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Summary

This thesis examines asymmetry in international equity market returns, in associated
trading volume distributions and in returns to funds of hedge funds. The method used in all
three of the four empirical chapters is non-parametric, comprising three distribution-free
tests, namely the Wilcoxon rank sum, the Siegel-Tukey and the binomial distribution. I
conducted an original Monte Carlo study of the small sample behaviour of two distribution
free tests, the Wilcoxon rank sum and the binomial distribution test. In the fourth empirical
chapter I investigated the relationship between returns and volumes in 11 international
equity markets using panel regressions and VAR models. I used a detrending technique
involving the regression of logged volume on a time trend to counteract the well known
positive drift associated with trading volumes distributions. In the econometric analysis I
used variance decompositions to estimate the ordering of the variables in the VAR. In my
impulse response analysis I used the generalised impulse response technique of Pesaran and

Shin (1999).

Overall, my analysis of return asymmetry showed negative excess returns dominated
positives numerically in the extremes of the distributions, but positives are dominant, at
statistically significant levels in a number of alternative intervals. Turnover distributions
were positively skewed in all countries except Switzerland. I established a strong and
significant correlation between the first and second moments of trading volumes. I found
that the first and third moments of trading volumes are significant determinants of
subsequent market return skewness. There are substantial, hitherto unrecognised,
interactions between all three moments of trading volumes, and these interactions play an
important role in driving the volume-skewness relation. I found significant evidence of the
volume-skewness relation — that higher trading volumes trigger subsequent greater negative

market return skewness.
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Chapter 1
Introduction and Overview

1.1 Introduction

Recent research has focused on whether trading volume levels can explain negative equity
return skewness. The results of this research have been ambiguous. Firm-level data for the
US suggests that there is no role for trading volume levels to explain market skewness.
However, more recent results contradict these findings. This thesis investigates whether
levels, standard deviations and skewness of trading volumes can impact the skewness of

market returns in international equity markets.

Finance literature has recognized for many decades that the empirical distributions of daily
equity market returns have higher peaks and fatter tails than the standard normal
distribution (see Mandelbrot (1963), Fama (1965) for early work on this issue), and
leptokurtosis is now a universally recognized property of short horizon equity market
returns. With regard to the third moment of equity market returns, however, there is less
agreement about the nature, extent and implications of skewness. Simkowitz and Beedles
(1980), using updated data from Fama (1965), found evidence that the returns on individual
securities are positively skewed. Subsequent work by Singleton and Wingender (1986),
Aggarwal, Rao and Hiraki (1989), Alles and Kling (1994), Peiré (1994, 1999, 2002),
Aggarwal and Schatzberg (1997), Cont (2001) and Jondeau and Rockinger (2003) found
varying degrees of positive and negative skewness in national and international equity
markets. Others have investigated the implications of asymmetry in equity markets. In this
vein, asset-pricing models incorporating a preference for positive skewness have been
advanced by Kraus and Litzenberger (1976, 1983), Friend and Westerfield (1980), Lim
(1989), Harvey and Siddique (1999, 2000), Chen, Hong and Stein (2001) and Barone-Adesi
(2003). The implications of skewness for portfolio selection have been investigated by
Conine and Tamarkin (1981), Lai (1991), Chunhachinda et al (1997), Ait-Sahalia and
Brandt (2001), Engle and Patton (2001), Ang and Chen (2002), Prakash, Chang and Pactwa
(2003), Sun and Yan (2003) and Patton (2004).
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Most of these studies use the sample skewness statistic, the third moment of returns divided
by the standard deviation cubed, to decide the shape of the distribution. The asymptotic
distribution of this statistic is based on the clear assumption of normality in the underlying
series distribution. Yet there is ample evidence that the returns to financial assets are not
normally distributed, with higher peaks and fatter tails than would be congruent with a
normal distribution. In addition, the sensitivity of the sample skewness statistic to the
presence of outliers in the data can lead to inconsistent conclusions concerning the

skewness of returns.

The strong and positive relation between the level of trading volumes and the volatility of
stock markets is well-documented, (see, for example, Epps and Epps (1976), Karpoff
(1987), Tauchen and Pitts (1983)). This thesis examines, through the application of both
single-equation regression analysis and the VAR modelling methodology, the extent to
which this relation persists when the dynamics in the third moments of both equity returns
and trading volumes are permitted to interact. The generalized impulse response technique
of Pesaran and Shin (1999) is employed in the impulse response analysis. Panel data
regression analysis is used to examine the dynamic influence of trading volume levels,
variance and skewness as determinants of return skewness, using return data and volume
data from 11 international equity markets. A detrending technique involving the regression
of logged volume on a time trend is used to counteract the well known positive drift

associated with trading volumes distributions.

The practice of hedging against downside risk is now commonly observed in fund
management, although the risk and returns to hedge funds are not well understood. The
number of funds of hedge funds (henceforth FOHFs) increased from 550 in 2001 to
approximately 780 in mid-2003, comprising almost one-third of the $650 billion invested in
hedge funds (The Economist, 18th September, 2003). At the same time, FOHFs continue
to become available to a greater range of potential investors. While most direct investment
in hedge funds is restricted to institutions and high net-worth individuals, recent changes to

regulations in various jurisdictions have opened investment in FOHFs to retail investors.
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Indeed, one of the claimed benefits of FOHFs is that moderately wealthy investors are now
able to participate in hedge fund investment. FOHFs are portfolios of hedge funds and
should therefore be less risky that individual hedge funds. While this may be true, the risk
and return characteristics of FOHFs are not well understood. Accordingly I apply a non

parametric analysis to the distributions of a number of FOHFs in Chapter 6.

