033) (0.112) (0.110) (:2.289) (3.043) _(a4m) l QLI L assy L 18si1)
SWD2C | 00297 0.0018 0.0596 -0.0020 01054 00453~ 03316 **r 00374 1405 e
Lstatistics | (-0.159) (0.100) (0.898) (-0.509) (1304) (221 (52138) 1 (1351) (182%9)
SWD5C | -0.2547 00510 .0.1013 00162 03024 ** 00194 08518 * 01180 ** 13483 °*=*
t.statistics | (-1.368) (1079 (-1.246) (1.019) (2.122) (0.730) (16.429) (2407 (12826)
_ga.nzll': General and Resources
GER3C | 03354 00433 00557 -00108 02047+ 1 00421 % 089g7 w Qo067+ 13667 e
L.statistics | (-1.501) (1.160) (0.565) (-0.820) (1.699) (1907) (25806) (1.694) L (13.446)
NEI3C | -0.4979 0.0067 02923 ** 00037 1.1098 00603 08838 *** 00671 Tloxws e
______ Lstatistics | (-1.074) (0.468) (2.7%9) (-1.450) 1.223) (1.594) (17.496) (1.198) L (9811)
Us9C -0.0485 0.0046 03119 **: 00663 *| 01149 00304 09316 *= 00219 | 13170 e
tstatistics | (-0.199) (0.072) (2.161) (-1.959) (1.408) (1641) (28.360) 0875 (14284)
GERIOC | -00903 0.0149 -0.0898 00032 00826 ~* . 00346 09108 =i 00807 v 11544 v
t.statistics | (-0.892) (0.572) (-1.542) (0.344) (1.769) (1.210) (30.559) Q3 (16713)
GERIIC | -00903 0.0149 00898 00032 00826 * 00346 09108 %= 00807 **: 11544 **°
L-statistics | (-0.892) (0.572) (-1.542) (0344) (1.769) ©(1.210) (30559) (2113 (16713)
FRIC s34 W T Toq001 T 01627 ** 1 00216 **| 16015 *** 0.0380 06551 *++ 02018 *m+ 13679 <+t
tstatistics | (-1.687) (1.769) (2.345) (-2352) (3.086) _(1259) (6.262) (2935) (13661)
FR9C -0.1760 0.0627 02282 **1 00083 0.0383 00679 09220 *** 00060 C1228 e
t.statistics | (-1.188) (1.523) (-2042) (0.413) (1152) | (26093) | (0104) |
GER7C | 0.0069 -0.0018 00650 00156 0152 + T0goa2 ww! 00201 ¢ _
Lstatistics | (0.048) (-0059) (0.925) (-1.462) (1925) " (1760) . (29.479) assy ‘
ImiC .03375 0.0416 00789 -0.0103 05783 * 00626 08264 **+| 00672 !
t.statistics | (-1.298) (1.041) (0815 (-0954) (1.870) | (1635) (11763 (1.209) | qa149)
IT3C 04287 =i 00576 00017 0.0024 02200 * 00035 09284 ** 00792 [ 11492 *»*
______ t-statistics | (-1983) (1.474) (-0.025) (0.251) (A1) (0312) Q1754 (19600 _ | (16844)
NETIC | 04483+ 01263 * | 00293 00085 14733 = 00519 05200 *+¢ D140 T+ L1131 et
t.statistics | (-1.672) (1.882) (0.401) (0.665) (2.390) (1.376) (3.068) (1747) (17334
UK2C 00702 -0.0196 00415 -0.0046 01452 * | 00523 08998  *** 00463 12956
t.statistics | (0.445) (-0603) (-0.556) (:0.432) (1653) (1632) (26284) . (1059 (14433
""""" UKSC 02071 00248 0.1266 -0.0085 03866 0.0230 09105 *++, 00573 12331 e
t.statistics | (0.681) (-0.726) (1.361) (0974 (1.421) (1.134) (19358) | (130D | (15500)
US4C g e 100517 Wi 02431 W 00071 *| 25234 ** 00760 **} 07906 **v 00712 14760
L.statistics | (-2.169) (2.122) (2224) (-1919) (2.440) (2259 (12.865) (1.540) (14895)
Notes: * dk kak Significant at 10%, 5% and 1% respectively

For the stock identification, refer to Table 2.2 '
v is & scals parameter or degrees of freedom estimated endogenously. The GED nests the normal (fox v=2) and the Laplace/double exponential (for v=1)
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Appendix 2J: Maximum Likelihood Estimates of the Feedback Model, Post-Futures Period_Control (sorted by industry)

This table reports the estimated coefficients (t-statistics in parentheses) for the model :

where Ry is the log price relative of the control stocki at time period

Ry= fl-+902t+(%+(6’1°2t)&1 +g
Gzt =gyt (1.182“ + ﬂczt,l + 5XL1€21_1

Meanl?luahlm Variance Equatie
@ 0 % @ % q | p | b v
Panel A : Sexvices
FR2C 00226 00393 01795 **| 00096 00155 0.0040 09628 *++ 00597 =] 13531 e*e
t-statistics | (0.215) (-0984) (-2.393) (0.456) (1.030) (0346) (68.504) (339) (14319)
FR5C | 00694 0.0028 00596 -0.0007 00542 0.0062 09342 === 01028 *=* 15723 *=
t-statistics | (-0.616) (0.1249) (-1.127) 0.7 (1.585) (0319) (59.338) (3.463) (14909)
FR7C 00492 -0.0502 01226 00037 0.0212 00054 09615 ** 00550 ***| 13768 *=
t-statistics | (0.448) (-1.159) {-1.629) (0.170) (1.331) (0.433) (62.830) (2922) (14245)
GERIC | .00258 -0.0040 0.0817 -0.0036 0.0396 00386 09180 *~! 00714 ** 12013 *=
t-statistics | (.0.212) (-0217) {1 565) (-0.827) (1.597) 61 (38927 2.470) (16 759)
IT2¢ -0.0685 00653 *+| .00017 ** 00034 02439 *=+| 00539 *| 07083 **= 02777 **| 09318 =
t-statistics | (-1.501) (2.478) (-2.739) (0.550) (3317 (1.743) (9.991) 2.50) (19.730)
IT4C 00712 00657 *¢| 00746 **| 00031 02615 *=+ 00412 07031 *=| 02953 **| 08935 ***
t-statistics | (-1.589) (2.514) (-2.465) (0.530) (3.346) (1517 (9.690) (2.522) (19.370)
IT7¢ -0.0013 0.0016 0.0080 00091 *+| 00784 *| 00218 08661 ***i 01465 **| 08584 *=
t-statistics | (-0.043) (0.074) (0.326) (-2.029) 2.121) (1.406) (17757 (2.044) (20159
NET6C | -0.0154 -0.0101 00151 .0.0003 05130 * ! 01612 * 08437 *** 00206 09674 *=*
t-statistics | (-0.108) {-1.130) (-0.413) (0317 (1822 (2.768) (22.078) (0351) (19.313)
SPIC 00725 00426 02176 = 00395 00127 00722 *=| 09337 *=| 0028 11514 #=
t-statistics | (1.111) (-0.908) (-2934) (1.092) (1.195) (2936) (44.609) (-0.866) (17.535)
UKIC 00185 -0.0043 0.0314 -0.0037 0.05!1 00192 **+| 09836 **+| 00609 *** 16008 ***
t-statistics | (0.075) (-0.185) (0.366) (-0.525) (1.244) (2906) (109.890) (3.741) (12.804)
UK6C | -0.1076 00488 * | -0.0293 -0.0020 03703 ***| 01408 **| 07178 **=* 00998 10305 =+
t-statistics | (-1.370) (1924 (-0.622) (-0321) (2953) (2.107) (9.734) (1.039) (20.574) -
UKIIC | -0.0073 0.0001 -0.0098 0.0006 01739 **! 00385 * | 08989 **+ 01001 **| 10207
t-statistics | (-0084) (0.007) (-0.303) (0.688) (2.191) (1.745) (49.270) (2.105) (22.033) -
UKI6C | -0.0850 00370 0.0026 00177 *+| 006277 00419 * | 09336 ** 00306 13914
t-statistics | (-1019) (1.438) (0.048) (-2.025) (1.396) (1.669) (45242) (1147 (12903) -
Usisc | -00522 00102 -0.0074 .0.0040 00748 ™| 00251 **| 0957 *=| 01058 *** 11931
t-statistics | (-0.482) (0.500) (-0.129) (-0.585) (2.328) (2.458) (81372) (4.560) (15.738) -
SWD3C | 00153 -0.0063 00799 0.0094 0.0203 0.0084 09739 *=| 00278 1.1085
t-statistics | (0.109) (-0.201) (-1.104) (0.843) (0.806) (0.647) (62.437) (1.490) {16.138) -
SWD4C | 00000 0.0000 0.0000 0.0000 042719 0.0381 08646 ***| 00398 09422
t-statistics | (0.000) (0.000) (0.000) (0.000) (1.584) (0.787) (14724 (1.319) (14.225)
Panel B : Consumer Goods o ST o e
FR8C | -0.0250 0.0050 00213 00152 00295 *| 00188 09223 00823 )
isti 0349 (d 088) (-0.363) (-0.503) (1.785) (0971) (34.838) (2.235) (14611)
e Rt 0 0188 51866 Wl 00138 00819 **| 00034 08927 ** 01649 ™| 12070
t(s;:ggs 33?4755; (o 542) (.5.150) (d.sm) (2.265) (0.108) (27279) (3.400) (14.85;) -
F , ' 7 00437 *| 09222 ***| 00666 *| 1192
GER9C | 00544 -0.0190 00775 * ! 00027 0.050
t-statistics | (0.586) (-1.104) (-1.649) (0.681) (1.345) (1.751) (48.985) - (1.89692) - (:772:) -
UK4C 0.0137 0.0017 01670 ** .00059 00240 00316 09235 ?2.00719) (1i350)
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Appendix 2J: Maximum Likelihood Fstimates of the Feedback Model. Post-Futures Period_Control (sorted by industiv) (continued)
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For the stock identification, refer to Tabls 2.2
v is & scale parameter or degrees of freedom estimated endogenously. The GED nests the normal (for v=2) and the Laplace/double exponential (for v=1).
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Chapter 3
The Price Discovery Role of Universal Stock Futures

“The big benefit from futures markets is...the fact that participants in the futures

markets can make production, storage, and processing decisions by looking at the
pattern of futures prices, even if they don't take positions in that market.”

Black (1976a, p.176)

3.1 Introduction

In chapter 1 it was shown that price discovery is an important function of futures
markets and is one of the main reasons underlying their evolution. In this chapter we
examine whether the USF contracts have succeeded in fulfilling this economic role.
In discussing the economic functions of financial markets, Merton (1990, p.263)
points out “The core function of the financial system is to facilitate the allocation and
development of economic resources, both spatially and across time, in an uncertain
environment.” However, the capital-allocation role of financial markets rests on the
informational efficiency of security prices. For the capital-allocation determined by
markets to be efficient, it is essential that security prices reflect all rclevant
information fully and accurately to market participants (Fama, 1970). It is obvious
that an integral role of financial markets is the efficient dissipation of information.
Therefore, price discovery (i.e., process by which a security market impounds new
information and finds equilibrium price) is arguably the most important product of a

security market (Schreiber and Schwartz, 1986; Hasbrouck, 1995: O’Hara, 2003).

Recent advances in information technology and telecommunications technique have
led to some dramatic changes in the structure of global financial markets over time.
One of the main developments is the growing number of individual assets or multiple
highly related assets are traded on more than one market. When an asset or several
related assets are traded on multiple markets, a crucial question naturally arises:

which market contributes most to the price discovery and information incorporation:
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A prominent example of highly related financial assets trading in different markets is
a stock and its derivatives. In a rational, efficiently functioning and frictionless
market, prices of stock and derivatives must simultaneously reflect new information.
As a result, returns of these two markets should be perfectly contemporancously
correlated. If this were not the case, arbitrage profits would be possible (Kolb. 2000).
However, due to market frictions such as transaction costs and market microstructure
effects, one market may play a larger role in price discovery and reflect information
faster than the other thus causing a lead-lag relation in returns. Intuitively. the market
that provides a combination of greater liquidity, lower execution costs and greater

leverage opportunities should dominate price discovery process (Booth et al., 1999).

Due to the nature of derivative contracts (such as lower transaction costs, less capital
outlays, higher leverage, and lesser trading restrictions), they constitute an additional
and attractive venue for informed traders to trade on their private information and
others to discover that information. Accordingly, derivatives are expected to lead the
underlying assets in impounding information and may provide information that
simply cannot be inferred from the stock markets.®” This argument is reinforced
when one considers that any restrictions on stock trading (e.g., uptick rule on
shorting) mean that stock prices are slower in adjusting to information. especially

bad news.

A considerable amount of empirical research has been directed towards examining
the lead-lag relationship and the price discovery function in a variety of derivatives

markets such as commodities derivatives markets. currency futures markets, stock

5 As the quote at the beginning of this chapter suggests. price discovery is an es‘sential fu"f‘!””
performed by futures markets. Their ability to incorporate new information to ‘derive thg undclr()%l?:
assets’ value is often presented as the key justification for these markets (Garbade and Silber, 1983).

For the reasons why futures can alter amount and/or speed of information flow. see Cox (1976).
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index futures and/or index options markets, and individual equity options markets.
The full list is too long to provide a census, but notable examples using currency
futures markets data include studies by Chatrath and Song (1998) and Wang and
Wang (2001). Examples of studies examining stock index futures and/or options
markets include Chan et al. (1991), Koutmos and Tucker (1996), Fleming et al.
(1996), Booth et al. (1999), Chiang and Fong (2001), and So and Tse (2004). to
name but a few. Among the authors who have addressed the issue in individual
equity options are Stephan and Whaley (1990), O’Connor (1999), Hatch (2003) and
Chakravarty et al. (2004). More recently, the nature of relationships among the stock
index, regular index futures and E-mini index futures has also attracted the attention
of practitioners and academics. Examples using U.S. data include studies by
Hasbrouck (2003), Kurov and Lasser (2004), Ates and Wang (2005). and Tse and
Xiang (2006). Overall, findings of these and similar studies generally support the
notion that movement in derivative prices leads the underlying assets prices and
hence contributes to the discovery of new information regarding the future level of

spot prices.

Despite this plethora of studies in various commodities and financial derivatives
markets, studies that explicitly investigate the relationships between single stock
futures (SSFs) and the underlying stock, to the best of our knowledge. are virtually
nonexistent, primarily due to their lack of history and the unavailability of data.®®
Although these new derivative contracts have been the focus of some recent research,

the issue of whether the SSFs market plays an important role in price discovery and

been banned in the U.S. for the last two decades
een the SEC and CFTC on sharing the regulatory
n mid-2001 (see USGAO, 2000).

 For instance, futures on individual stocks have
under the Shad-Johnson Accord. an agreement betw :
authority over futures on securities, and only recently become legal i
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thus carries predictive information about the future movements in the underlving

stock prices has been subject to very little (if any) attention in published research.®’

Therefore, the primary objective of this chapter is to fill this gap in the literature and
investigate the dynamics of interaction between single stock futures markets and
underlying stock markets by using a set of Universal Stock Futures (USFs). the
newly established SSFs contracts in UK. LIFFE.” The USFs data is analysed
because of the following special features of this market. First, although there are a
few countries (such as in Sweden, Australia, South Africa and Hong Kong. etc.)
which have stock futures trading in a small number of domestic stocks, such trading
has so far been inconsequential and not much evidence can be drawn from their
illiquid trading. The situation in LIFFE is different in as much as the volume of
Universal Stock Futures (USFs) trading promises to be substantial in relation to their
stock markets.”' And as the market continues to grow, perhaps the data quality will
be better than that of other small exchanges for drawing meaningful conclusions

about the nature of inter-relationships between the futures and stock markets.