In this chapter 1 will first provide a short overview of the closely related literature and
describe the fundamental research question. In Section 1.3 I present the motivation for my
work in this dissertation as it relates to the fundamental research question. In Section 1.4 I

outline the structure of the thesis and in Section 1.5 I summarise my main novel findings.

1.2 The fundamental research questions

This thesis investigates the presence of asymmetry in equity market returns (Chapter 4), in
trading volume distributions (Chapter 5) and in fund of hedge fund returns (Chapter 6). The
method of testing for the presence of asymmetry in equity returns is motivated by Harvey
and Siddique (1999) who, in their opening paragraph define asymmetry, negative
skewness, as ‘the phenomenon’ whereby the probability of obtaining a negative excess
return ‘of a given magnitude’ is higher than that of obtaining a positive excess return of the
same magnitude. Two main explanations have been advanced to explain this asymmetry
and these are described in detail in section 7.1 (page 155). In brief, representative investor
theories explain return asymmetries by leverage effects, by volatility feedback mechanisms
and by stochastic bubble models in which the asymmetry is caused by the bursting of the
bubble. An alternative explanation is to be found in the investor heterogeneity theory of
Hong and Stein (2003), who suggest that high trading volumes lead to greater negatively
skewed returns because some investors are short sales constrained so that previously hidden
information comes out during market declines. This follows the volume-volatility
literature, which is reviewed in Chapter 2, in which the level of trading volumes proxies for
the extent of heterogeneity of investor opinions concerning the fundamental values of
stocks (Clark, 1973; Epps and Epps, 1976; Tauchen and Pitts, 1983; Harris and Raviv,
1993; Shalen 1993).
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The decision to examine the asymmetry in distribution of equity trading volume
distributions (Chapter 5) using the same non-parametric approach is motivated by the
absence of prior documented studies of asymmetry in the trading volume literature. The
study of asymmetry in fund of hedge fund returns (Chapter 6) finds that funds of hedge
funds are both positively and negatively skewed in roughly equal proportions. This
demonstrates the difference in patterns of asymmetry among diverse asset classes. The
question of whether differences of opinion about the future value of stock returns,
associated with rising trading volumes, lead to greater skewness in returns is investigated in

Chapter 7.

The relation between trading volumes and the third moment of price changes, skewness,
has only recently become the focus of attention in the finance literature. Chen, Hong and
Stein (2001) (hereafter CHS), Hong and Stein (2003), Hueng and Brooks (2003),
Charoenrook and Daouk (2004) and Hueng and McDonald (2005) have examined whether
differences of opinion about the future value of stock returns, associated with rising trading
volumes, lead to greater skewness in returns. Using firm-level data for the United States
from July 1962 to December 1998, CHS show that stocks with higher than average returns
and volumes tend to be associated with future negative skewness. When they examine
market data, however, the relation between volume and skewness disappears. Contrary to
CHS, Hueng and Brooks (2003) find that although lagged returns and volumes are
significant determinants of future skewness, the coefficients are rarely negative, implying
that higher volumes are not generally associated with future negative skewness.
Charoenrook and Daouk (2004) estimate individual country and pooled cross-section time
series models, and report weak evidence that lagged trend-adjusted volumes lead to more
negative skewness. More recently, Hueng and McDonald (2005) using an autoregressive
conditional density model with a skewed t-distribution on daily AMEX and NYSE data
from 1962 to 2000 show that the negative relation between trading volumes and return
skewness found by Hong and Stein (2003) in their cross section study is not supported by
the time series evidence. Overall, the existing studies provide mixed evidence in favour of

the investor heterogeneity theory, but they also suggest that the volume—skewness relation
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might be more complex than has been implicitly assumed in the literature to date, involving

a possibly wider set of variables and more sophisticated dynamics.

1.3 Motivation for studying volumes and skewness

The recognition in the finance literature that the unconditional distribution of short period
returns is not adequately represented by the normal distribution has motivated the quest for
alternative distributions that could adequately account for leptokurtosis, the main departure
from normality. However, the symmetry or asymmetry of the unconditional distribution of
returns has not received the same level of attention in the literature, despite the fact that the
study of the symmetry/asymmetry of the distribution of returns has relevance in a number
of financial applications including portfolio theory, the assumptions underpinning the

Capital Asset Pricing Model (CAPM) and option pricing theory.

Traditionally, the symmetry of a returns distribution was measured using the third moment
normalised by the standard deviation cubed, commonly known as ‘relative skewness’. The
asymptotic distribution of this statistic is valid only in the case that the underlying
distribution is normal and, given the general agreement that returns are not normally
distributed, a rejection of symmetry may in fact be a rejection of normality in an otherwise
perfectly symmetric distribution. While the central focus of this thesis is whether trading
volumes have a role to play in determining equity market skewness, the analysis of
asymmetry in returns to equity markets (Chapter 4) has been extended to include an

analysis of volume distributions (Chapter 5) and funds-of-funds markets (Chapter 6).

1.4 Thesis outline

In Chapter 2, I review the literature, both historical and current, on skewness in financial
asset returns. I describe the well documented positive relation between volume and
volatility and explore the emerging relationship between trading volume and market
skewness. In Chapter 3, I describe the data used for all my empirical analyses. In Chapter 4,

I examine the extent of asymmetry in six international equity markets from 1978-2002
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using a distribution-free approach and report the findings of an original Monte Carlo study
into the behaviour of two of the distribution free tests, the Binomial distribution and the

Wilcoxon rank sum test in the presence of a time-varying mean.

In Chapter 5, I extend the work of Chapter 4 by investigating return and volume asymmetry
in 12 international equity markets, the main focus being on the distribution of volume
(turnover). I have included the analysis of return distributions in conjunction with volume
because this is the dataset that I use in the econometric tests of Chapter 7. The view that
more can be learned about speculative prices by studying them in conjunction with volume
is also a motivating factor in including price distribution in Chapter 5. In Chapter 6, I apply
a similar approach to the analysis of FOHF return distributions. The work in this chapter
demonstrates that a non parametric approach to asymmetry is easily applied to other
financial asset classes, such as hedge funds. In Chapter 7, I investigate the role of trading
volume as a determinant of future negative skewness in 11 of the 12 equity markets whose
distributions I analysed in Chapter 5. The investigation includes both single equation panel
regressions and VAR models. I use the generalised impulse response analysis of Pesaran
and Shin (1998). In Chapter 8, I provide a summary of the main work of the thesis, I draw
together the novel findings, and I outline the limitations of the study, as well as indicating

the direction of future work.

1.5 Novel findings

In Chapter 4, I conduct a Monte Carlo test of the small sample behaviour of the Wilcoxon
Rank Sum test and the Binomial distribution test by imposing a time-dependency in the
mean and drawing the error terms from a known symmetric distribution, the standard
normal, N~ (0, 1). I find that the two tests are not compromised because neither test rejects
the null of symmetry too often. This study has not been reported elsewhere in the literature

and as such makes an original, empirical contribution.

In Chapter 5, I describe an empirical study of price/volume/volatility in the 11 equity

markets that I use in the econometric tests of Chapter 7. In Chapter 6, I examine the return
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distributions of 332 FOHFs and associated indexes. In Chapter 7, I provide new evidence in
favour of the investor heterogeneity theory of the relation between trading volumes and
return asymmetry. I report that the level and variability of trading volumes are strongly
positively correlated in all markets in my sample. This finding supports the investor
heterogeneity theory of return asymmetry but has not, so far, been investigated in the
volume/skewness literature. By making allowance for indirect effects that have not been
incorporated in previous research, I find considerable interaction between trading volumes

and return skewness in all international markets, including the US.

Publications

E. Hutson, C. Kearney and M. Lynch (2008), ‘Volume and Skewness in International
Equity Markets’, Journal of Banking and Finance, 32, 7, 1255-1268.

Kearney, C. and M. Lynch (2007), ‘Are International Equity Markets Really Asymmetric?’
Applied Financial Economics, 17, 5, 399-411.

E. Hutson, M. Lynch and M. Stevenson (2006), ‘Distributional Characteristics of funds of
hedge funds returns’ in G. Gregoriou (ed.) Funds of Hedge Funds: Performance,
Assessment, Diversification and Statistical Properties (Elsevier Press, Quantitative Finance

Series), Chapter 14, 213-238.

Conference Papers

E. Hutson, M. Lynch and M. Stevenson (2004) ‘Are Funds of Hedge Fund Returns
Asymmetric?’ presented to the 12th Global Finance Conference, Dublin, June 2005.

C. Kearney and M. Lynch (2004) ‘Are International Equity Markets Really Skewed?’
presented to the 12th Global Finance Conference, Dublin, June 2005.

E. Hutson, C. Kearney and M. Lynch (2005) ‘Volume and Skewness in International
Equity Markets’ presented to the Annual SNDE Conference (Society for Nonlinear
Dynamics and Econometrics) in London, March 2005; the 12th Global Finance
Conference, Dublin, June 2005 and the 2004 Annual Conference of the Southern Finance

Association, Naples, Florida.
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C. Kearney and M. Lynch (2002) ‘Skewness and Trading Volumes’ presented to the 2002

Irish Economic Association Conference, Mullingar.

1.6 Summary and Conclusions

In the introduction to this chapter I have referred to the well researched relation between
price and quantity in the asset pricing literature. One of the fundamental principles of this
literature is that stock markets respond asymmetrically to good and bad news. This
asymmetric response has been the focus of a substantial body of literature and is still of
interest to both academics and practitioners. Trading volumes are long understood to have a
role to play in determining speculative prices, and there is a well documented positive
relationship between the level of trading volumes and the volatility of returns to speculative

assets.
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Chapter 2

Literature Review

Introduction

In this chapter I start in Section 2.1 by examining the historical treatment of the third
moment of asset returns from several perspectives, beginning with the traditional mean-
variance approach to portfolio asset construction of Markowitz (1952). Mandelbrot (1963)
noted that there are larger numbers of abrupt changes in the economic variables that
determine equilibrium prices in speculative markets than would be the case under a
Gaussian hypothesis and proposed an alternative distribution, the Stable Paretian. The
question of how to handle sudden, steep price changes is raised by Mandelbrot and several

other contributors to the literature.

Some of the shortcomings of the Capital Asset Pricing Model (CAPM) that were thought to
have arisen from restrictions imposed by the model on riskless borrowing, or divergent
borrowing and lending rates, may in fact have been related to the omission of systemic
skewness. Another application of skewness, discussed below, relies upon parallels drawn
between the activities of bettors at a racetrack and investors in the stock market. The fact
that bettors are willing to place bets on low return, high variance bets is because these bets
offer higher skewness than high return low variance bets, which would suggest that bettors
have a preference for positive skewness. The analogy of a stock market investor is
developed in Harvey and Siddique (2000) who argue that the willingness to hold a portfolio
when the expected return is negative is rational if there is positive skewness, i.e., a high

probability of a large positive return at some future time.