Another significance of USFs is that LIFFE is the first exchange in the world to offer
stock futures contracts on foreign underlying stocks.”> Hence, in this sense, USF

contract is being seen by the rest of the world as an experiment. If such futures

% McKenzie et al. (2001) examine the impact of SSF listing on the volatility of the stock market in
Australia, Dutt and Wein (2003) analyse the suitable margin requirements for the U.S. SSF market,
and Lien and Yang (2004) examine the effects of change in Australian SSF contracts specifications.

70 The single stock futures (SSFs) has been traded in some smaller exchanges such as the Hong Kong
Futures Exchange (HKFE) and the Sydney Futures Exchange (SFE); however, these contracts have
not proven particular attractive to the investors. The LIFFE has argued that the lack of’ volume on
these local contracts was due to the limited range of domestic stocks and the immaturity of these
markets. Indeed LIFFE is the first major exchange to launch ‘cross-border’ SSFs and, wlth recent
lifting of the ban on these contracts in the U.S., there are about 15 exchanges trade SSFs covering over
300 stocks (see Lascelles, 2002 for a survey of exchanges trading SSF contracts). .

71 During August 2004. USFs trading volume was 473,192 contracts, average daily volume was
21,509 contracts, and end-of month open interest was 565.727 contracts. The ,\'car-to-date.volume of
over 11 million (124% year-on-year growth) makes it the world's largest SSF cxchange in terms of
trading volume (see hitp://www.databyeuronext.com/nexthistory).

" LIFFE listed a total of 433 USF contracts from 13 different countries in June 2005.
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trading is successful it is likely that other exchanges will follow. More importantly.
while insights can be gained by examining the inter-dependence between domestic
listed SSFs and the underlying stock markets, the cross-border stock futures such as
the USF contracts offered by LIFFE in non-UK stocks allows us to cater for a further
dimension in the literature: pricing dynamics and information transmission
mechanisms between foreign-listed SSFs and the domestic underlying stock markets.
Moreover, they also permit us to examine whether there is a ‘country effect’ in the
SSEs’ contribution to price discovery. A number of studies argue, in the context of
cross-listed stock index futures, that the price discovery ability of futures markets
will largely depend on the market structures and institutional differences of the
markets at which the underlying indices are being traded (see, e.g., Board and
Sutcliffe, 1996; Roope and Zurbruegg, 2002; Frino and West, 2003; and Covrig et
al., 2004). The conclusion from these studies is that the markets with lower
transaction costs are more conductive to information incorporation, and that price
discovery primarily originates from the home market (i.e. home-bias hypothesis).
Therefore, it would be interesting to see whether these results are applicable to the
cross-listed USF contracts that are based on foreign stocks, and if USFs price
discovery function can be attributed to the differences in the underlying stock market

conditions or locations.

To this end, this chapter investigates, for the first time, the nature and extent to which
USFs contribute to the price discovery process. In particular, we consider the part
that USFs play in discovering the information about their underlying stock prices.
and the factors that influence this role. Firstly, we determine whether price discovery
occurs on the futures markets by applying the approach developed by Gonzalo and

Granger (1995) to quantify the contribution of USF to determination of stock price.
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Secondly, both the market-wide and firm-specific information flows are documented
for the whole sample period, as well as the introduction and maturity periods of USF.
An investigation into the impact of several variables which may influence the
proportion of new information that is incorporated via the futures markets forms the
third focus of this chapter. These include the trading characteristics (relative liquidity
and trading costs), futures specifications like ‘contract size’, and information types.
Additionally, we also consider the impact of geographical origin of underlying stock
market (trading location) on proportional of USFs price discovery. All these analyses
into the influences on the USFs price discovery process are done by considering
certain periods and/or groups, and by means of the cross-sectional regression models.
Most importantly, the current study also characterises the dynamic interdependence
of the stock and futures markets by explicitly modelling the ways in which these two
markets interact through their second moments (i.e., the ‘volatility-spillovers’ effect).
To our knowledge, while this has been recognised as an important issue (see. €.g..
Chan et al., 1991; Abhyankar, 1995; and Chatrath et al., 2000), this is the first study
to directly examine the higher moment dependence between futures and stock

markets at the individual stock level.

Volatility-spillover is an important issue in the study of information transmission
process for a variety of reasons. First, volatility is often regarded as a useful measure
for information flow. Two seminal papers (French and Roll, 1986; Ross. 1989) show
that the variance of an asset’s price, and not the asset’s simple price change. is
directly related to the rate of information flow under the competitive markets. In
addition, Cheung and Ng (1996) also point out that volatility change is a process of
reflecting the arrivals of new information and of how the market evaluates and

assimilates the information. These suggest that the interaction between conditional
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variances has significant implications concerning the information transmission
mechanism between the assets or markets. Therefore. in order to gain a more
thorough understanding of the information flows between stock and futures markets.
it is important to investigate how volatility is transmitted between these two markets.
If information arrives first in the futures market, one should expect to see volatility
spillover from derivatives to stock market. Second, the examination of volatility-
spillover dynamics between stock and futures markets pertains to the perceived
destabilising effects of futures trading. Specifically, these markets have long been
suspected of exerting a destabilising influence on the underlying stock market.
Although this debate is still largely unsettled at both the theoretical and empirical
levels, there is growing evidence that trade in futures does not destabilise the
underlying markets. To the extent that volatility is induced by trading in response to
new information, the volatility-spillover from futures to stock markets should be
treated as the beneficial effect because it is purely a reflection of futures markets
expanding the channels of information flow in the stock markets and performing its

role as a source of information transmission (see Cox, 1976; Ross, 1989; and

Antoniou and Holmes, 1995).

Third, intuitively, the futures and their underlying stock markets are both affected by
the same information set. Therefore, differences in their information transmission
abilities (as measured by strength of volatility transmission) reflect the relative
efficiencies in their information processing. Fourth, it is well documented that the
variance of error terms in Ordinary Least Squares (OLS) equations are both time-
varying and highly persistent, and there is a reason to suspect that the variances are
correlated across stock and futures. Failure to incorporate such effects can invalidate

the statistical inferences relating to the intermarket relationships. Consequently. to

112



study the price dynamics in the stock and futures contracts, it is important to take
into account the intermarket volatility spillover. Therefore, an appropriate extension

to our price discovery analysis is to simultaneously model return and volatility

interactions between USF and stock markets.

Taken together, this chapter not only provides, for the first time. empirical evidence
on the price discovery function of USF contracts but also contributes to the current
understanding of linkages between derivatives and underlying markets in the
following aspects.” First, unlike the market-wide instruments, the USF contracts are
based on individual stocks which by definition can be directly traded. This tradable
nature of the underlying market implies that stock and futures prices are more closely
linked by a cost-of-carry relationship, and hence USF prices may not contribute to
the discovery of new information to the same extent as the markets for non-tradable
underlying assets such as index futures contracts. Investigation of the price discovery
role of the USFs market can thus provide a direct answer to this important issue.
Second, our examination of the USF price discovery role over different time periods,
and across several markets, could provide insights on the relative price discovery of
derivatives markets at the different stages of their developments.™ In addition, the
cross-border USF contracts on non-U.K. stocks allow us to shed more light on the
possible ‘home-bias’ effect in the information transmission mechanisms between

foreign-listed futures and their domestic underlying stock markets.

Third, the relatively large sample (i.e., 50 USFs) also permits us to examine the
dominant characteristics that determine relative price discovery contributions of the

futures markets by using a cross-sectional analysis. Empirical results would provide

7 See Appendix 3A for an overview of the main contributions of this chapter to the current llt‘eruu.nr‘e.)
™ This sub-period analysis is motivated by the findings that mature markets process 'mforgz)aot;(;n faster
than less mature markets (see, for instance, Chiang and Fong. 2001; and Frino and West, 2003).
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policy-makers important insights on the importance of several factors in security
designs and market structures. Finally, whether there are interactions in second
moments of the stock and USFs markets is another important issue that is
investigated in this chapter. As discussed before, this has vital implication for the

issues regarding the relative price discovery and informational efficiency of these

two markets.

Another distinguishing characteristic of this study is the comparison of stock and
futures markets ability in reflecting the firm-specific and market-wide information.
Previous research which has examined the lead-lag patterns between stock index and
stock index futures markets documented considerable variation in price discovery
contributions of each market depending on the information types.”” In particular,
these studies suggest that the lead of futures markets will become greater around the
‘market-wide’ information release periods, while transmission of information will
run from the stock to the futures market in the case of the ‘firm-specific’ information.
It would therefore be interesting to analyse whether the kind of information may
affect the USFs contracts’ contributions to the price discovery process. It would also
be interesting to test whether the price discovery role can vary depending on the
information content. This study directly addresses these two issues using USFs data.
Although our focus is on the reflection of firm-specific information in the stock and
USF markets, we also consider the market-wide information as well as whether the

: : : e L5 76
information content is ‘positive’ or ‘negative’.

Findings of this chapter should benefit both the academic and financial communities.

The latter include investors who trade in both stocks and derivatives. as well as those

" See, for example, Chan (1992), Crain and Lee (1995). Frino et al: (2000), amongst therg. J—
" The use of USFs is particularly useful in studying the transmission of ﬁrm-spec!ﬁft information
because the USFs’ tradings are mainly based on the news relating to the individual stocks.
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who are active in only one market. For instance, if the results show that futures
market contribute significantly to the price discovery, this indicates that some
information is first reflected in that market, and movements in these markets will be
of interest to investors trading the underling shares.”’ Additionally, the cash-futures
price relationship is also an important factor for hedgers in developing effective
hedging strategies. According to the traditional theory of hedging, the effectiveness
of hedge largely depends on the parallelism of movements in spot and futures prices.
Further, an investigation of the price discovery dynamics between stock and futures
markets could shed light on the market preference of informed traders. Intuitively. if
informed traders are more likely to choose one particular market to reveal their
private information, prices on this market tend to lead on the other markets. This is
particularly important as a greater understanding of where informed traders choose to
trade and the factors influencing this choice are highly relevant to market makers and
regulators. For example, knowledge of the informed traders’ market preferences will
aid the regulators in preventing illegal insider trades. In addition, an analysis of the
price discovery role of LIFFE USFs contracts could also provide useful references
for other derivatives markets which have introduced and/or been considering to
launch the single stock futures. For instance, it may help exchange executives make
decisions on whether such derivatives products should be listed in their markets as a

means of enhancing information dissemination.

The structure of this chapter is as follows. The next section provides a brief review
on the literature in the price discovery function of derivatives markets. The
theoretical pricing relationship between the futures and stock markets. together with

' Iri ' ion 3.3 ibes
the results of some previous empirical research are reviewed. Section 5.5 descri

r 60% of investors identiticd

1
According to a recent survey conducted b Greenwich Associates, ove
i : ity markets (GA. 2005).

‘price discovery’ as one of their primary concerns about the current securl
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the data and sample selection criteria. Section 3.4 outlines the empirical procedures
we use to investigate the contributions of USFs to the price discovery process, their
variations across stocks and through time, the factors that cause the variations. and
the volatility interactions between these two markets. The empirical results and
robustness checks are also presented in this section. Finally, section 3.5 concludes
this chapter, outlines the limitations and discusses the potential extensions for further

research.

3.2 Literature Review

The price discovery process in fragmented markets has attracted much attention from
the academic and financial communities in recent years as more and more assets are
traded in different markets in different forms. Intuitively, as the prices of the
identical or multiple highly related assets are driven by the same underlying
information, all markets should impound the common information instantaneously
and simultaneously in a perfectly efficient and integrated financial system, so that
their prices adjust to a new equilibrium level with no lag. As mentioned earlier,
however, there are significant differences in their market frictions, market structures.
and security designs that affect the speed at which each market reflects and digests
the incoming new information. Consequently, it is possible that some securities are
more capable of incorporating the new information than others. even though they are

based on the same underlying asset.

Numerous studies have been devoted to examine the price dynamics among the
informationally-linked security markets such as the derivatives and spot markets.
international derivatives written on same cash index. internationally cross-listed

) . . ic stock
stocks and domestic stock markets, international currency markets, and domestic stoc
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exchanges trading the same securities.’® Two crucial questions these studies attempt to
address are: (1) which market contributes most to the information incorporation? and
(2) what are the dominant characteristics that determine the price discovery function
of a security or market? Different approaches have been put forward to study these
issues. Nevertheless, the outcomes of the empirical investigations in the current

literature are still inconclusive and making these issues open questions.

A prominent example of informationally-linked financial assets trading in different
markets is a stock and its futures. Since futures prices and spot prices are driven by
the same underlying information, they should be closely related. Specifically, if
futures and spot market are perfectly efficient, the futures and spot prices are
expected to satisfy three conditions: (i) changes in spot prices and changes in futures
prices are expected to occur at the same, but (ii) current futures price change is
expected not to be related to previous spot price change, and (iii) current spot price
change is also expected not to be related to previous futures price change. That is.
these two markets should reflect the same information simultaneously; and there
should be no lead-lag relationship between futures and spot price changes (ie.

returns).

3.2.1 Linkage between the Futures and Spot Prices
According to the cost-and-carry theory (see, e.g., MacKinly and Ramaswamy. 1988).

the prices of futures and spot can be expressed in the following relationship:

(r=dXT-t)

PF,, =P e

"8 For derivatives and spot markets, see Stoll and Whaley (1990), Chan (1992), Fleming et al. (lzgg)
For international derivatives trading same index, see Frino and West (2003) and Covr‘lg et all. (;OOi;'
For the internationally listed companies, see Eun and Sabherwal (2003). and Grammig zt a“. (4]-99;;)-
For international currency markets, see Arshanapalli and Doukas (1993), Chatrath and ! 2”: ( T e-
For different domestic stock exchanges, see DeB Harris et al. (1993). Hasbrouck (1995), and 1~
(1999).
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where P, is the fair futures price, P, is the spot price, r is a continuously

compounded risk-free rate of interest, d is the continuously compounded vield in
terms of dividends derived from the stock until futures contract matures, and T-r is
time to maturity of the futures contract. Taking logarithms of both sides gives:
F,=58,+(r,~d)T -1)

This suggests that the long-term relationship between the log of the fair futures price
(F1) and spot price (S;) should be ‘one-to-one’. Thus the basis (difference between the
futures and spot prices after adjusting for the carrying cost) should be stationary.
When this wanders without bound, arbitrage opportunities would arise. which would
be assumed to be quickly exploited by arbitrageurs such that the relationship between

spot and futures prices will be brought back to the long-run equilibrium.

In other words, if the markets are frictionless and functioning efficiently, the price
change in the spot price and its corresponding changes in the futures price would be
expected to be perfectly and contemporaneously correlated and not cross-
autocorrelated. Mathematically, these notions can be represented as:
corr(AF,,AS,)~1 condition (i)
corr(AF,,AS, ,)~0 ; Vp>0 condition (ii)

corr(AF,_,,AS,)~0 ; Vg >0  condition (ii)

However, because of market frictions (such as transaction costs, infrequent trading.
short sales restriction, etc), market structure and security designs effects. one market
may play a larger role in price discovery and reflect information faster than the other
and causing a lead-lag relation of returns in the short-run. From an empirical point of
view, departures from the above perfect market assumptions/conditions in the real

world raise two important questions: (a) is the cost-of-carry model tenable as a long-
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term relationship linking spot and futures markets?, and (b) if this is case. how does
each market react / adjust to the short-run price deviation from their equilibrium
level?” Sutcliffe (1997), Mayhew (2000), and Whaley (2003) provide excellent
reviews on the first issue. Since the focus of this chapter is the price discovery
function of futures, we deal mainly with the second issue. As Garbade and Silber
(1983) argue, whether corrections to disequilibrium are driven by the movements of
the futures or spot prices has important implications for the price discovery role of
each market. They propose the terminology of “dominant™ and ‘satellite’ to
categorize the price “discovery” and the price ‘adjustment’ markets. In general, the
dominant markets lead the satellite markets and are more influential in the price
discovery process. A satellite market relies on dominant market as a primary source
of information as its price movements are just a reflection to the news that takes

place on other markets.