In Section 2.2. I examine the literature on market microstructure because this is closely
related to the trading volume literature. This section covers the role of the dealer or market-
maker, the bid-ask spread, the effect of open versus closed markets, the number of dealers
in a stock and the role of liquidity traders in a stock. In Section 2.3 I review the literature on
the Mixture of Distributions Hypothesis (MDH). I map chronologically the evolution of the

daily price change in financial asset returns from the pioneering work of Osborne (1959)
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and Clark (1973) to the investor heterogeneity theory of Chen, Hong, Stein (2001). I
describe the theoretical basis of rational expectations models and draw on Karpoff’s (1987)
excellent critique of the Copeland (1976) sequential arrival of information model and the
Shalen (1993) model that explains a number of stylized facts in the volume volatility
relation in terms of the dispersion between past and current beliefs. I review work that
examines the implications for the joint distribution of prices and volumes in several
alternative markets such as commodity futures and emerging markets in central and eastern

European countries.

The literature on the volume-volatility relation is extensive and, in Section 2.4, I examine
the chief developments in the literature that track this relation. The main axis of this
literature is the strongly positive relation between the level of trading volume and the
volatility of returns. The potential for the second moment of trading volume to have an
impact on expected returns had not been studied extensively prior to the seminal work of
Chordia, Subrahmanyam and Anshuman (2001) (henceforth CSA) who, following Amihud
and Mendelson (1986), used trading volume as a proxy for liquidity. CSA hypothesised that
since it was established that liquidity was priced in asset returns, fluctuations in liquidity,

proxied by the second moment of volume, should be of concern to investors.

I have shown in this introduction how I have structured the literature review to cover the
historical treatment of the skewness statistic in the literature, the market microstructure and
the MDH, together with the volume volatility relation and the volume skewness relation.
The areas that are most relevant and most germane to the empirical work of the thesis are
the MDH in section 2.3, the volume volatility literature in section 2.4 and the volume

skewness literature in section 2.5.
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2.1 Historical Treatment of Third Moment of Equity Returns

2.1.1 Introduction

Early literature examining the third moment of equity returns focused on issues concerning
the distributions of prices. One such issue related to the arguments for and against the
inclusion of skewness in portfolio analysis and asset valuation models. A second issue was
the number of outliers, corresponding to abrupt price changes, in the tails of equity
distributions and the vexed question of how to handle these outliers. The abrupt price
changes then, as now, reflected real dynamics in underlying economic conditions and as
such, should not be dismissed as being merely inconvenient. The Kraus and Litzenberger
(1976) introduction of a 3-moment Capital Asset Pricing Model (CAPM) arose from the
intuition that investors valued positive skewness. One of the enduring puzzles of investor
behaviour is the low level of investor diversification. Conine and Tamarkin (1981)
contended that it was rational for investors to hold a limited number of stocks if both risk
aversion and skewness preference were of concern, because fully diversified portfolios

have lower levels of skewness.

The implications of a normal distribution are that skewness and excess kurtosis are both
zero. When skewness and excess kurtosis are both non zero, the null hypothesis of
normality is rejected. The evidence of non normality in individual stock and aggregate
market returns raises questions concerning the validity of relying solely on the skewness
coefficient to decide the symmetry of the distribution. The coefficient of skewness is not
reliable if the underlying distribution is not normal, indicating the necessity of a
distribution-free approach. Several papers are included because they highlight other issues
that were of concern in the early literature, such as the length of the interval over which
skewness is measured, the initial date of the study and the derivation of the skewness

coefficient (the raw third moment divided by the standard deviation cubed).

2.1.2 Markowitz’s (1952) Mean-Variance Principle

As justification for using the return-variance principle in constructing an investment

portfolio, Markowitz (1952) associated the third moment with a propensity to gamble. In a
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seminal paper entitled ‘The Utility of Wealth’, he contended that the method of placing a
bet during a series of games could influence the overall dispersion of wins and losses.
Markowitz (1952) argued that the mind-set of the bettor in the context of horse and dog
racing and the investor in the context of the stock market can influence the shape of the
distribution of the final outcome. He suggested that if a person placed bets with equal
generosity at each game, regardless of previous wins or losses, then the frequency
distribution of final wins and losses would be symmetric. The effect of playing
conservatively when losing and liberally when winning is to make the frequency
distribution of final outcomes skewed to the right. Markowitz (1952) showed a clear
preference for investment strategies that avoid any taint of gambling, asserting that yield is
a good thing, risk a bad thing and a propensity to gamble is not a prudent investment
strategy. Golec and Tamarkin (1998) drew a similar analogy between the behaviour of
bettors at a race track and investors in a stock market. Golec and Tamarkin (1998) set out
to explain the anomaly whereby long shots have greater, and favourites smaller, subjective
than objective probabilities. The authors stated that bettors willingly select low-return,
high-variance bets, because these bets offer higher skewness than high-return, low-variance
bets. Harvey and Siddique (1999) applied the same thinking in holding the view that if
there is a high probability of large positive return investors may hold a portfolio even if its
expected return is negative. This is because it is reasonable to assume that investors do in

fact have a preference for skewness, given the statistical evidence of skewness in returns.