From a theoretical point of view, the issue of whether stock or futures markets reflect
the new information first (and ultimately where the price discovery take place) is a
topic closely related to the more fundamental question of where informed traders
choose to trade. If informed traders prefer one particular market to exploit their
information, we would expect to see price discovery in this market and its price will
lead the other market price. Put it another way, if a systematic price discovery or
lead-lag relationship is found, we might interpret this as evidence of where informed
traders might choose to transact. This in turn allows us to consider possible reasons

: 80
why informed traders choose one market rather than the others to trade.

7 However, it should be noted that observed lead-lag relationships may be a .resg!t ‘ot‘ market
imperfections: the evidence of small adjustment time to news need not imply market incfficiency.
* Indeed, the informational-based models demonstrate that new information becomes 1mpouqdcd in
prices as a result of trading by informed traders (see, for example, Kyle, 1985; Glosten gnd Milgrom.
1985; and Easley et al., 1998). O’Hara (1995) provides a comprehensive review on this literature.
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3.2.2 Price Discovery Hypotheses

Several hypotheses have been proposed to explain the market preference of informed
traders (and, by extension, the lead-lag relationship or price discovery process)
according to different market structures and security designs. Generally speaking. the

following intuitive hypotheses have been identified in the literature:

1) Leverage Hypothesis: Derivatives (such as futures/options) provide investors with

higher leverage than the stock, and with the same amount of capital available: high-
leverage contracts provide more return on investment than low-leverage instruments.
Therefore, traders with superior information prefer to trade high-leverage
instruments, holding other factors equal. As a result, it is expected that the high-
leverage securities provide better price discovery. Indeed. the view that informed
investors choose to trade derivatives because of the higher leverage offered by such

instruments has long been recognised and can often be found in the popular press.®!

2) Trading Cost Hypothesis: As profit is reduced by trading costs, informed traders

have an incentive to trade in the market with the lower costs to maximise the value of
their information. All else equal, lower cost markets will lead higher cost markets.
Therefore, the price discovery is expected to occur mainly in the lowest cost market.
Since trading costs of futures, on balance, appear to be the lower than stock. futures
price has been found to lead its underlying stock price (see, Fleming et al.. 1996).
Kim et al. (1999) test the trading cost hypothesis by examining lead-lag relationship

among index futures and among cash indexes, while Frino and West (2003) take a

* Black (1975) shows that options provide the investors with higher leverage for the und.crl_\'mg a}sset.‘
For example, a recent study on the ‘unusual option market activity’ and ‘Fhe terrorist attac}\s of
September 11, 2001’ indicate that long put volume appears to be unusually high which is consistent
with informed investors having traded in the option market in advance of the attapks (see Poteshn_1an.
2006). In addition, on July 25, 2002, the Wall Street Journal reported that the Chicago Boarq f)tptlolns
Exchange (CBOE) was investigating “unusual trading activity” in options on shares of Wyeth (l:‘e
U.S. pharmaceuticals giant) which experienced a sharp increase in trading volume earlier that month.
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slightly different approach and test this hypothesis by analysing the leadership
between cross-listed index futures and their underlying index. The results of these

studies (and many others) provide clear evidence to support this explanation.®?

3) Liquidity Hypothesis: The ability of informed traders to hide their trades is

important to them. Since markets have greater liquidity expected to aid the
anonymity of traders, market preference of informed traders is likely to be a function
of the relative market liquidity/depth. This idea is supported by Garbade and Silber
(1983), who provide a formal treatment of this issue and present a model which
suggests that price discovery is a function of the relative size of the market (as
measured by the number of market participants). Along this line, Stephan and
Whaley (1990) also suggest that there is a causal relationship between trading
activity (as proxied by the number of transactions or volume) and the lead-lag
relationship. Accordingly, price discovery will occur in the more liquid market (stock

- 3
market in our case).®

4) Uptick Rule Hypothesis: In many stock exchanges, a short sale of a stock can take

place only when the last recorded stock price change is non-negative (uptick rule).
However, as derivatives contract trades are not subject to the uptick rule, their prices
should more efficiently incorporate information, especially during market downturn.
According, futures are expected to have a larger price discovery role than the stock,
especially for the falling markets (bad news). This prediction is broadly consistent

with the proposition of Miller’s (1977) overvaluation model. Chan (1992) confirms

%1t should, however, be pointed out that transaction cost has three main components (blid-ask spread.
brokerage fees. and ‘market impact’ cost). If informed traders chose to trade in derivatives, then the
adverse selection component of bid-ask spread would become very large. Thus benefits of increased
leverage in the derivatives may be offset by additional costs of trading (John et al., ZOQ.»).

% Again, it should be noted that because the adverse selection component of the bld-aslf spread. (a
major component of trading cost) will be widened if informed tradf:r§ are art_racted by hlgh‘t‘rz‘nf_m%
activity/liquidity (or low leverage), transaction costs and market liquidity are likely t(: ha:/e oftsetting
impact on lead-lag or price discovery relation between futures and stocks (John et al.. 2003).
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this hypothesis and finds strong evidence that the lead-lag relation between
MMI/S&P 500 indexes and their index futures is fundamentally different for good
and bad news. Chan’s (1992) result is consistent with the implications of the uptick
rule hypothesis. Additionally, Hodgson et al, (2003) uncover more direct evidence

and show that the futures informational domination stands out clearer in the falling

markets.

5) Market Maturation Hypothesis: Rate of price discovery also depends on the
market maturity of each market. In mature markets. market participants are well
acquainted with these securities, which tend to be common investment and financial
management tools. On the other hand, the less mature markets may encounter low
liquidity because they are unfamiliar to investors. Therefore, relative informational
efficiency depends on the different stage of development across markets and/or over
time (see, for instance, Stoll and Whaley, 1990). As stocks are more well-developed
and matured than the futures, we expect them to contribute more to price discovery.
This conjecture is supported by Chiang and Fong (2001), who study the lead-lag
relationship among index derivatives and spot index in the Hang Seng Index (HSI)
and find that option returns lag both index and futures returns. They attribute this
finding to the fact that HSI option market is less mature than the spot index and

futures markets. The results of Frino and West (2003) also support this explanation.

6) Market-wide Information Hypothesis: With special reference to the stock index

futures contracts. Chan (1992) argues and provides evidence that index futures
markets can process market-wide information better than cash markets. Morcover.
Frino et al. (2000) also find that the lead of index futures markets is greater around

the macroeconomic information releases. These results are consistent with the



hypothesis that investors with better market-wide information prefer to trade in stock
index derivatives markets. A formal treatment of this issue is given by
Subrahmanyam (1991) who provides a theoretical model to demonstrate that index
derivatives allow traders to trade more efficiently because the security-specific
component of adverse selection is diversified away in such markets. His model also
implies that basket of securities with similar reactions to certain kinds of information
facilitates trading on that information, thus enhancing price discovery. However. as
the objective of this chapter is to analyse the price discovery function of single-stock
futures market such as USFs, this hypothesis is not directly applicable in our case.
Rather we speculate that because of the stock-specific nature of USFs contracts,
coupled with their favourable trading conditions such as high leverage, they present
an attractive venue for investors with insider news to exploit their private
information. It is believed that USF facilitates the firm-specific information flow and
serve as a primary market for the discovery of information that is expected to move a

particular stock (we term our conjecture as “Firm-specific Information Hypothesis™).

7) Market Trading Mechanism Hypothesis: The literature also suggests that the

market trading mechanism is another important factor (see, for instance, Harris,
1990). For example, screen trading speeds up the process of information collection
and dissemination, and the order execution. Electronic trading markets are thus
expected to have greater price discovery role than floor trading markets (see. €.g..
Martens. 1998; Theissen, 2002; Ates and Wang, 2005; for the empirical evidence).
Nevertheless, it is expected that this hypothesis should not carry much explanatory
power in explaining the price discovery of USFs because both USFs and their

underlying stocks are being traded under an electronic platform. LIFFE: CONNECT.



8) Other factors: Apart from the intuitive hypotheses identified above. there are of
course some other technical reasons which can possibly explain why returns on a
particular market tend to lead returns on other markets. Potential factors include the
following: i) infrequent trading in market index component stocks (see. e.g.. Stoll

and Whaley, 1990), ii) nonsynchronous trading (see, e.g., DeB Harris et al., 1995).

and iii) other methodological bias.

Table 3.1 provides some predictions on the relative price discovery contributions of
the USF and its underlying stock market, according to the implications of the above
hypotheses. Overall, the hypotheses in this table predict that both stock and futures
markets will contribute to the price discovery process with no clear distinction
between these two markets. Perhaps futures play a more important role during the
periods of stock-specific information releases, while stocks may have more
significant contributions to the assimilation of market-wide information due to its
favourable market liquidity and maturation. The futures market enjoys the
advantages of high leverage, low trading costs, and the absence of uptick rule for
short-selling, but low liquidity due to market immaturity tends to weaken its price
discovery role. It is important to note that these hypotheses are not mutually
exclusive, and the price discovery role of a market could be a result of a joint effect
of several factors. It is therefore inappropriate to simply do a "horse-race” for these
complementary hypotheses and attribute the lead-lag or price discovery pattern to
only one of the hypotheses discussed above. Rather a more appropriate approach is
to identify the most influential market structure and security design factors in
determining the price discovery function in each market. Informed traders may
assess trade-off of USFs market benefits with benefits of market maturity and high

liquidity in stock markets. The result of this trade-off faced by informed traders (and
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thus the price discovery of each market) is an empirical question that we attempt to

address in this chapter.

3.2.3 Previous Empirical Research

A considerable amount of empirical research have examined the lead-lag relationship
and price discovery function in a variety of equity derivatives markets such as the
index futures and/or index option markets, and the individual stock option markets.
Both weekly and daily data have been used, although the recent studies have turned
to the high-frequency transactional level data. According to So and Tse (2004), three
major approaches have been commonly used in the literature to study the information
transmission among different markets. The first approach focuses on the lead-lag
relationship between the prices of related markets or assets. The second approach
involves examination of the role of volatility in the information transmission process.
The third approach measures directly the proportion of price discovery across
markets by using the Hasbrouck (1995) and/or Gonzalo and Granger (1995) models.
For a list of research publications categorised as above, one can refer to Sutcliffe
(1997) and So and Tse (2004). This chapter will apply all these three approaches to

investigate how information is transmitted between USF and stock markets.

In general, the results of previous studies show that both the stock index futures and
index option markets tend to lead the stock market index, while the results for
individual equity options appear to be less conclusive and mixed (see the review by
Sutcliffe, 1997; Ch.7). Nonetheless, the existing literature has several shortcomings.
First, while many authors have reported that stock index futures and/or index options
lead the underlying cash index, the underlying index is not a traded asset. and may be

composed of stale prices. This is because the constituent stocks of the index trade
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infrequently, introducing distinct serial correlation patterns into time series of index
returns which may induce a spurious lead of the futures markets (see. Stoll and
Whaley, 1990). Therefore, the results from these studies are questionable and do not
shed much light on the question of information transmission or informed trading.
Unlike the market-wide instruments, single stock futures (SSF) contracts are based
on individual stocks which by definition can be directly traded. This implies that the

non-synchronous trading problem may be less pronounced in examining stock

futures.

However, being the more recent entrants to the global derivatives markets, there is
very little direct evidence on the price discovery role of stock futures markets to date.
One notable exception is Lien and Yang (2004) who test the Geweke's (1982)
measures of information flow between stock and futures markets to examine the
price discovery function of 10 Australian Individual Share Futures (ISF) contracts.
Their findings indicate that the stock market dominates the futures market, and the
stock market rather than the futures market provides a price discovery function. This
result is inconsistent with the relation between spot and futures of the stock index
and commodity markets documented in the current literature. They attribute the
inconsistency to the relative intensity of trading activity in these two markets.

However, any inference drawn on only 10 thinly traded contracts is questionable.

More importantly, most studies explain the lead-lag or price discovery relation they
uncover in terms of the one of several hypotheses we discuss before. However. as
mentioned earlier, the informed investors face a trade-off between trading costs and
market liquidity and their market preferences are likely to be affected by both

market structure and security design factors; therefore. it is possible that the observed
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lead-lag relationships are the joint effect of multiple factors. Due to the large number
of theoretical hypotheses with overlapping and ambiguous predictions / implications,
we are reluctant to interpret our results (shown in the later sections) as favouring any
particular hypothesis. Perhaps the new information is transmitted through multiple.
off-setting channels into the stock and futures markets. Indeed, the empirical results
of Chakravarty et al. (2004) and Ates and Wang (2005) provide clear evidence to
support the notion that operational efficiency and relative liquidity jointly determine
the rate of price discovery in derivatives and spot markets. Therefore, because of the
complexity of the price discovery process between the futures and its underlying
stock markets, focusing exclusively on one or two views is overly simplistic and

potentially sub-optimal from a policy perspective.

Whatever the case may be (which hypothesis or factors), it is apparent that there is a
gap in price adjustments processes for securities when they are traded in different
markets in different forms, and all available information (especially private
components) are not reflected in the equilibrium prices on the same securities in
different markets simultaneously. This chapter applies both Vector Error Correction
Model (VECM) and Generalized Autoregressive Conditional Heteroscedastic
(GARCH) modelling frameworks to identify the lead-lag relationship, the price
discovery process and the volatility-spillovers between the stock and USF markets.
To our knowledge, this is the first paper to measure directly the proportion of price
discovery across SSF and stock markets, and represent first evidence on the price

discovery role of USFs market.
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3.3 Sample Selection and Data Sources

3.3.1 Sample Selection

LIFFE began trading 25 USFs on January 29, 2001. Each USF contract represents
100 shares of the underlying stocks, except contracts written on UK and Italian based
stocks which represent 1000 stocks. During August 2004, USFs trading volume was
473,192 contracts, average daily volume was 21,509 contracts, and end-of month
open interest was 565,727 contracts. The year-to-date volume of over 11 million
(124% year-on-year growth) makes it the world’s largest SSF exchange in terms of

trading volume (see http://www.databyeuronext.com/nexthistory). As of June 2005,

LIFFE listed a total of 433 USFs on the stocks from 13 different countries.

Similar to chapter 2, the first step in the sample selection process is to identify all the
USFs that were introduced between January 2001 and December 2001. The sample is
restricted to such contracts for the following two reasons. First, being the earliest
listed futures it is believed that they might have a more significant price discovery
role than the recently introduced contracts as the latter are less well-established and
matured than the former. Second, the estimates of the time-series techniques that are
employed in this chapter (i.e., both VECM and GARCH models) are less reliable in
small samples, and by restricting the sample to the stock futures listed in 2001 a
sufficiently long time-series data is obtained for the economically ‘meaningful’
statistical results.3* Next, a total of 97 USFs contracts that were listed in 2001 were
screened using several criteria, to remove any observation that may have introduced

the potential bias to the empirical results.®

* For example, Hwang and Valls (2006) suggest using at least 500 daily observations if reliable
estimates are to be achieved using a GARCH-type of model. _

% An additional issue related to internationally cross-listed stocks / futures is the incorpo .
exchange rate factor. However, as all USFs and their underlying stocks are quoted traded 1n the
common local currency, any effect from exchange rate movement (if any) is expected to be minimal.
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In order to mitigate the non-synchronous error. we exclude all contracts written on
the U.S. stocks and focus our empirical analysis on the U.K. and European USFs.
Due to the fact that the U.S. stock markets are operated on totally different trading
hours from the U.K and/or European markets, including the futures contracts based
on stocks trading in the U.S. markets would make it difficult to mitigate the potential
non-synchronous error in the daily closing prices of the stock and futures markets
(See Figure 3.1 for a summary of the opening/closing trading times in the USFs and
their underlying stocks markets). Moreover, since our focus is to examine the price
discovery contributions of USFs, the only samples included are those with futures
first introduced on Euronext.LIFFE and listed nowhere else within the study period.
Including stocks which have futures traded in their domestic markets would make it
impossible to identify the channels by which the new information is transmitted.
Additionally, any stocks with futures delisted in the sample period were also omitted.

In total, there are 65 USFs contracts that fulfil the above selection requirements.

However, out of the existing 65 USFs samples, many are not sufficiently liquid.
Since price efficiency (and price discovery) of less liquid stock futures is not
trustworthy, only the most liquid contracts (across the study period) are selected. The
criterion for selection is the average daily trading volume (no. of contracts) of USF
futures relative to its underlying stocks from the first day of each USF contract listed
to December 30, 2005. Specifically, only those USFs that have the relative trading
volume (i.e., USF/Stock) of a minimum 0.5% or higher are selected. This restriction
is imposed in order to mitigate the different trading intensity/liquidity between the
futures markets and its matured stock markets. Finally. this leaves us with a total of
50 USFs contracts to be included in our final sample. The list of 50 USFs, along with

1N

their underlying stocks trading location and the sample period. is given in Table 3.2



3.3.2 Sources of Data

For this chapter, daily data is used in the absence of higher frequency data.® Daily
closing prices of 50 individual stocks and the corresponding USF contracts are used.
Given the paired two price series, daily basis calculated as the difference between the
natural logarithms of two series. Returns of each price series are computed as the
natural logarithms of price relative. The data are taken from various sources.
Specifically, the daily closing prices of stocks are taken from Datastream. while the
USFs price series are collected from the NextHistory database of the LIFFE and then
matched with that provided by Datastream. These databases also provided us with
the daily trading volume data for stock and futures markets. Data on the daily closing

prices of several stock index futures contracts come from the EcoWin.

The sample period spans almost five years from the first day of each USF contract
listed to December 30, 2005. All the days that either stock or futures markets were
closed are removed. The number of observations on 50 matched price series data
vary from 1060 to 1267. Although the stock price can be used directly, futures prices
cannot be. This is because each futures is characterized by more than one contract
with each contract having a different expiration date. This problem is solved in
conventional manner by constructing the pseudo-price series. In this study, the
pseudo-price series is constructed by splicing together the prices of sequential nearby
futures contracts. In particular, a single continuous futures price series for each USF
contract is constructed using closing prices from the nearest contract with rolling
over at the beginning of the delivery month to the next nearby contract in order to

prevent the thin markets and contract expiration effects.

% Ideally, the analysis of price discovery would better be undertaken using intradgy transactlop_d?ta.
However, due to the data availability, the daily data is used in this chapter. Provided that sufficient
and reliable data are available, an examination of intra-daily price discovery process between the
stock and USF markets is worthy of further study.
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3.4 Methodology and Empirical Results

This section outlines the empirical procedures and the results of our investigation on
the price discovery function of USF contracts. The time-series techniques we employ
are sequentially interrelated. First, we provide the unit root tests for each pair of
stock and futures price series in order to establish that they are non-stationary and
integrated of order one, I(1). Next, we use Johansen (1988) method to confirm the
cointegration of two price series and thus justifying the error correction
specifications. Then, we describe a bivariate error-correction model that is intended
to assess the lead-lag relationships between stock and futures returns. Subsequently.
we ‘quantify’ the relative contribution of each market to the price discovery process
by applying Gonzalo and Granger (1995) extension of ‘common factor’ approach
developed by Schwarz and Szakmary (1994). The time-series and cross-sectional
variations in price discovery levels are then considered for certain periods/groups by
means of the sub-period/sub-sample analyses. Following that, we examine the cross-
sectional determinants of the USFs’ contributions to the price discovery process.
Finally, in the last subsection we further investigate the higher moment dependencies
among these two markets (i.e., volatility-spillovers) and assess the role of volatility

in the information transmission process.

3.4.1 Preliminary Data Analysis

Stock and derivatives markets are strongly linked to each other by complex arbitrage
relationship which ensure long-run price tendency towards an equilibrium constraint.
Their price series cannot diverge and follow paths that cannot drift too far apart. For
example, according to the cost-of-carry theory, futures and stock prices should move
up and down together in the long run whereas short-run deviations from the long-run
cquilibrium take place because of the mispricing of either futures or stock prices.
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Therefore, before discussing the models we use to analyse inter-relationships
between stocks and futures, it is necessary to perform unit root and cointegration
tests on their price and return series to check if this is really the case. If the price
series of stock and futures are non-stationary but the changes of prices are stationary.

the cointegration concept becomes relevant in the subsequent empirical analysis.

3.4.1.1 Unit Root Tests

We first perform augmented Dickey-Fuller (ADF) unit root tests on each stock and
futures price series and their first differences to investigate the stationarity of the
price and price change series. Let P,, and P; denote the natural logarithm of stock
and its futures prices at time t, respectively. The changes of stock and its futures
prices at time t are calculated as AP, =P,— P,,.; and APq= Pa— P,
respectively. For each price series, we consider the following three regression

equations:
k-1
AP, =yP_ +Xv¥, AP, i+ U, (3.1) Random walk
i=]
k-1
AP, =a+yP,_ + 2y, AP, + L, (3.2) Random walk with drift
i=1

k-1
AP, =a+pt+yP, + 2w, AP, i+ 1, (3.3)Random walk with drift & time trend
i=1

The differences among the three regression equations are concerned with the

presence of a drift term and/or a linear time trend. The null hypothesis in all three

cases is that y = 0; if the null cannot be rejected, the prices series {P“ yor | P |
contains a unit root, and hence it is non-stationary. We use the Schwarz Bayesian
criterion (Schwarz, 1978) to determine k, the optimal number of lags in the models.
The critical values of the t-statistics depend on the equation being estimated. The

critical values of MacKinnon (1996) are used in this chapter.



The empirical results of testing unit roots for the price and return series are reported
in Table 3.3. ADF test statistics from equation (3.3) for the price series are shown in
the first two columns of the table. As expected, the null hypotheses of a unit root for
these series are not rejected at the 5% level in most cases. Although we obtain
rejections at the 5% significance level for 6 price series (and for 3 series at 1% level).
the results indicates that almost all the stock and futures prices are non-stationary.
The ADF unit root test is also applied to the changes of stock and futures prices (i.e.,
returns). The test statistics from equation (3.2) on the return series are reported in
columns 3 and 4 of Table 3.3. The null hypotheses of a unit root for the return series
for all 50 pairs are rejected at the 1% level suggesting that both stock and futures
return series are stationary. Overall, we conclude that most price series can be

characterised as I(1) processes and the return series are all 1(0).*’

3.4.1.2 Cointegration Tests

Having confirmed the presence of I(1) price series, we proceed to test for the
presence of equilibrium relationship in the non-stationary stock and futures price
series, by applying the Engle and Granger (1987) and Johansen (1988) cointegration
testing methods. The Engle and Granger (1987) cointegration test is based on
assessing whether single-equation estimates of the equilibrium errors appear to be
stationary. As reported in the last column of Table 3.3, the null hypothesis of no
cointegration between futures and stock prices is rejected for each pair of price series
at the 5% significance level (except for 6 cases cannot reject the null hypothesis).88
The results suggest that most pairs of stocks and its futures prices are cointegrated.

This finding is consistent with the prediction of the cost-of-carry theory.

8 1(d) stands for a time-series variable which is integrated of order d : that it is need to be differenced

d times in order to become stationary. . . . |
% In order to test the robustness of the results, the ADF test is also applied to the basis series, RcTu ts
reported in the fifth column of Table 3.3 are broadly consistent with the EG cointegration test resu ts.
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While the Engle and Granger (1987) cointegration test is very easily implemented. it
has relatively low power and contains several limitations (see Harris and Sollis.
2003). Therefore, we use Johansen (1988) reduced rank regression procedure to
further test for cointegration of the stock and futures price series and to identify the
long-run equilibrium relationship between these two series.®’ The Johansen (1988)
procedure has several advantages. First, this procedure provides more efficient
estimates of the cointegrating vector compared to the EG two-step approach
(Gonzalo, 1994). Second, in contrast to the EG approach, inferences on the model
(and hence tests of Granger causality) do not depend on the ordering of the variables
in the cointegrating regression. Moreover, Johansen’s (1988) tests are shown to be
fairly robust to the presence of non-normal innovations (Cheung and Lai, 1993) and
heteroscedastic disturbances (Lee and Tse, 1996). This is particularly important since
the stock and futures prices in this study share these characteristics (see next section

for a discussion on this).

% The Johansen (1988) cointegration test is based on a vector error correction model (VECM):

-1
AX =S T AX,  +0X,_ +¢

i=1

, Wwhere A denotes the first-difference lag operator;

X, isa(n x 1) vector of I(1) time-series variables; &, is zero mean n-dimensional white noise vector;

I ; are (n x n) matrices of parameters, and I'T is (n x n) matrix of parameters whose rank is equal to

the number of independent cointegrating vectors; and n is the number of series (n = 2 in thi§ chapter).
The hypothesis, that the number of cointegrating vectors is at most r, is tested using either

Airace (r) or Amax (r,r +1):
n ~
Atrace (r) = =T X In(l-4;)
Amax (ror+1)==TIn(1-4_,,)

where r is the number of cointegrating vectors in the system; T is the number of sample size actually

A

used for estimation; ﬂ[ is the estimated value of the characteristic root (i.e., eigen-value) obtained

from the estimated cointegrating matrix. The statistic A,,.,., (r) tests the null hypothesis that there
are at most r cointegrating vectors, against the alternative that the number of cointegrating Vectors i
greater than r. The statistic Ay gy (7.7 +1) tests the null that the number of cointegrating vectors is r.

against the alternative of r+1. Critical values for both statistics are givgn in Ostgrwald-Lenum (1992).
We carry out the tests using Johansen methodology implemented in Eviews statistical software.
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The results of the Johansen cointegration rank tests are presented in Table 3.4. The
multivariate version of the Schwarz Bayesian criterion, used to determine the optimal
lag length, indicates four lags for all but a few pairs of stock and futures prices.
Therefore, in the interest of consistency, we estimate all models with four lags.
According to the cost-of-carry theory, futures and stock prices should move up and
down together in the long run and form a cointegrating system which has one long-
run cointegrating relationship corresponding to their lagged basis (i.e.. the difference
between stock and futures prices). Hence, if the theory of cost-of-carry is a valid

characterisation of the stock and futures prices, we should expect to find exactly one
cointegrating vector with B = (1,0,-1) form.”

On the basis of the 5% significance level and the estimated A statistics, we can

trace
reject the null hypothesis of no cointegration (Hy: r = 0) for all pairs of prices, apart
from five cases where the tests reject the null of one cointegrating vector in favour of
two vectors. However, we do not include two vectors in subsequent VECM
specifications of these five stocks as we cannot find any economic justification for

such relationships. To examine whether the equilibrium relationship is equal to the
lagged basis, we further examine the cointegrating vector, B, = BX =S B F).
We normalise the estimates by setting the coefficient of the stock price. S, . equals to
one. If the results show that B = (1,0,—1), then the cointegrating vector reflects the

lagged spread/basis (i.e.. B,_, = S,_, — F,_,) as indicated by the cost-of-carry theory.

% In fact, this is exactly the implication of the ‘Forward Unbiaseness Hypothesis (FUH)" on the stock-
future pricing relationship (Kolb, 2000).
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The normalised coefficient estimates of the cointegrating vector f = (1, B,.B,) in
Table 3.4 show that all the elements of the cointegrating vectors are close to the form
of B =(1,0,-1) with only a few exceptions (i.e., 11 cases). This finding is
generally confirmed by the Wald tests of restrictions on Bi=0 andB, =-1. we

also find that the median value of £, equals to -0.01331, and the median value of 5,

equals t0 -0.99716. The small divergence from the theoretical cost-and-carry value is
possibly caused by transaction cost bounds which imply that small ‘mispricing’

cannot be arbitraged away.91 Nevertheless, in the following section, we estimate our

error correction model with B = (1,0,—1) restriction in the stock-future long-run

relationship and include the exact lagged basis as an error-correction term (ECT) in

the VECM specification.

Overall, the Johansen tests results reported in Table 3.4 are generally consistent with
our previous Engle and Granger (1987) cointegration test results, suggesting that
each set of two prices in stock and futures markets share a stable long-run
relationship.”® Taken together, these two cointegration test results (commonly found
in the academic literature) validate the VECM specification in our subsequent price

. .9
discovery analysis.”

' However, many studies show that the basis spread is not a good proxy for the long-run relation
. s . ( ,

between spot and futures prices because it ignores the carrying charges (e.g.‘, see Zhonc7 et al. 1_00{1)

As a result, a number of general equilibrium models have been proposed in the literature. (see, for

instance, Hemler and Longstaff, 1991). o ' ' .
%2 Note that, in contrast to the EG tests, results from the Johansen test indicate that 3 pairs price series

(FTE, RD, and TEF) are cointegrated. This discrepancy in two cointegration tests results may be
attributed to the low power of residual-based EG cointegration tests compared to‘the Johansen tests. .
 Granger Representation Theorem’ suggests that if two time-series are cointegrated then ECM

exists.
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3.4.1.3 Summary Statistics

Apart from the ADF unit root test, and EG and Johansen cointegration tests, we also
provide some descriptive statistics for the stock, futures return series and basis series.
Table 3.5 reports the summary statistics of mean (), standard deviation (o).

measures of skewness (S) and excess kurtosis (K), the Jarque-Bera test of normality

(JB), the ARCH test and the Ljung-Box Q statistic (Q) for 12 lags.

The results indicate excess skewness and kurtosis in all time-series. Data sets with
excess kurtosis are likely to have a distinct peak near their mean values, decline
rather rapidly, and have heavy tails (i.e., leptokurtic). The statistics presented in
Table 3.5 show that, in general, the futures price series exhibit higher excess kurtosis
than the stock prices (average excess kurtosis is 79.14 for futures and 9.30 for stock).
This seems to suggest that stock prices tend to fluctuate around their equilibrium
prices in much smaller intervals compared to futures price series, which may be the
result of more mature and better functioning stock markets requiring less fluctuation
in prices before reaching the equilibrium. However, to examine the dynamic of price

discovery process between stock and USF markets, further investigation is required.

There is also clear evidence of significant departures from normality (see JB) across
all the stocks. futures and basis series. The Ljung-Box Q statistics show evidence of
temporal dependencies in 80 percent (i.e., 120 out of 150) in the first moment of the
time-series distributions, while for the squared returns / basis series. the LB statistic
is significant in almost all cases. Likewise, the ARCH effects are also clearly
evident. The presence of non-normality and heteroscedasticity in stock and futures

prices justify our use of Johansen’s method in previous cointegration tests.



3.4.2 Error Correction Model and Price Discovery Process

In the previous section, we confirm that the USFs and its underlying stock prices are

cointegrated, sharing a stochastic common trend with one cointegrating vector near

£ =(L0,-1) form. In this section, we proceed to explore how the series react to
deviations from their long-run equilibrium and to measure the relative contributions
of each market to price discovery process. A market's proportion of price discovery
is related to its relative contribution to the variance of innovation in the common
trend, which can be identified indirectly by examining the Granger causality (i.e..
lead-lag relationship) or directly by carrying out the common-factor analysis (i.e.,

price discovery), within a Vector Error Correction Model (VECM) framework.