2.1.3 Mandelbrot (1963) Stable Paretian Hypothesis

In 1963, Mandelbrot introduced a new model of price behaviour in speculative markets
known as Stable Paretian, exploiting the fact that the theory of ‘Brownian motion’ could
not account for the empirical distributions of price changes being too peaked to be
Gaussian. While agreeing that the histograms of price changes are indeed unimodal and that
their central bells are similar to the Gaussian ogive, Mandelbrot (1963) argued that there
are typically so many outliers that cumulative probability curves fitted to the mean square
of price changes are much lower and flatter than the distribution of the data themselves.
One of the consequences of these tails is that the second moment does not seem to tend to

any limit even though the sample size is large by economic standards. The infinite variance
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assumption of the Stable Paretian model and the implications that this assumption holds for
the role of the sample variance as a measure of dispersion was commented upon by Fama
(1963). It follows that other statistical tools (e.g. least squares regressions), that are based
on the assumption of a finite variance, cannot then be relied upon to yield reliable

inference.

In relation to the excessive numbers of large price changes usually observed in the data,
Mandelbrot (1963) proposed that one should look for well-determined causes, since a
priori, large price changes are usually traceable to causes that are clearly identifiable;
therefore, these price changes should be eliminated before applying a stochastic model to
the remainder. The argument against this, however, is that if one succeeded in eliminating
all large changes in this way, one would have a Gaussian-like remainder from which one
could infer very little useful information. This raises the issue of the appropriate treatment
of one or more of these exceptionally large, but correct, holding period returns. These
outliers can result in skews as much as four standard deviations above average. Beedles and
Simkowitz (1978) argued that since these exceptionally large returns are in some way
unrepresentative of the returns generating process as a whole, eliminating them might
provide better insights into the behaviour of equity values. This approach would mean that
researchers using higher moments should decide, a priori, and on a case by case basis,
whether an analysis is more meaningful with or without legitimate outliers. Kim and White
(2004) examined daily returns on the S&P 500 from January 1982 to June 2001 in a study
that set out to demonstrate that the conventional measure of skewness is extremely biased
in the presence of a single or small number of outliers. The skewness statistic for the series
is —2.39, indicative of extreme left skewness. When the large negative return associated
with the stock market crash of 1987 is removed, the statistic falls to —0.26, still negatively

skewed but small compared with —2.39.

The Geometric Brownian Motion (GBM) model of Black and Scholes (1973) is still the
pre-eminent asset pricing model for equity and currency markets; nevertheless there are
well documented shortcomings in the model in a number of financial markets. Under GBM

the returns, Z (h) are presumed to be distributed normally,
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Z (h) ~ N [uh, 6°h] 2.1)

where the mean 4 and variance o are linear functions of (dependent on) the length of the

holding period i. While the mean and variance are dependent on the length of the holding
period, skewness and kurtosis are independent of 4. In any normal distribution, skewness
and excess kurtosis are both zero, but in a number of financial markets these presumptions
are commonly violated. Non-zero unconditional skewness has been reported in many
financial markets, together with positive excess kurtosis in returns distributions. In
addition, far from being independent of the length of the holding period, #, many studies
cited by Das and Sundaram (1997) found significant changes in excess kurtosis levels and
skewness patterns when changing from weekly to monthly levels in currencies, equities and

options markets.

Kon (1984) proposed a discrete mixture of normal distributions to explain the significant
positive skewness in the distribution of daily returns for three indexes, the S&P, the CRSP
value-weighted and the CRSP equal-weighted over an 18/, year time series from July
1962 to December 1980. The evidence provided by Blattberg and Gonedes (1974)
suggested that the distribution of monthly returns could be classified as normal, but
increasingly researchers were turning to daily data for event studies such as those related to
information and to provide larger estimation samples to facilitate hypothesis testing in asset
pricing models. The parameters of the price change process do in practice fluctuate due to
changes in investment decisions, capital structure changes, leverage effects, earnings

disclosures, exogenous macro information and institutional trading restrictions.

2.1.4 Levy theory of utility functions

Levy (1969) set out to show that a utility function which is a linear combination of the first
three moments is inconsistent with the assumption that U (x) < 0, i.e. that the investor
dislikes a large variance, or that marginal utility decreases with increasing wealth. Risk
aversion implies that the second derivative of the utility function with respect to wealth is

negative. This may be explained in terms of rejecting a fair gamble. An example of a fair
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gamble is a utility function that either doubles the investor’s money or gives him/her
nothing, with equal probability. Assume that in order to participate, an investor must pay
$1. Since the probability is %2, the option to invest has an expected value of {(1/2)(2) +
(172)(0)} = 1. The alternative is not to invest, thus enjoying the certainty of $1 gained in the
sense of $1 not being lost. In this scenario a risk averse investor will choose not to
participate because the expected value of the investment is equivalent to the amount he
would have to pay to take part in the investment. Levy’s view is that unless the utility
function is restricted to a special form, the higher moments must be taken into account. The
importance of Levy’s contribution is that he argued against the neglect of the higher
moments and specified only two conditions under which the higher moments could be
ignored:

(a) If all higher moments tend to zero, or

(b) If it is assumed that the utility function is cubic. In this case every derivative higher than

the third vanishes.

2.1.5 Investor preference for positive skewness

Arditti (1967, 1971) conducted two separate studies to evaluate whether investors consider
skewness when making their investment decisions. Arditti (1967) used annual data from the
Standard and Poor’s (S&P) Composite Index from 1946-1963, and concluded that investors
like positive skewness. Arditti (1971) used Sharpe’s annual data for 34 mutual funds from
1954-1963 and found the third moment was significant in investors’ decision making. An
attempt to disprove the validity of Arditti’s (1971) findings was made by Francis (1975).
Using mutual fund data, Francis ran a series of regressions using quarterly returns in
preference to Arditti’s annual returns, in order to increase the sample size, on the basis that
small sampling distributions tend to yield large sampling errors. This is particularly so in
the case of the third moment as the skewness statistic is sensitive to extreme observations

or outliers in the data.