3.4.2.1 Error Correction Model

According to the ‘Granger Representation Theorem’ (Engle and Granger, 1987), if
two I(1) time-series are cointegrated, then the short-term disequilibrium relationship
between them can always be expressed in the error correction form (ECM exists).”
Given the above evidence of cointegration between the futures and underlying stock
price series, both the lead-lag relationship and price discovery analyses need to be
examined under the Vector Error Correction Model (VECM) modelling framework.
However, as mentioned earlier, the focus of this study is on the reflection of the
‘firm-specific’ information in stock and futures markets, hence we control for the
discovery of systematic market-wide information by including several stock index

futures returns in our VECM model speciﬁcations.95

> Conversely. if two I(1) variables can be modeled as an ECM, then these variables are cointegrateq.
* As discussed before, the USFs are particularly useful in studying the transmission of firm-specific
information because, unlike the market-wide instrument, the USFs’ tradings are mainly baged on th_e
news relating to the individual stocks. Indeed, Hatch (2003) has also applied a similar technique in his
price discovery analysis across NYSE stocks and CBOE options markets.
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In particular, the following bivariate VECM is used to represent the cointegrated

system of stock and futures prices:

p-1
AX = ; I'AX,_ +T1X,  + YSIF, | +¢,; g, = (8"’ j 0N(@©0.Q) 34

'EF,I

where SIF, , is the lagged stock index futures return at time t — 1. which is included
in the stock-futures system as an exogenous variable; I'. matrix contains information
on short-term interactions between {AS,} and {AF,}, and IT matrix contains
information on the long-run equilibrium relation between {S,} and { F, }. Hence.

both I',andI1 matrices contain important information regarding the inter-

dependence between stock and futures returns.”

Denoting stock (futures) return as R, =AS, =8, =S, (R, =AF, =F, - F_)),

we can rewrite (expand) the VECM model (3.4) into a linear structure and show

more clearly of each stock and futures return equations as the following form:

-1

p-1 b4
Ry, =2 agRg, , + X IBSiRF,z-i +ys Bt OgRgp &g, (3.5a)
i=1 ‘

1=

—

p-1 -1
Ry, = 2 aFiRS,t—i + ﬁFiRF,l—i tYr Bt 5FRS1F,I—1 T &, (3.5b)

i= i

S

il

where R, denotes the lagged returns of stock index futures, which is included in

the model to isolate the flow of firm-specific information;”’ B,_, = f X,_, serves as

the error-correction term (ECT) to make sure that stock and futures prices never

wander far from each other. Given the cointegrating vector test result from Table 3.4.

* The short-term relationship between stock returns and futures returns may a}so ipclude intercepts.
However, for simplicity, the intercept terms are not included in our VECM specifications.
* Specifically, we include the returns of following stock index futures in our VI;CM specifications rulr
underlying stocks trading in different stock markets: (i) CAC40 for France, (ii) DAX for Ge_(ma}n),
(iii) MIB for ltaly, (iv) AEX for Netherlands, (v) IBEX35 for Spain, (vi) OMX for Sweden, (vii) SMI
for Switzerland, and (viii) FTSE100 for U.K. stocks.

139



we apply the restrictions 8 =(1,0,-1) on the cointegrating vector and set the

error-correction term (ECT) to be the lagged basis (i.e,B,_, =S _ ~F

98
-1):

-1
As discussed earlier, the above VECM specification incorporates both short- and

long-run reaction of R, and R, to changes in their equilibrium relationship. The
short-run adjustment is captured by current and past values of R, as well as lagged

values of R, . The long-run effects are incorporated into the model through ECT,

B_ =S

| -1 — F,_;, which measures the distance the system is away from equilibrium.

If equilibrium holds, then B, | =0. On the other hand, during the periods of
disequilibrium, this term is different from zero. Therefore, the error-correction
coefficients, ¥, and ¥, serve two purposes: (i) to measure the speed of adjustment

to the long-run equilibrium and (ii) to identify the direction of causality between two

variables. For instance, when the stock return exceeds the futures return at time t — 1
(i.e., B,_, > 0), the stock price tends to decrease whereas the futures price tends to

increase in the next period in order to maintain the long-run equilibrium relationship.

Similarly, suppose the stock price falls below the futures price at time t — 1 (i.e..

B, | <0), the stock tends to increase and futures price tends to decrease at time t.

This would lead one to predict that ¥, <0 and y, > 0. Indeed, this represents a

principal feature of cointegrated variables (i.e., their time paths must be influenced

by the extent of any deviation from their long-run equilibrium).

* As the robustness tests, several other specifications are also considered. for instance, we algg
estimate (i) the VECM model with an unrestricted and a fully identified long-run matrix

B =(l, B, B,) . and (i) the VECM model without the lagged stock index futures return SIF,,.

The results are very similar to those from equations (3.5a and 3.5b). Detailed estimation results 0
these specifications are presented in the later ‘robustness tests’ section 3425
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3.4.2.2 Evaluating Lead-Lag Relationships
Granger (1988) shows that if two variables are cointegrated, then causality must exist
in at least one direction. Given the above evidence of cointegration between the stock

and its futures prices, the Granger causality (i.e., lead-lag relationship) between these

two markets is examined in this section by using a set of formal causality tests within

the above VECM framework.”®

The study of the lead-lag relationship between USFs and underlying stock markets is
important and provides initial insights into price discovery role of these two markets.
Intuitively, if price discovery is faster in one market (reflect new information first).
returns on this market should be expected to lead the returns on the other market. In

particular, in terms of the equations (3.5a) and (3.5b), the leading market should

exhibit the smaller (in magnitude) adjustment coefficient (i.e..y,; where
i=S,F )" An 7, equals to zero indicates a market that has no response to shocks.

For example, if ¥, =0 then all adjustments to shocks occur in the futures market,
which is a strong indication of stock market leading behaviour. Additionally, the

lagged ‘cross-coefficients’ (i.e., @, and [ ;wherei =1,2,...p—1) are also
important to assess the lead-lag relationship. Significant values for the ap;
coefficients suggest that lagged R, observations affect current Ry, values.
Likewise, significant [ parameters indicate that lagged R, observation

influence current R, values.

99 Since cointegration exists between two markets, an error-correction term is needed in testing
Granger causality between these variables because the cointegrated variables share a long-run
equilibrium relationship, which may directly affect the causality test results. ' '

100 As explained earlier, these error-correction coefficients show how the prices arrive at |
equilibrium after being perturbed, and hence provide some insights into the adjustment process of two
prices towards equilibrium and give us an indication on how vigorously each market responds to
shocks to the equilibrium process (i.e.. the burden of convergence among the two markets).

a new
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To evaluate empirically the lead-lag behaviour in the stock and USFs market, we

conduct the following Granger causality tests in the VECM (3.5a) and (3.5b): 1!
Hy, : g = Psy, =" = ,Bs,p_l =0 (3.6a)

Hy Qp =ap, == Ap =0 (3.6b)

Therefore, H,, ( H,, ) hypothesizes that the lagged R, ,_( R, ,_.) cross-coefficients

are jointly zero. Rejection of H,, implies that futures returns Granger-cause (i.e..

lead) returns in stock market. Similarly, rejecting H,, implies that stock returns
Granger-cause (i.e., lead) futures return. If both hypotheses of no Granger causality
are rejected then two-way feedback relationship exists (i.e., bi-directional causality).
Hy:ys=0 (3.7a) ; and Hy,:y.=0 (3.7b)
Likewise, failing to reject H; (H,,) implies that all adjustments/corrections to

shocks occur in the futures (stock) market, which is another indication of stock
(futures) market leading behaviour. If both hypotheses cannot be rejected then each
price responds to shocks to the equilibrium and make adjustments accordingly
towards new equilibrium (i.e., both markets contribute to price discovery process).

These hypotheses may be tested using traditional t-tests for the significance of the

error-correction coefficients (H,; and H, ) and F-tests on the joint significance of

the lagged cross-coefficients (H,, and H,). However, since F-tests rely on the

assumption of homoskedasticity, the 7 distributed Wald-test statistics are employed

in this study to test for Granger causality (see Greene, 1997, p.548). To correct for

: . 102
heteroskedasticity, the t-statistics are also adjusted by White's (1980) method.

' Since cointegration exists between our variables, an error-correction term is needed in testing.
Granger causality between variables because the cointegrated variables share a long-run equilibrium
relationship, which may directly influence the causality test results. S
"2 In fact, our residual diagnostic tests indicate the existence of heteroskedasticity In
note that if stock and USF prices are indeed cointegrated then at least one of Hps / H
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The VECM estimation results and the ¥ distributed Wald-test statistics are presented
in Table 3.6. The lag length in the equations (3.5a) and (3.5b) is chosen on the basis
of the multivariate version of the Schwarz Bayesian criterion (Schwarz. 1978).1%
Since the model contains a common set of regressors, without the loss of efficiency.
each equation is separately estimated using Ordinary Least Squares (OLS)
technique.'® Both t-statistics and Wald-test statistics are calculated using White's
(1980) heteroscedasticity consistent variance-covariance matrix in order to correct

for heteroskedasticity.'?®

The most evident result from Table 3.6 is that, the coefficient estimates on Ry,

(Ogand O ) are positive and significant at 1% level in all cases. To the extent that

index futures markets trading reflect the market-wide information, this provides clear
evidence that the trading in both individual stock and USFs markets responses to the
macroeconomic information.'® This finding is consistent with the recent empirical
work of McKenzie and Brooks (2003) who show that stocks and single-stock futures
(SSF) trading in Hong Kong are motivated by both firm-specific and market-wide
information. Overall, the results lend further support to the use of the lagged index
futures returns in our VECM model to control for the influences of systematic
market-wide information in order to obtain valid inference on the relative price
discovery contributions of the ‘firm-specific’ information in the stock and futures

markets.

'% Similar to our previous Johansen test results, the Schwarz Bayesian criterion indicates four lags in
the VECM equations (3.5a and 3.5b) for all but a few pairs of stock and futures returns. Therefore. for
consistency, we again estimate all models with four lags.

1% 1t is well known in the literature on cointegration between conventional I(1) process that the
estimator of the cointegrating vector is super-consistent (see, for instance, Sto;k, 1?87: Tse, 1999).

'% Indeed, the residual diagnostic tests indicate the existence of heteroskedasticity in most cases. N
'% A number of studies provide evidence on the stock index futures markets’ ad\'antages in proc:s\lng
and trading the market-wide macroeconomic information (see, Chan, 1992: apd Frino et gl.. -Og?).
These studies also show that the lead-lag patterns may depend on whether the information is market
wide or firm-specific.

OLS
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The bivariate VECM equations (3.5a) and (3.5b) produce a large number of

coefficient estimates. However, as explained earlier, the speed of adjustment
coefficients (s and y.) and the lagged cross-coefficients (i.e.. Qr and B -

wherei=1,2,...4) are most important to assess the lead-lag relationships.

Therefore, rather than analysing each individual coefficient estimate separatelyv. we
summarise the results of four hypotheses identified in previous section in Table 3.7,

The first two columns of this table show. respectively, the Wald-tests results for
Hy 0 =0y == ,, =0 and H,:f, =l ==/ ,,=0 on the lagged cross-

coefficients in equations (3.5b) and (3.5a). Some qualitative results are observed.

Specifically, the effects of the lagged stock returns on the current futures returns are

significant (rejection of H y, ) for 44 of 50 stocks, whereas the effects of the lagged

futures returns on the current stock returns are significant (rejection of H ;) for 15 of

50 stocks. The above observations suggest that the information in the stock market is
more relevant in predicting the price movement in the futures market when compared

with the prediction of stock price movement using the information in the futures
market. Although there is a bi-directional causality (rejecting both H ;, and H ;) in

14 cases, stock market seems to be the “dominant” market in lead-lag relationship

between stock and USF markets.'?’

Secondly, the t-test results for H,, 17> =0 and Hy; :ys =0 in the third and

fourth columns of Table 3.7 show that the lagged basis (serves as an error-correction

term to capture the deviation from the long-run equilibrium) has significant positive

17 Garbade and Silber (1983) suggest the terminology of “dominant” aqd “satell_lte“ rlnarkets.v
Dominant markets lead satellite markets; that is, they are more influential in the price d'lSCO\L:r_\‘
process. Satellite markets rely on dominant markets as the primary source of mformatyon. U.S.l.ng,w}:i
terminologies, the stock market is the “dominant” market whereas the USF's market is the “satellite

market,
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effect on the current futures returns (rejection of H , ) for 20 of 50 USFs markets.

suggesting that the futures price tends to move closer to the stock price. In contrast.

the effects of the lagged basis on the current stock return are significant for only 8 of
50 stock markets (rejection of H ;). This implies that the futures markets tend to

follow the movement of stock markets in order to maintain the long-run equilibrium

relationship, which is another indication of stock market leading behaviour.

Overall, the above results suggest that the individual stock market tends to lead the
corresponding USF market. This lead-lag pattern differs from what has been
documented in other financial markets. For example, Stoll and Whaley (1990) show
that S&P500 and MMI indices futures market lead their cash markets. Chan (1992)

also document that the stock index futures markets dominate stock index markets.

Possible explanations for the different findings for the informational role of USFs
market are the followings. First, the most likely explanation is the error-correction
models in this study specifically capture the flow of firm-specific information
between stock and futures markets. For example, Grunbichler et al. (1994) argue that
the lead-lag patterns between stock and futures markets vary considerably depending
on whether the kind of information is market-wide or firm-specific information.
They show that the transmission of information will generally run from the stock to
the futures market in the case of the ‘firm-specific’ information. In addition. focusing
on the flow of firm-specific information, Hatch (2003) finds that individual stock
returns tend to lead option market returns by at least thirty minutes throughout his
sample period. A second differentiating factor may be that the informational
dynamics in intraday (commonly analysed in the literature) are very different from

) . . . ; ¢. Schwarz
the daily time-series observations we analyse in this study. For instance. <h
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and Laatsch (1991) measure the price changes in MMI index markets using both

daily and intraday data, and conclude that the relationship between spot and futures

prices varies considerably.

Different findings of the lead-lag behaviour and informational role of a futures
market may arise from different intensities of trading activity in stock and futures
markets. Chan (1992) argues that lower trading activity means that the security is
less frequently traded and thus the observed price tends to lag the ‘true’ value more.
In LIFFE market, the USFs contracts are traded far less frequently than their
underlying stocks. To illustrate this, consider the 50 USFs contracts being analysed:
the daily average trading volume of USF represents only about 0.5% to 8.32% of its
corresponding stock’s trading volume during our sample period. This could cause the
lead-lag relation between stock and futures markets to favour the individual stocks.
In addition, Admati and Pfleiderer (1988) show that both liquidity and informed
traders prefer to trade with each other when the market is thick. This induces more
information to be released. Therefore, in comparison with their USFs counterparts,
the stock markets are more likely to play the leading role in disseminating the

information because of their high level of trading activities.

Finally, the special nature of USFs contracts such as market immaturity may also
contribute to the stock market leading behaviour.'®® Stoll and Whaley (1990) argue
that the rate of price discovery depends on the stage of developments across markets.
Mature markets tend to lead the less mature markets because market participants are
familiar with these securities and use them as common investment and financial

management tools (see. e.g., Chiang and Fong, 2001; and Frino and West, 2003).

'% Merton (1995) argues that there is a “learning curve” associated with financial innovations.
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3.4.2.3 Price Discovery Contributions

In the previous section, we use the conventional Granger causality tests to provide
evidence about the lead-lag relationship between stock and futures returns. However,
a more satisfactory approach which attracts great attention from academia in recent

studies of information transmission among different markets is the so-called “price

discovery” techniques.'®

An important aspect of such analysis is that it directly
‘quantifies’ the contributions of each market to the information discovering process.

Therefore, this section further investigates the information role and price discovery

function of USFs markets by applying these new “price discovery” techniques.

Building on the common factor (or implicit efficient price) among cointegrated
prices, two different methods have been proposed to measure/quantify the
contribution of information from different markets for the same asset. Hasbrouck
(1995) introduces the information share (IS) measure. In a cointegrated system such
as in equation (3.4), Hasbrouck (1995) estimates a market’s contribution to the price
discovery process on the basis of the contribution of its innovations to the total
innovations in the common efficient price, represented by the common stochastic
trend of the cointegrated system (Stock and Watson, 1988).""° However. the
Hasbrouck’s (1995) modelling framework is problematic because, whenever the
contemporaneous correlation of shocks across markets is substantive (i.e., error terms
in two equations are correlated), only the upper and lower bounds of each market’s

: : : : 11
information share can be obtained and leads to non-unique IS results.

R\ special issue of the Journal of Financial Markets (JEM) (Issue 3, 2002) ha}s’bgen devoted to
discuss the issues and measuring techniques in this growing ‘price di§cover}' a_malysns literature.

"% See Hasbrouck (1995, p.1178-1183) for the formal derivations of information share (1S) measure. X
""" In practice. the innovations of the cointegrated markets are usually correlated unless the uItra-h}:g.
frequency dataset are used (e.g.. 1-minute or 5-minute sampling frequency). Therefore, IS approach 1s
not conductive to our analysis as only the daily data are used in this study.
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An alternative approach to study the price discovery process is the common factor
weight (CFW) measure. This has first been proposed by Schwarz and Szakmary
(1994) on intuitive ground. A formal justification, based on the work of Gonzalo and
Granger (1995), has been given by Booth et al. (2002) and DeB Harris et al. (2002).
Recently, an overwhelming number of studies have employed this technique to
examine price discovery process among the informationally-linked financial markets,
For example, among the authors who have employed the common factor weight
approach to address the price discovery issue, Theissen (2002) applies this measure
to assess the relative price discovery contributions of same stock trading in electronic

trading versus floor trading in German equity markets.''?

Given that the CFW price discovery measure is both theoretically well-founded and
easy to calculate, we therefore employ the CFW measure to explore the relative price
discovery contributions of USF and its underlying stock market in this study.'”® This
simple measure is also more conductive to our analysis because it overcomes the
'non-uniqueness' problem of the alternative Hasbrouck's IS measure, and thus enables
us to proceed with a cross-sectional analysis on the determinants of USFs price
discovery ability in the next section.'" This is particularly important since
performing the cross-sectional regressions require us to use the measure of price
discovery contribution as the dependent variable; therefore. we need a unique value

of the USF market's contribution instead of their upper and lower bounds.

"2 Booth et al. (1999) also employed CFW to study price discovery in the German equity derivatives
markets. DeB Harris et al. (2002) applied this techniques to study price discovery of Dow stocks
trading in informationally-linked exchanges. .

'Y For a formal comparison of the two methods see Baillie et al. (2002). Lehman (2002)- Theissen
(2002) and de Jong (2002). Both methods are primarily derived from the error-correction vector in the
VECM and they tend to provide similar results if the VECM residuals are uncorrelated.

" For example, Martens (1998), Huang (2002), and Booth et al. (2002) find that the range
upper and lower bounds of IS measure may be quite substantial.
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The CFW measure defines the contribution of an individual market in terms of the
other market’s adjustments to the deviation from the equilibrium of a cointegrated
system, which can be easily obtained from the error-correction terms (ECTs) in a

VECM. To illustrate this, consider a VECM such as in equations (3.5a) and (3.5b):

1
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As explained earlier, the error-correction coefficients y; and y, provide

information on the adjustment of each series to the deviation from the equilibrium in
the previous period. Either or both stock and USF prices must respond to departures

from equilibrium to prevent the riskless arbitrage opportunities. For example, if the
stock return exceeds the futures return at time t — 1 (i.e., B,_, > 0), the stock price

will decrease whereas the futures price will increase in the next period in order to

restore the long-run equilibrium. Similarly, if the stock price falls below the futures

price at time t — 1 (i.e., B,_, <0), the stock will increase and futures price will

decrease at time t. Therefore, this would lead one to predict that 7, <0 andy, > 0.

The absolute values of ¥ and ¥, show the magnitude of response of the stock and

futures markets, and thus can be used to infer each market’s share to the price
discovery process. Intuitively, a market contributes to price discovery if feedback

from that market drives prices in the other market. Given that the total adjustment to
restore the equilibrium level is reflected by the sum of the absolute values ygofy .,

the price discovery contribution of a market can be measured by the proportion of

1s
total adjustment that occurs in the other market (Schwarz and Szakmary. 1994).

"> In particular, the “price-discovering” market should exhibit the smaller (in magnitude) v

coefficient.
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Accordingly, for every sample stock-futures paired prices, we define the stock and
USF market contributions to price discovery process as®  and @ £ > Tespectively:

where:
___Yr 4
e B 0, =1-0,- sl G.8)
7r+7s [¥sl+ 7
If the price discovery takes place exclusively in the stock market (1.e., there is no
feedback provided by the USF market and the stock price does not adjust to prior

deviations from equilibrium), then y; =0 and ®; =1 (®, =0). In the other

extreme, if the price discovery occurs in the futures market only (all the adjustment

to the departure takes place in stock market), then ¥, =0 and @ ., =1 (©, = 0).

S

If both markets contribute equally to price discovery process, @, =©, = 0.5 '

As shown above, the common factor weights (CFW), ® ;and ® ,. . are summed to

one. The larger the factor weight of a market price suggests that this market price
has greater contribution to the price discovery process. On the basis of the estimated
VECM adjustment coefficients in equations (3.5a) and (3.5b), we calculate the stock
and USF share in the price discovery process for each of the stocks in our sample as

given by formula (3.8).

'"® 1t should be noted that the contributions to the price discovery as proposed by Schwarz and
Szakmary (1994) are equal to the weights with which the time-series enters the common long memor)
component identified by Gonzalo and Granger (1995) (see Theissen (2002) for the formal
comparison). In addition, Theissen (2002) shows that both the common factor weights (CFW) and
information shares (IS) of Hasbrouck (1995) are very likely to lead to qualitatively similar

conclusions on price discovery issue as the Schwarz and Szakmary’s (1994) measure.
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The results are reported in the last two columns of Table 3.7.""7 Similar to previous

lead-lag relationship analysis results, we find a dominant role of the stock market in
price discovery. The stocks’ common factor weight (O ) averages 0.605 with a
minimum of 0.001 and a maximum of 0.993. In USF markets, the mean value

of ® ;. is 0.395 and ranges from 0.007 to 0.999. Inspection of each individual CFW

estimate (i.e., the price discovery contributions) indicates that there are 31 cascs

where © ; falls below 0.5 while only 18 where ®  is lower than 0.5. On balance.

these results indicate that although the two markets contribute to the price discovery
process, the major part of price discovery is in fact achieved in the stock market,

which is consistent with our previous results of the lead-lag analysis.

An alternative way to assess the proportion of the total adjustment that occurs in a
individual market (and to infer the price discovery contribution of the other market)
is to look at a scatter plot of the adjustment coefficients (Eun and Sabherwal, 2003).
Figure 3.2 shows the results of this analysis and depicts the adjustment coefficients
for two markets. It reports, on the horizontal axis, the responses of stock markets to
the departures from equilibrium and, on the vertical axis, the responses of USFs
markets. Points above (below) the 45° line represents firms with a larger (smaller)
adjustment in the futures market compared to the adjustment in the stock market, and
hence larger (smaller) contribution of the stock market to the price discovery process.
As can be seen from the figure, most observations lie above the 45° line. implying

that stock markets contribute more to the price discovery process in most cases.

"7 Since the formula assumes the adjustment in both markets in the direction- predicted by the theory
of error-correction modelling (i.e., a negative sign of the adjustment coefficient in the stock market

(7, <0 and a positive one for the USF (¥ > 0), we have to modify it for the stocks in which

we find adjustment coefficients with a sign opposite to the one expected (e.g.. both to be l?¢1~’f“"“’~k ][“
those cases we arbitrarily assign 99% share in the price discovery for the n0n-adjus§lr:jg ’marthn ‘
Inspection of the estimates of the adjustment coefficients (the error-correction terms) indicates thd

most of them are of the expected sign except in one case (LLO) where ¥ ¢ is negative.
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Taken as a whole, the empirical evidence presented in this and previous sections
suggests that the arrival and the aggregation of new information into prices is
achieved (i.e. price discovering) primarily through stocks trading, and that the futures

markets have to do most adjustments towards the new equilibrium price level.

3.4.2.4 Cross-sectional and Time-series Variations

In the previous two sections, the results of our Granger causality tests and price
discovery analysis for the entire sample (full period) indicate that the USFs markets
make significant contributions to the price discovery process, although in majority of
cases new information is disseminated first through their underlying stocks trading.
However, prior research has documented a considerable variation in the price
discovery functions of derivatives markets both through time (Abhyankar, 1995;
Ates and Wang, 2005) and across the firms or markets (Chakravarty et al., 2004). A
number of possible explanations for this variation have been examined by prior
literature including: (i) trading systems and institutional differences of the markets at
which underlying assets being traded (Grunbichler et al., 1994), (ii) the geographical
origin of the underlying stock markets (Fung et al., 2001), (iii) market maturation
(Stoll and Whaley, 1990), (iv) trading characteristics such as relative liquidity and
trading costs (Fleming et al., 1996), (v) contract features/designs (Hasbrouck, 2003).

and (vi) information types and contents (Frino et al., 2000; Chatrath et al.. 2002).

As mentioned before, the special features of USF contracts provide us a unique
opportunity to further examine whether these factors could significantly affect the
price discovery role of a derivatives market. For example, with underlying stocks
trading in several different markets and countries. our USFs samples enablc us to

extend the analysis by investigating whether the USF markets” information
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contributions could be influenced by the geographical origin of their underlying
stock markets and/or the underlying stock trading locations and systems. It could also
be interesting to investigate the extent to which the price discovery contributions of
futures markets vary across their ‘introduction/learning’ and “maturation’ periods.

These are the issues we wish to address in the next three sections.

Country Effects

The first issue we wish to address is whether there is any significant variation in the
price discovery contributions of USFs whose underlying stocks are being traded in
the geographically-separated stock markets. That is, does the “country effect’ exist?
As discussed before, a number of studies show, in the context of cross-listed stock
index futures, that the price discovery ability of futures markets depends on the
market structures and institutional differences of the markets at which the underlying
indices are being traded (see, e.g., Frino and West, 2003; Covrig et al., 2004).
Therefore, it would be interesting to see whether this result is applicable to USF
contracts that are based on stocks from different markets, and if USFs price

discovery role can be attributed to different underlying market conditions / locations.

We can address this question by partitioning our previous VECM and price
discovery results in Table 3.7 into several USFs groups according to their underlying
stock market location. Altogether, our sample consists of a total of 50 USF contracts
including (i) 10 USFs based on stocks traded in the UK.. (ii) 7 USFs for stocks
traded in France, (iii) 8 USFs for stocks traded in Germany, (iv) 6 USFs for stocks
traded in Italy, (v) 6 USFs for stocks traded in Netherlands, (vi) 3 USFs for stocks

traded in Spain. (vii) 5 USFs for stocks traded in Sweden, and (viii) 5 USFs for

stocks traded in Switzerland.
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Table 3.8 presents the cross-sectional descriptive statistics on the estimated price

discovery contributions (i.e., the CFW @ r in Table 3.7) for our entire USF sample

and for each of the USF group. The results reported in this table indicate that, while
our whole USF sample (on average) contributes almost 40% (mean® , value is

0.3951) of the price discovery process, there is a considerable variation in the amount
of price discovery across different USF groups. Specifically, of the eight groups

examined, the USF trading in Italian and U.K. stocks both share more than 50% of

the information discovery role. The mean ® ,. value is 0.6027 for the Italian USFs

and the ® ,. averages 0.5202 for U.K. USFs. As discussed before, the larger the factor

weight of a market price suggests that this market price has greater contribution to
the price discovery process. Therefore, the result implies that UK and Italian USFs
exhibit a dominant role in price discovery process in comparison to their underlying

stock markets, contradicting the evidence obtained from entire sample analysis.

On the other hand, for those USFs whose underlying stocks are being traded in
France and the Netherlands, only less than 25% of total price discovery contributions
come from futures markets. The average common factor weights (CFW) of these two
markets groups are 0.2459 and 0.2363, respectively, which are only less than half of
contributions from U.K. and Italian USF contracts. Since the eight markets
considered in this study have considerable differences in their trading systems and
market structures, the finding of significant variations in the USF price discovery
role across these markets is, perhaps, not very surprising. Overall. the results indicate
that there is a ‘country-effect’ in the contributions of different USF contracts, and
that the geographical origin of its underlying stock may influence the ability of a
futures market to incorporate the new information. This finding is consistent with the
prior research which has examined the same issue in other derivatives markets.
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Home-Bias Hypothesis

The issue of whether the trading location of the underlying stocks could affect the
price discovery contributions of the USFs contracts is further analysed in this section.
In particular, we compare the relative price discovery contributions of domestic-
listed and cross-listed USFs and intend to provide an answer to the following
question: whether, and to what extent, the price discovery function of a future market

is influenced by the trading location of the underlying stock.

The price discovery dynamics of internationally listed securities has been the subject
of intensive empirical research in recent years. The literature, dominated by the
studies on the importance of location of trade for the pricing of securities, focused on
the cross-listed of non-US stocks on the US exchanges. Among the authors who have
addressed this issue are Kim et al. (2000), Eun and Sabherwal (2003), and Grammig
et al. (2004; 2005). The general conclusion from these studies is that the price

discovery primarily originates from the home market (i.e. home-bias).

Several studies have also examined the issue using stock index futures that are cross-
listed / dual-listed in different countries and further confirmed the home market’s
dominance in the international price discovery process (see e.g., Covrig et al. 2004).
However, while much work has been done on the price dynamics of internationally
listed stocks and/or cross-listed index derivatives, there has been little (if any)
attention given to the price discovery process of cross-listed single stock futures
(SSFs). To this end, the purpose of this section is to fill this gap in the current
literature and to investigate the relative price discovery role of domestic-listed and
cross-listed SSFs by comparing the price discovery contributions of the USks

contracts listed on U.K. (domestic) and European (foreign) stocks.
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The home-bias hypothesis argues that as firm-specific information such as earnings,
dividends, and financing announcements is likely to be dominated by home factors,
home bias arises because investors are on average better informed about domestic
firms (see Tesar and Werber, 1995). Since the single stock futures (SSFs) contracts
such as USFs were designed for investors to manage the firm-specific risk, the
underlying stock markets could be more sensitive to stock futures movement, Hence,
by comparing the price discovery functions of the U.K. USFs and European USFs
contracts, a more reliable conclusion could be made in relation to the “international”
price discovery dynamics of the cross-listed stock / derivatives. In addition, the
findings of this section could provide insights to global investors on the importance

of U.K. futures trading in the foreign underlying stock market price movements.

To achieve the above objective, we employ a similar technique as in the previous
section and partition our entire USFs sample into two groups; one includes the 10
USFs that are trading on U.K. stocks and the other one includes all the remaining
USFs that are based on 40 European stocks. Cross-sectional descriptive statistics of
the estimated adjustment coefficients from the VECM equations (3.5a) and (3.5b) are
presented in Panel A of Table 3.9. Generally, among the U.K. USF markets, the
average adjustment of stock market prices, ys , is smaller than average correction
originating in the futures market, yr , implying larger contribution of the stock
exchange to the price discovery process. The dominant role of the stock markets in
price discovery is also prevalent in the European USF markets. However. inspecting
the magnitude of mean yg value in each group of USFs suggests that the cross-listed
foreign USFs take up more adjustment burden and less price discovery role

compared to the domestic-listed U.K. USFs.
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Comparing the relative price discovery contributions (8F) of these two different USF
groups in Panel B of Table 3.9 lends further support to the dominance of the
domestic-listed USFs in their stock-futures pricing process. More specifically. the
USF trading in UK. stocks share more than 50% of the price discovery role (i.e.,
mean © . value is 0.5202); whereas for the cross-listed USFs whose underlving
stocks are being traded in the European stocks markets, only 36% of total price

discovery contributions come from the futures markets (mean © . value is 0.3639).

In order to analyse whether the cross-listed European USFs in fact contribute less to

the process of price discovery, we test whether the average CFW (O .. ) in European

USFs is significantly lower than that of domestic-listed U.K USFs by performing a
non-parametric Wilcoxon signed rank test. As can be seen from the test result, the
null hypothesis that the average price discovery contributions of the two USF groups

are equal is clearly rejected at the 10% significance level.