To investigate the importance of skewness in an investor’s decision making process,
Francis (1975) estimated a simple regression using skewness as the independent variable
and then estimated a multiple regression with both skewness and the standard deviation as

independent variables. While the 7 statistics for the skewness coefficients in both equations

24

|




were statistically significant, they were contrary to the theory that investors weigh the value
of skewness in their decision making process. One possible explanation for the discrepancy
in findings between Arditti (1971) and Francis (1975) is the different intervals used. Since
the average of annual returns is larger than the average of quarterly returns, the raw third
moments of quarterly and annual returns will reflect this difference. This problem of scale
is addressed by normalizing the raw third moment by the standard deviation cubed, and
using the result, defined as ‘skewness’, to compare monthly, quarterly and annual returns.
Francis (1975) found that even using the normalised raw third moment, the annual funds
were still more positively skewed than their quarterly returns, and in turn, the quarterly
returns were more positively skewed than monthly returns. The skewness statistics,
therefore, appear to be nonstationary across different intervals. Having rerun all the
regressions three ways, using monthly, quarterly and annual returns, Francis (1975)

concluded that skewness statistics are sample dependent.

2.1.6 Systemic skewness in CAPM

In the 1970s, the notion that asset returns, within an equilibrium framework, are subject to
systemic skewness as well as systemic risk grew out of tests of the two parameter CAPM.
Simonson (1972) and Kraus and Litzenberger (1976) proposed a three parameter asset
pricing model that incorporated systemic skewness alongside systemic risk. Beedles
(1979), in discussing the two studies, drew attention to the divergence in the empirical
results; the former, using logs of the quarterly S&P Composite for 1961 to 1970, found the
market to be negatively skewed. Kraus and Litzenberger (1976) found positive skewness
for a sample of monthly excess deflated returns from 1936 to 1970. Within the asset pricing
framework proposed by Simonson (1972) and Kraus and Litzenberger (1976), the sign of
ex ante skewness was an instrument used to price assets using the following reasoning.
Investors should be rewarded by gaining additional expected returns for willingness to hold
a portfolio of assets with high systemic skewness, if the market is (ex ante) negatively
skewed. Conversely, if the market is positively skewed, which is a desirable state, assets

with large values should be priced so as to return less.

In the two parameter models discussed earlier, the utility function was constrained to be

quadratic and the returns were assumed to be normally distributed. The economic

23



importance of the third moment, skewness, is recognised by Arditti and Levy (1975) in a
study that investigated the relationship between the first three moments of an asset’s single
period return and the first three moments of its multiperiod returns. Using mathematical
expansions analysis, Arditti and Levy (1975) showed that the coefficient of skewness can
be zero for one period returns, but this does not lead to the conclusion that multi-period
skewness will also be zero. The implication of this is that skewness is dependent upon the
investment horizon, and this in turn, is subject to individual choice. For investors with short
investment horizons, skewness of portfolio returns can be ignored since existing empirical
evidence indicates that these distributions are symmetric. For longer horizons however the
skewness coefficient is not necessarily zero, and therefore skewness should be considered

as a relevant variable in the decision making process.

Fama (1971) placed the Sharpe (1964) and Lintner (1965) CAPM in the context of the
earlier portfolio models and extended these earlier models in a number of directions. Fama
(1971) derived the characteristics of equilibrium in the capital market by showing that the
market risk-return relations as determined in the two-parameter models are straightforward
generalizations of the risk measures and expected risk-return relationships that characterize
optimal consumption-investment decisions. The assumptions underlying the earlier models
were based on a market of risk-averse consumers who could make their investment
decisions on the means and standard deviations of one period portfolio returns, implicitly
assuming that these standard deviations exist. In the light of other empirical studies, this
assumption was questionable. Distributions of common stocks were considered to conform
well to non-normal members of the stable Paretian class of distributions, and the standard
deviations of these distributions do not exist. Jean (1971) set out to establish an equilibrium
relation between the first and third moments of investors’ returns using a generalization of
the Sharpe-Lintner mean-variance model for price determination under uncertainty. The
problem with Jean’s (1971) approach, as argued by Arditti and Levy (1972), was the
absence of good economic grounds on which this model could be based, unlike the mean-
variance equilibrium model of price determination under uncertainty of Sharpe (1964) and
Lintner (1975), which made good economic sense. Jean (1971) found a positive premium

for skewness; the higher the skewness, the higher the required expected return will be. The
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conclusion arrived at in Jean (1971) was that the correct way to deal with skewness is to

find an equilibrium relation that incorporates the first three moments simultaneously.

The role of the third moment in asset valuation was examined by Kraus and Litzenberger
(1976) in an extension of the two-parameter CAPM of Sharpe (1964) and Lintner (1975)
that incorporated the effect of including skewness on valuation. They found that alongside
an aversion to variance, investors favour positive skewness. This skewness preference has
implications for the practical application of a quadratic utility function as a basis for
positive valuation theory; therefore prior negative results that were thought to have arisen
from restrictions imposed by the CAPM on riskless borrowing or divergent borrowing and
lending rates, might instead have been attributable to misspecification of the model due to

the omission of systemic skewness.