Overall, we find that the level of price discovery in a futures market is largely
affected by the trading location of the underlying stock. On average, we find that the
domestic-listed USFs whose underlying stocks are trading in domestic markets
contribute more to the price discovery process compared to the cross-listed USFs
who make only a small contribution to the information aggregation process. That is.
to the extent that some new information in fact comes from the foreign-listed USF's
markets, their contributions to price discovery process are, at best, marginal (i.e.. the
“international ™ price discovery is not pronounced). This result is consistent with the
previous evidence presented in the cross-listed stock / index futures literature which
show that home markets are still more conductive to information incorporation.

despite the recent globalisation of the international financial markets.
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Market Maturity Effects

Our price discovery analysis over the entire sample period indicates that the USF
market makes a contribution to the price discovery process, though the major part of
the price discovery is in fact achieved in the underlying stocks. However. many
studies which have examined the price discovery functions of derivatives markets
show that the information role of a new derivative contract may be dependent on its
stage of development. As Merton (1995) argues. there is a “learning curve”
associated with any financial innovations and their initial introduction period will
only serve as a learning period for traders to become familiar with the contracts and

to construct the new trading strategies.''®

As an example, Ates and Wang (2005) have recently addressed this "market
maturity’ issue and examined whether the development stages of the U.S. E-mini
index futures have influenced the price discovery roles of these new futures markets.
Applying both common factor weights (CFW) and information shares (IS) price
discovery measures, they find that, in their introduction period, E-mini index futures’
price discovery contributions are relatively low but they gradually become the

“dominant” markets in the price discovery process during their maturity period.

Therefore, in this section, we extend our empirical analysis and further investigate
the price discovery functions of USF markets over the different development stages.
The following steps are involved in our analysis. First, the whole sample period of

daily stock and USF prices is divided into two sub-periods, which are dictated by the

"8 As for the USF contracts, they provide many new trading strategies (e.g., the so-called “Relative-

Strength and Pairs investing”). However, Johnson (2005) points out that even expenenced [r’ad.ers
such as mutual funds, insurance companies, and banks may find it difﬁcul? to follow such new 'tr’ad.l‘n‘g
strategies and might prefer to learn more about the products before investing in these new dernivatives
instruments.
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different development stages of the market. The first period is the initial introduction
period and corresponds to around the first two years of trading in 50 USF samples.
The second period covers the next two years of trading (i.e.. the maturity period).
Second, the causality tests and price discovery analysis, along the lines set out in
previous sections, are repeated and performed over the two sub-periods so as to

investigate the temporal variability of the futures markets’ price discovery role.'"’

Tables 3.10 and 3.11 present VECM estimates and the Granger causality Wald test
statistics for the introduction (i.e. P1) and maturity (i.e. P2) periods, respectively.
Tables 3.12 and 3.13 summarise the results of the four causality hypotheses and
report each stock and USF common factor weights for the P1 and P2 periods. Figures
3.3 and 3.4 depict the adjustment coefficients of stock and USF for the two sub-

periods. Finally, cross-sectional descriptive statistics of USF share in price discovery

process (i.e., CFW ® .. as given in formula (3.8)) are presented in Table 3.14.

Based on these empirical results, we summarise our interesting findings as follows:

(i) Same as the results from the full period analysis, the coefficient estimates on

Ry, are positive and significant at 1% level in all cases for both sub-periods (see

Tables 3.10 and 3.11). Again, the results support the use of the lagged stock index
returns in our VECM models to control for the influences of systematic market-wide
information in order to obtain valid inference on the relative price discovery

contributions of the firm-specific’ information in the stock and futures markets.

price discovery functions of USF markets

to our results from the analysis of entire
ive to the period ot time

"% View alternatively, we can treat the investigation of the
over different periods as additional supporting evidence ‘
sample which enables us to rule out the possibility that the results are sensit
examined.
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(i1) Based on Table 3.12 and 3.13, we confirm the dominant role of the stock market
in price discovery. As a whole, the stock markets prices contribute to 62.1% and
51.5% of price discovery in the introduction (P1) and maturity (P2) sub-periods,
comparable to the 60.5% contributions in the full sample period. More importantly,
as predicted by the ‘market maturity’ hypothesis, the information share attributable
to the USF futures market appears to have increased slightly over our sample period;
the average CFW of USFs has risen from 0.379 in P1 to 0.485 in P2 period. The
Wilcoxon Z-test shows that this increase is statistically and economically significant.
The increase in USFs’ CFW becomes clearer when we compare the scatter plots of
the adjustment coefficients during the two sub-periods (refer to Figures 3.3 and 3.4).
As can be seen from the figures, more observations are now below the 45° line in P2
period than in P1, implying that stock markets have taken up more adjustments
burden and futures markets contribute more to price discovery process in P2 period.
f

(iii) Based on Table 3.14, we observe that, when the CFW figures from Table 3.12
and 3.13 are broken down by country groups, most of the European USFs have
experienced an increase in their price discovery role although the majority of these
increases are not statistically significant as indicated by the results of Z-tests (with an
exception of USFs trading on German underlying stocks). The inspection on the
magnitude of mean CFW values for each USF group does not support the hypothesis
that overall increase is only driven by the large increases of German USFs’ shares.'?
While most USFs have enjoyed an increase in their information role. the average

price discovery contributions of the 10 domestic U.K. USFs decreased slightly.

although this decrease is not statistically significant.

120 1 particular, the average CFW of Germany USFs has increased over 100°0 across two sub-periods
and risen from 0.3115 in P1 period to 0.6392 in P2 period.
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View collectively, the results of sub-sample and sub-period analyses are consistent

with most of the previous studies and indicate that there is a large cross-sectional and
time-series variation in the futures markets’ price discovery contributions.
Differences in the underlying stocks trading location, market structure, and market
maturity are possible reasons causing these variations. However, as these results may
also be driven by a set of different trading and contract design factors, any far
reaching conclusions cannot be drawn at this stage. As discussed earlier. the
relatively large size of our USFs sample (i.e., 50) allows us to control for these
factors and explore the cross-sectional determinants of USF markets price discovery

contributions in a later section.

Other possible explanations for the variation in USF price discovery contributions
include the trading characteristics such as relative liquidity and trading costs. futures
contract designs, and information types and contents. For example, our findings that
information role of USF futures markets has increased over time may be related to
the fact that between the two sub-periods we examined, the trading volume of USFs
markets has increased substantially. To examine the influences on the proportion of

information that is incorporated via futures markets, further investigation is required.

3.4.2.5 Robustness Tests

In order to investigate the sensitivity of our results to empirical design choices, we
conduct several robustness checks in this section. Specifically, we consider the
implications of the following specifications: (i) allowing an unrestricted and a fully
identified long-run matrix. g = (1, ,.,), in our vector error-correction model
(VECM), and (ii) including the effect of the market-wide information in the price

discovery analysis.
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Unrestricted VECM

In our main analysis, the price discovery measures of USFs (i.e.. CFW © £ ) are
computed from the estimated adjustment coefficients of an restricted VECM (3.5a)
and (3.5b) where we restricted the cointegrating vector to be of g = (1,0.-1) form
implying that the lagged basis (B,_; =S, , — F,_,; i.e., the difference between stock

and futures prices) reflects the error correction term (ECT) in the cointegrated stock-
futures prices system. Although we have formally tested and verified this restriction

using the testing procedure developed by Johansen and Juselius (1990). a number of
recent studies show that the basis spread (S, ; — F,_;) may not be a good proxy for

the long-run relationship between stock and futures prices because it ignores most of
the carrying charges (see the appendix A of Zhong et al. (2004) for a formal proof).
Therefore, it is important to test the sensitivity of our prices discovery measures to
the different specifications of the stock-futures cointegrating relationship. To

accomplish this objective, we re-run the VECM (3.5a) and (3.5b) allowing the ECT

to be an unrestricted and a fully identified long-run matrix, g = (1. #,. B,) (i.e..to
let the data to estimate the ‘true’ values of B, and B, so as to identify the exact

long-run relationship between stock and futures).

Tables 3.15 presents the full VECM estimates, the 3, and S, estimates, as well as

the Granger causality test statistics for our entire sample over the full period. The
results of the four causality hypotheses and the computed CFW measures are
summarised in Table 3.16. Figure 3.5 depicts the adjustment coefficients estimated
from the unrestricted version of VECM. Finally, cross-sectional descriptive statistics

of USF share in price discovery are presented in Table 3.17.
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Inspections of these tables and figure do not indicate any qualitative change in the
results. Specifically, although there appears to have been a small increase in the USF
price discovery level compared to the restricted model, as a whole. the stock (U SF)
markets prices contribute to 56.7% (43.3%) of price discovery. which is directly
comparable to the 60.5% (39.5%) contributions computed in the restricted model.
Cross-sectional descriptive statistics on the estimated cointegrating vectors in Table
3.17 show that the average estimates of the elements of the cointegrating vector are

close to the form B = (1,0,—1) . We find that the median values of 8, and g, are

equal to -0.0185 and -0.9952 respectively.'?' This finding lends further support to our

application of the restrictions g, = 0 and B, = —1 in the equations (3.5a) and (3.5b)

in the main analysis. Overall, these suggest that the results from our main analysis

are robust to the model specification.

Market-wide Information Effects

As the focus of this study is on the reflection of the *firm-specific’ information in
stock and futures markets, we include the lagged stock index futures returns in our
VECM model (3.5a) and (3.5b) so as to ‘filter out’ the effect of the systematic
market-wide information flow. However, many previous studies argue that the price
discovery ability of a futures market may depend on information types: that is, a
futures market tends to contribute more in price discovery process in relation to the
‘market-wide" information (see, for example, Chan, 1992; Crain and Lee, 1995; and

Frino et al., 2000).

121 Note that, in our previous cointegration tests, weé conduct restriction tests on the Jol;'anjil;ast
estimates of these two coefficients and find slightly different median values. In particular, we fin
the median value of ,Bl equals to -0.01331, and median [3, equal -0.99716. This small discrepancy

is not surprising as the Johansen cointegration method uses ML technique to snmul.taneousl}hes\tngiii
all the VECM coefficients whereas in this study we adopt the OLS approaf:h to estimate eac . :
equation separately. A second differentiating factor may be the inclusion ot lagged stock index return

in our bivariate vector error-correction model.
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To allow for this possible variation, and to further assess the issue of whether (and to
what extent) the USF markets contribute in aggregating the market-wide information
we re-estimate the VECM equations (3.5a) and (3.5b) excluding the lagged stock

index futures returns, S/F,_, . In general, results are very similar to those with S/F -

Detailed estimation results of this new model specification are presented in Table
3.18. The results of the four causality hypotheses and the computed CFW measures
are both summarised in Table 3.19. Figure 3.6 depicts the adjustment coefficients
estimated from this new version of VECM. Finally, cross-sectional descriptive

statistics of USF share in price discovery are presented in Table 3.20.

Various points can be made. First, opposite to the findings of the current literature
which examine the stock index futures price discovery role, we find that the single
stock futures markets such as USFs are less able to incorporate the systematic
market-wide information when compared to their stocks counterpart. In our previous
main analysis, the results show that the USF prices account for 39.5% of price
discovery in firm-specific information. However, regarding the market-wide
information type, they can only share 28.4% of total price discovery. This is
confirmed by the results presented in Wilcoxon Z-test which show that the difference
we find in USFs price discovery ability is highly significant. Second, the difference
in USFs price discovery role becomes even clearer if we look at Figure 3.6 and
compare it with the scatter plot in Figure 3.2. As can be seen clearly from the Figure
3.6, more observations are now above the 45° line, implying that USF have taken up
more adjustments burden and stock markets contribute more to price discovery in
respect to the market-wide information. These results imply that the information role

of USF contracts vary considerably depending on whether the information is market-

wide or firm-specific.
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3.4.3 Cross-sectional Determinants of Price Discovery Process

The results from previous sections clearly reject the null hypothesis that the price
discovery contribution attributable to futures markets is equal across all the firms in
our sample. They vary considerably through time and across firm or market.
Consequently, in this section, we perform a set of OLS cross-sectional regressions in
order to identify the factors affecting the level of USFs price discovery contributions.
In the current literature, there is scare direct evidence on the factors influencing the
price discovery ability of the derivatives contracts. and only a limited number of
studies have examined whether the informativeness of the derivative markets is
related to contemporaneous market conditions such as liquidity, trading costs and

volatility.

A notable example is the recent empirical work of Chakravarty et al. (2004) who
used a sample of 60 stocks with traded options to investigate the determinants of the
information shares of U.S. equity options market. They find that option market price
discovery is cross-sectionally related to trading volume and spreads in both markets,
and stock volatility. However, to our knowledge, studies that explicitly examine this
relationship for the Single Stock Futures (SSF) markets are virtually nonexistent,

perhaps due to their lack of trading history and the unavailability of data.

What determines the contributions of the USF market to the price discovery process?
This is the principal question we wish to address in this section. Our empirical results
are particularly important as they could provide policy makers important insights on
the importance of several factors in new contract designs and market structure

revisions which can enhance information dissemination process in the market.

165



Most previous studies were unable to address this important issue because in order to
do so with any degree of confidence requires a fairly large sample. The relatively
large size of our sample, 50 USFs in total, enables us to explore the cross-sectional

determinants of futures market price discovery contributions.

3.4.3.1 Graphical Illustration
Before performing the formal cross-sectional regression analysis. it would be useful
to see visually whether the informativeness of USFs markets is related to the

observable market variables, such as the trading volume and spread. Therefore. we

sorted the estimated price discovery contributions (i.e., the CFW © . in Table 3.7)

for 50 USFs by (i) trading volume, and (ii) effective spread, in an ascending order.
Figure 3.7 and Figure 3.8 illustrate the results for USFs sorted by trading volume and
spread, respectively. Inspecting these two figures, it appears that the common factor
weights of USFs (CFW) are positively related to the trading volume, but negatively
122

related to the trading costs in futures markets (as proxied by the effective spread).

This is corroborated by a correlation analysis. In particular. the correlation between

the CFW (©® ,. ) and the average daily trading volume is 0.396, and is -0.304 for the

effective spread. Both coefficients are significantly different from zero at 5% level.
On the basis of these, it seems to suggest that the level of price discovery in USF

market may be affected by both the liquidity and transaction cost of the markets.

3.4.3.2 Cross-sectional Analysis
In order to obtain more detailed insights into the cross-sectional determinants of USF

price discovery contributions, we perform a set of OLS cross-sectional regressions.

1= Figure 3.9 and Figure 3.10 visualize the relationships between C}\\ and the relative tré%iﬂg
volume and spread ratio in both stock and USF markets. Patterns are similar to the one observed In
Figure 3.7 and Figure 3.8.
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Our testing framework is similar to that of Chakravarty et al. (2004). However, their
results for U.S. option markets may not hold for the futures markets such as USFs
because of the fundamental differences of these two types of derivatives products.
Hence, one by-product of the results from this section is to shed light on this issue.
First, we define the dependent variable that is used in the cross-sectional regressions.
We then discuss our explanatory variables and the associated hypotheses, followed
by the summary statistics of explanatory variables and regression results. Finally. to

investigate the sensitivity of our results, we also conduct several robustness checks.

A. Dependent Variable
Our dependent variable is the logistic transformation of the USF market contribution

to price discovery, In[® , /(1 - ® )], where ® .. is directly extracted from Table 3.7.

The logistic transformation ensures that the predicted regression values lie between
zero and one, which by definition are the bounds of the price discovery contribution.
Chakravarty et al. (2004) apply this transformation technique to their dependent
variable when analysing the determinants of price discovery in U.S. option markets.
Eun and Sabherwal (2003) also employ this method to examine the factors

influencing the contribution of NYSE stock price to the cross-listed Canadian stocks.