2.1.7 Skewness and diversification

Simkowitz and Beedles (1978) contended that investors who hold less than fully diversified
portfolios, despite regular advice to the contrary, exhibit a preference for positive skewness.
Given the theory that investors like skewness, and recognising that a fully diversified
portfolio is one that has reduced levels of skewness, a rational investor with a preference
for skewness will hold a less than fully diversified portfolio. The authors suggested that
even in a frictionless market, the number of assets held is a function of each individual’s
skewness/variance awareness level. An investor who is more concerned with skewness
should hold fewer assets and one who is concerned with variance should hold relatively

more.

Portfolios of different numbers of stocks were created and the following findings reported.
As the degree of diversification increases, skewness levels decrease, and as the number of
assets held increases, skewness is diversified away rapidly. In the context of a quadratic
utility function, the coefficient of skewness has traditionally been set to zero, which is
effectively assuming a symmetric returns distribution. Simkowitz and Beedles (1978), by
allowing for some level of investor concern for skewness, challenged the then prevailing
view that the typical investor’s utility function could be described adequately by a quadratic

function, and that return distributions are symmetric.
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Scott and Horvath (1980) contributed to the debate on the use of higher moments in
portfolio analysis by demonstrating that investors, on the whole, exhibit a positive
preference for odd central moments and a negative preference for even central moments.
Their paper explicitly associates the preference for positive skewness with risk aversion.
Earlier studies argued for diversification as rational investment behaviour for the risk-
averse investor, suggesting that by adding randomly selected and equally weighted risky
assets, one could reduce total risk without affecting return. The concept of investor
preference for positive skewness is a reason for a rational investor to hold an optimal
limited number of homogeneous risk assets in an investment portfolio, according to Conine
and Tamarkin (1981). Homogeneous in this context refers to the assumption that all risk
assets have identical means, identical variances and identical skewness; and that all joint
product moments, i.e. all combinations of risk assets, have identical curvilinear

relationships.

The assumption of homogeneity is used to demonstrate that low levels of diversification are
consistent with rational investor behaviour in perfect market conditions. Prior studies had
relaxed some of the assumptions of the CAPM including that of homogeneous
expectations, thus implying theoretically that anti-diversification can be explained only in
the context of imperfect markets. Other market imperfections such as transactions costs,
regarded as having an inhibiting effect on diversification in prior studies, could no longer
be seen to have the same impact. This was due to the elimination of fixed commissions in
May 1975 and a dramatic increase in the popularity of no-load mutual funds in the U.S.
These are funds in which shares are sold without a commission or sales charge. This is
because the shares are distributed directly without going through a broker or financial
planner. This is the opposite of a load fund which charges a commission at the time of the
fund’s purchase, at the time of its sale or as a ‘level load’ for as long as the investor holds

the fund.

2.1.8 Log versus simple returns

A key observation of Beedles (1979) is that there is less measured asymmetry when log

rather than simple returns are used. Beedles (1979) examined an empirical study by Fogler
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and Radcliffe (1974) which found that skewness measures are sensitive to the size of the
differencing interval and to the initialization point. Beedles (1979) used monthly data from
January 1927 to December 1976 to estimate the relative skewness of both simple and log
returns of equal and value weighted indices from Chicago’s Centre for Research in
Securities Prices (CRSP) for various sub periods. His paper supported the Fogler—Radcliffe
(1974) study of the importance of the initialisation point; a researcher with 10 years of data
beginning in January 1957, using logs of the equally weighted index, could reject the null
hypothesis of a Gaussian distribution at the 1% level given a negative skewness measure of
(-0.51). However, the same researcher using 20 years of data could also reject the null
hypothesis of a Gaussian distribution on the basis of the magnitude of the positive
skewness (0.25). In his summary Beedies (1979) concluded that when log returns are used
there is less measured asymmetry than when simple returns are used. This method, the
accuracy of which has been widely accepted in the finance literature, is used to calculate

returns in the original work of this thesis.

Summary of Section 2.1

Under Geometric Brownian Motion, the mean and standard deviation of an asset’s return
distribution both depend on the length of the holding period, 4. The third and fourth
moments (skewness and excess kurtosis) are both zero and independent of 4. These
assumptions are routinely violated in practice, with non zero skewness and excess kurtosis
frequently observed, and significant changes in excess kurtosis levels and skewness
patterns have been reported when changing from weekly to monthly levels in currencies,
equities and options markets. This raises questions concerning the validity of relying solely
on the skewness coefficient to decide the symmetry of the distribution. The coefficient of
skewness is not reliable if the underlying distribution is not normal, indicating the necessity

of a distribution-free approach.

In the early literature there was a divergence of opinion concerning the inclusion of
skewness in portfolio analysis and asset valuation models. The two moment mean/variance
approach to portfolio construction was justified in one case by associating the third moment

with gambling. Other academics argued in favour of higher moments and presented clear
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indications of when higher moments could safely be neglected, as when for example, the

utility function was cubic and all derivatives higher than the third vanished.

In relation to the excessive numbers of large price changes usually observed in the data, one
suggestion proposed that large price changes should first be eliminated before one applied a
stochastic model to the remainder. Others reinforced this argument by stating that
eliminating exceptionally large price changes might provide better insights into the
behaviour of equity values. The question of how to handle these exceptionally large but
correct returns has not as yet been definitively answered, and it is now accepted that the
conventional measure of skewness is extremely biased in the presence of a single or small

number of outliers.