B. Explanatory Variables

There are many variables that may have explanatory power for USFs” factor weights.
Our main explanatory variables are identified by the previous literature and reflect
the most influential market characteristic/contract design factors in the price
discovery function of these markets. In this study we test not only the relative trading
characteristics used by Chakravarty et al. (2004) to explain the information shares of

U.S. equity options, but also for the factors relating to the USF contracts design
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features, such as the contract size, which have been identified by earlier work.
Additionally, we also include a list of control variables (market maturity and trading
location) which may have an impact on the price discovery process, as suggested by

the results of our previous analysis. These explanatory variables are discussed below.

B.1. Relative Trading Characteristics:

I USF Share of Trading Volume

To the extent that information is incorporated into prices through trading. we would
expect to see a positive relation between the amount of price discovery in futures
markets and the relative trading volume in both futures and its stock markets.'??
Many previous studies show that, when an asset or several related assets are traded
on multiple markets, the market with the larger market share contributed more to the
price discovery process. For example, Stephan and Whaley (1990) examine the
relations between intraday price change and trading volume in the stock and options
market. Their findings suggest that price discovery and trading activity are positively
related. More recently, Chakravarty et al. (2004) also confirm this positive
relationship in the U.S. stock and options markets. In another study of the NYSE
contribution to price discovery relative to the regional exchanges for 30 Dow Jones
stocks, Hasbrouck (1995) finds a positive and significant correlation between the
NYSE contribution to price discovery and its market share by trading volume.
Therefore, we use the ratio of USF trading volume to stock volume (VolumeRatio) as
an explanatory variable. Given the results of these and other similar studies, we

expect that the coefficient of our variable VolumeRatio will be positive and

statistically significant.

'** Indeed, trading volume has been widely used as a measure of the rate of informationiarri\ul. This
relationship is consistent with earlier work of Clark (1973), Copeland (1976). and KarpotT (1987).
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II Relative Trading Costs in USF and Stock Markets

According to the market microstructure models, new information becomes
impounded in prices largely because of trading of informed traders (Easley and
O’Hara, 1987). As profit is reduced by the trading costs, informed traders have an
incentive to trade in the market with the lowest costs to maximise the value of their
information. Therefore, all else equal, lower cost markets are expected to be more
informative than higher cost markets (Stephan and Whaley, 1990; and Chan, 1992).
This is also consistent with earlier studies relating price discovery to trading costs.
For example, Fleming et al. (1996) suggest that trading cost is the major factor
explaining relative rates of price discovery in stocks. futures and option markets, and
price discovery will occur in the market with lowest cost since the informed traders
choose to trade in that market. DeB Harris et al. (2002) arrive at the same conclusion
on the basis of their analysis of 30 Dow Jones stocks. Bid-ask spread is one of the
common measures of trading cost, and narrower spread implies lower trading costs.
We therefore include the ratio of effective USF spread to effective stock spread
(SpreadRatio) as another right-hand-side (RHS) variable.'** Since traders prefer to
trade in lower cost markets, it is expected that the coefficient of SpreadRatio will be

negatively related to USF price discovery. 125

III. Relative Trading Frequency of USF and Stock Markets

As discussed before, we expect the contribution of USF market to price discovery to
be positively related to its share in total trading volume. Another reason to expect the
above relationship is that the markets have more trading activity. and therefore

greater liquidity may aid the anonymity of traders. Since the ability of informed

'* Roll’s (1984) measure is used to calculate the effective bid-ask spread ofeach market. The’ tormulla
isequalto § =2 /—co v(r.r_,)> where , is the daily return of market 1. Anand and Karagosoglu
= ARAES ;

(2006) provide for a performance comparison of various bid-qsk spread est'imators in'fu‘tures (rjn;irakdeit[;ﬂ
'** However, it should be noted that if market makers set wider spread§ in fear of lnfO”:jW ): o £,
this might induce a positive relationship between our variable SpreadRatio and USF price discovery.
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traders to hide their trades is important to them, the market preference of informed
traders is likely to be a function of the relative market depths in both markets.'?®
Therefore, as an alternative measure to market liquidity, we add the ratio of USF
trading frequency to stock trading frequency (T radeFrequency) as an additional
explanatory variable.'?’As price discovery occurs in more liquid and frequently

traded market, we expect the coefficient of TradeFrequency to be positive and

significant.

1V. Volatility of Underlying Stock Markets

The price discovery role of a futures market may also be influenced by the volatility
in the underlying stock market. Intuitively, higher stock volatility indicates higher
level of uncertainty in the underlying market, and hence increases their demand for
hedging, which would suggest that more trading activity, and therefore price
discovery, will occur in the USF market whose underlying stocks are more
volatile.!?® However, Chakravarty et al. (2004) provide evidence inconsistent with
the above argument and show that less price discovery occurs in the option market
when the level of uncertainty is high. In the distinct but related research, it has also
been suggested that E-mini index futures contribute relatively lower information
share in high volatility periods (see, e.g., Martens, 1998; Ates and Wang, 2005).
Thus, we expect the price discovery in USF market relative to stock market to be

affected by the underlying stock volatility level. We capture this effect by including a

'** Harris (2003. p.243) states “How informative prices are depends on the costs of acquiring
information and on how much liquidity is available to informed traders. If.lr.lformanc.)n is expensive. or
the market is not liquid, prices will not be very informative.” The positive relation betweerl price
informativeness and liquidity is supported by Admati and Pfleiderer (1988) or Hong and Rady (2002).
"7 Aitken and Comerton-Forde (2003) provide a detailed comparison on a range of measures for
market liquidity. They compared the trade-based and order-based measures gnd concluded that' O{dglr
based measures provide a better proxy for liquidity. However, there 1s no direct 0rdgr .da.tav available
for our study. Therefore, we used trade frequency as an alternative proxy for 'market hqundlt). )
' For example, the empirical results of Chang et al. (2000) suggest that increases in stock market
volatility increase the demand for hedging in S&P 500 index futures market.
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variable, Volatility, which is the standard deviation of daily stock return. It is expect

that the coefficient of Volatility could be either positive or negative.

B.2. Contract Design/Features: Contract Size

In addition to the relative trading characteristics of stocks and USF markets, we also
include a variable which reflects the contract feature of USF. In designing a new
derivative security, exchanges carefully consider how its attributes (such as method
of settlement, contract size, and minimum price increment (i.e., tick size)) affect
different investors’ accessibility, and hence the success/failure of the new contract.
From a practical standpoint, the primary objective of an exchange is to identify the
optimal combination of contract attributes that will maximize the operational and
informational efficiency of these new markets, and thus provide more conductive

conditions for the price discovery process (see, for example, Bollen et al., 2003).'%’

Since the launch of trading in January 2001, LIFFE has defined each USF contract as
representing 100 shares of the underlying stocks, except contracts written on UK and
Italian based stocks which represent 1000 stocks. The primary argument supporting a
smaller contract size is investor accessibility. Specifically, it is believed that the
smaller contract can reach out to more traders, especially the small investors.
However, since trading costs such as brokerage commissions and exchange fees are
usually quoted on ‘per contract’ basis, small contract size means higher trading costs.
Consequently, these higher trading costs have potential of curtailing trading demand.
Hence. we expect larger-sized USF contracts to play a larger role in price discovery.
To capture this possible effect, we include a dummy variable. ContractSize, which

take a value of one for the U.K. and Italian USFs and zero for the other contracts.

' Ates and Wang (2005) provide evidence consistent with Fhe argument that the operational
efficiency and liquidity will both affect the rate of price discovery In the futures markets.
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Our null hypothesis is that the coefficient of ContractSize is positive and statisticallv

significant.'°

B.3. Control Variables

Apart from the factors identified above relating to the trading characteristics of USF
markets relative to stock markets and futures contracts features, we additionally
include a list of control variables which may have an impact on the relative

contribution of each USF to the price discovery process.

I Market Maturity

Since our 50 sample USFs have been listed over a range of introduction dates, each
regression controls for the development stages of the USF trading by a variable,
MonthsListed, which is measured as the number of months for which a USF has been
listed in the LIFFE through December 30, 2005. We expected a positive relation
between MonthsListed and the level of price discovery in futures markets. because as
founded by the results of previous sections, more mature market tends to contributes
more to the price discovery process. One of the possible reasons is increased

investors’ familiarity and accessibility to such futures contracts over time.

II. Country of Origin

In addition, we controls for the trading location of the underlying stocks by including
a dummy variable, HomeMarket, which equals 1 for British USFs and 0 for the
‘cross-border’ European USFs. There may be, on average, higher contribution from
the domestic-listed U.K. USFs to pricing of British stocks, because of higher

cultural, language and regulatory proximity, which are found to be important

"% This prediction is also consistent with our earlier results relating the variations of USF price

discovery functions to the countries in which their underlying stocks are traded (see Table 3.8).
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determinants in explaining the different price discovery ability of the cross-listed

versus domestic-listed financial securities (see Table 3.9).

C. Summary Statistics of the Explanatory Variables

Table 3.21 presents descriptive statistics and correlation coefficients between
independent variables of our cross-sectional regressions. They provide further insight
into our sample and the relative trading characteristics in the stock and USF markets.
The findings suggest that, on average, futures markets are associated with lower
trading activity and are less frequently traded as compared to its underlying stocks.
Specifically, the median values of the VolumeRatio and TradeFrequency are 0.4350
and 0.4615 respectively, implying that USFs are far less actively traded than stocks.
One reason for this might be the associated higher transaction costs on futures
markets. In general, USFs markets suffer from wider spreads, as the mean
SpreadRatio is greater than one and equal to 1.1351. Also, Table 3.21 shows that

USF stocks are not particularly volatile with an average standard deviation of 0.0225.

We find a strong positive correlation between the VolumeRatio and TradeFrequency,
which is not surprising, as one can expect that the market with higher trading activity
tends to be the more frequently traded market. However, inconsistent with previous
studies examining volume and volatility relationship, we document an inverse
relationship between these two variables, presumably because our variable

. : : 131
I'olumeRatio measures the relative trading volume in both markets.

From a technical point of view, high correlation between explanatory variables may

lead to multicollinearity when correlated variables are jointly included in regressions.

! The relationship between volume and volatility has received much aFtention m the lllt:‘arat:hrie.
Studies from a number of different market settings suggest that there is a positive relationship
volatility and volume (see, for instance, Karpoff, 1987).
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In our sample, we find VolumeRatio is correlated with both T radeFrequency and

Volatility with the correlation coefficients of 0.3219 and -0.2147. respectively.

Consequently, we run a set of regressions including these main variables separately.

D. Regression Models and Results

As explained earlier, in order to avoid multicollinearity we do not include our main
explanatory variables at the same time but rather estimate five separate models.

Specifically, the following cross-sectional regressions are estimated one by one:'**

In[®,, /(1-8, )] =a, +aMonthListed, + a,HomeMarket, + a,}'olumeRatio, + ¢, (1)
In[®,, (1-©, )]= B, + B,MonthListed, + §,HomeMarket, + p,TradeFrequency, +v, (2)
In[@,,/(1-0,,)]= ¢, + § MonthListed, + $, HomeMarket, + ¢,SpreadRatio, +1, (3)
In[@,,/(1-©, )] =y, +y,MonthListed, + y,HomeMarket, + y,Volatility, + ¢, 4)

In[®, ,/(1- 0O, )] = A, + A MonthListed, + A, HomeMarket, + 2,ContractSize, + o, (5)

where: In[®, /(1-©,,)] is logistic transformation of USF; price discovery
contribution; MonthListed, is a control variable measured as the number of
months for which a USF has been listed; HomeMarket, is a dummy

variable equal 1 for U.K. USFs, and 0 for the “cross-border” European USFs;

VolumeRatio, is the ratio of each paired markets trading volume:
TradeFrequency, is the ratio of each paired markets trading days;
SpreadRatio, is the ratio of effective spread of each pair markets:
Volatility, is measured as the standard deviation daily stock returns:
ContractSize, is a dummy variable equal 1 for UK and Italian USFs. and 0

for other smaller-sized contracts which only represent 100 underlying stocks.

> Ates and Wang (2005) used similar regressions to examine the tlme-senis deter:mnantzoaf Einrqni:;r
index futures contribution to price discovery process. Chakravarty et al. (2004) a SOr kl::ste
approach to examine the determinants of the information shares in the U.S. options market.
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Ordinary Lest Squares (OLS) is used to estimate the parameters of models (1) to (3).
In addition, we use the Newey and West's (1987) procedure to calculate the
consistent standard errors (and the associated t-statistics) of the regression parameter

estimates in order to adjust for the serially correlated and/or heteroskedastic error

process.

The estimated coefficients of a set of OLS cross-sectional regressions are reported in
columns 3 through 7 of Table 3.22. In all five specifications, we control for both
market maturity effect and country effect, as indicated by our findings from the
previous sub-periods and sub-samples analysis. In general, we find evidence that
price discovery in the USF market is related to the relative trading volume and bid-
ask spreads in the stock and futures markets, which is consistent with findings in

Chakravarty et al. (2004) for the option markets.

In model (1), the coefficient of VolumeRatio, is positive and statistically

significant at the 1% level, implying that the higher the volume of trading in the USF
in relation to stock, the greater proportion of total price discovery that occurs in the

futures market. In model (2), we included only the TradeFrequency, but found it to

be statistically insignificant indicating that the ratio of each market trading days does

not provide explanatory power on the variation in USF price discovery contributions.

The coefficient of SpreadRatio, in model (3) is highly significant and has a priori

expected negative sign, which is consistent with the argument that the USF market
with relatively lower transaction costs induce a greater competitive threat to its
underlying stock, attracting more informed trading in futures market, and
consequently more price discovery. This result supports the trading cost hypothesis

of Fleming et al. (1996) which suggests that the lower trading costs are more
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conductive to price discovery. We then explored the effect of stock volatility on price
discovery process by estimating model (4). We find that the coefficient of variable
Volatility, as measured by the standard deviation of daily stock return during the
sample period, is negative but statistically insignificant, implying that USFs price

discovery contributions are not directly related to their underlying stocks volatility.

Finally, we find support to our conjecture that price discovery of a USF contract is
affected by not only the relative trading characteristics of stocks and futures markets,

but also the contract feature of USFs. The coefficient of ContraciSize, in model (5)

is positive and statistically significant, indicating that the larger size of USF contract.
the greater the price discovery in the futures markets.'*®> This is consistent with the
results of Bollen et al. (2003) who analyse the impact of futures contract splits on the
market liquidity, transaction costs, and other market dynamics. They find the
reduction in the size of S&P 500 futures contract results in lower trading volume and
wider bid-ask spread, implying that smaller future contracts are less favourable for

informed trading and consequently futures trading become less informative.

Across all five regression models, the estimated coefficients of our control variables,

HomeMarket, and MonthListed,, have priori expected positive signs. However.
the coefficient of HomeMarket, dummies are marginally significant in only two
models, and MonthListed, are insignificant across all models which indicates that,

after controlling for the relative trading characteristics in both markets. the
underlying stocks trading location and market maturity tend not to impact USF price

discovery contribution, contrasting to our earlier sub-sample/sub-period results.

m agnitude of estimated coefficients is

However, it is noted that the direct interpretation on the m s the

difficult because we use the logistic transformation of the USF share in price discover
dependent variable (see Eun and Sabherwal, 2003).
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Taken together, our analysis of the cross-sectiona] determinants of USE contributions
to price discovery reveals that, first, the variables measuring relative market quality
such as the ratios of trading volume and bid-ask spread are major determinants of the
degree of USF price contribution across firms, and that, second, the price discovery

role of futures are more pronounced for larger-sized U.K. and Italian USF contracts.

E. Robustness Tests

To investigate the sensitivity of our cross-sectional regressions results, we conduct
several robustness checks. We first see if any outlier extremes are driving the results.
Using the Cook’s distance diagnostic, we identify two outliers in our dependent

variable In[®,/(1-©,)] and re-run the regressions (1) to (5) without these

outliers.”** The results of these regressions are presented in Table 3.23. As can be
seen from this table, there are hardly any changes to either the sign or the statistical

significance of the coefficients. For example, VolumeRatio, and ContractSize,

coefficients both remain 