In the 1970s the extent to which investors considered skewness when making their
investment decisions became the focus of attention in the literature. The economic
importance of skewness and the consequences of not factoring in a preference for skewness
in capital asset pricing models led to the 3-moment CAPM. The notion that investors
favoured positive skewness was advanced as a possible explanation for poor levels of
diversification in portfolio construction. Holding a limited number of stocks was perceived
to be a perfectly rational strategy for a risk-averse investor who favoured positive
skewness. Having surveyed the early literature on skewness in financial markets, [ now turn

to examine the market microstructure literature in Section 2.2.

2.2 Market Microstructure

2.2.1 Introduction

One of the fundamental research questions posed in this thesis is whether differences of
opinion about the future value of stock returns, associated with rising trading volumes, lead
to greater skewness in returns. In Chapter 5 I examine the distributions of equity trading
volumes using a series of non-parametric tests and differentiate between positive excess
trading and negative excess trading by identifying the former as ‘overtrading’ and the latter

as ‘undertrading’. In Chapter 7, I investigate whether trading volumes influence equity
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return skewness in any or all of the first three moments of volumes. In order to substantiate
the theory that return asymmetry or negative skewness arises from a difference of opinion
concerning future price direction, I now undertake a substantial review of the theory of
microstructure, because it is important, in the overall context of the thesis, to highlight the
complex nature of trading volume activity. This is especially relevant in the discussion of
the findings in Chapter 7, section 7.5, where I argue that trading that is generated by
liquidity and noise traders during ‘light volume’ periods has little impact on the volatility of

volumes. These volumes will consequently have minimal effects on returns.

In this section, I review the market microstructure literature and outline what it is that
constitutes normal trading activity, typical trader profiles and motivation to trade. Much of
normal trading volume activity does not impact the index price enough to stimulate higher
than normal volatility. Higher than normal trading volume levels can issue from trading
that is related to liquidity, dividend payouts, portfolio rebalancing, profit warnings and
other trading related activities. Investors trade for complex reasons; informed traders
interpret and assess signals related to shifts in fundamental values of stocks while liquidity
traders engage in trading activity that may have little or no bearing on fundamental values.
The role of the market marker is described in detail because without the market maker no
trading activity would take place. The bid-ask spread is included because it provides
information. Individual stocks are constituents of total market indexes; the number of
dealers in a stock and the number of analysts following the stock are variables that are
important in evaluating the importance of movement in that stock. This section explains

why there are periods of relatively large trading volumes and yet little price movements.

2.2.2 The role of the Dealer or Market-Maker

The transaction costs on the New York Stock Exchange (NYSE) and the importance of the
role of the specialist in managing orders and assuming risk is analysed in a seminal paper
by Demsetz (1968). The specialist has a valuable role in keeping trade active by trading on
his own account when the bid-ask quotations by outsiders are too far apart to maintain
trading activity without wide jumps in price. The specialist or dealer can increase the pace

of trading by offering a smaller spread than the current gap between ask and bid prices.
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This willingness to assume risk provides a valuable service to the exchange as a whole in

maintaining a momentum of trading, and it must therefore be appropriately rewarded.

While the willingness to invest his own resources in buying now and selling later is
common to other inventory holders such as retailers and wholesalers, the specialist is
different, in that he is obligated to make a market in the securities in which he specialises.
Other members of the exchange have a vested interest in the maintenance of narrow
spreads, because this increases the volume of business and the size of their commissions.
One of the stated guidelines from the NYSE, for example, is for specialists to keep spreads
narrow and close to the last transaction price. Other reasons for maintaining a small spread
pertain to the fact that many securities are listed on more than one exchange and trading

unlisted securities can be done on many exchanges.

2.2.3 Bid-Ask spread

The policy issues involved in supplying dealer services in securities markets are discussed
in Stoll (1978a). Put simply, in order to be able to trade, investors need to find other
investors who are willing to trade with them. In the absence of other such investors, dealers
are willing to trade for their own account as principals, thus providing a service of
immediacy to the general trading public. The costs of providing immediacy include the
price risk and the opportunity cost of holding securities, the costs associated with arranging
trades and clearing transactions, and the costs incurred when traders with whom they are
transacting have superior information. In organized markets, the dealer quotes a bid price at
which he is willing to buy and an ask price at which he is willing to sell. Even if the dealer
is privy to inside information such as that provided by knowledge of the book of limit
orders, for example, this information is reflected in his bid-ask spread, but he is still
exposed to losses from informed traders. Therefore, since he cannot distinguish informed
traders from uninformed, he has to set his bid-ask spread wide enough to recover from

liquidity traders his potential losses from informed traders.

The perception of the bid-ask spread as a trade off between expected losses to informed
traders and expected gains from liquidity traders is likened to a combination of put and call

options in Copeland and Galai (1983). One of the key assumptions of this model is that
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asset markets are anonymous, in that the dealer does not know, ex ante, whether the trader
with whom he is transacting is in possession of superior information. The imposition of the
condition of asset market anonymity arises from the recognition that traders known to
possess superior knowledge would be easily identifiable and other traders would be
unwilling to trade with them. It follows that one of the functions of the broker is to
maintain the anonymity of the person who initiates the trade. The greater the proportion
and the higher the quality of the superior information, the more the specialist or dealer will
have to make on the bid-ask spread and the higher the bid-ask spread must be. The bid-ask
spread is shown to be a function of increased volatility in the underlying asset, a higher
asset price level and a lower trading volume (thinly traded stocks). In the presence of a
trader with superior information it is likely that the short run price movements will not
favour the dealer, even though he may have gained on the bid-ask spread. The less liquid
the security the greater the bid-ask spread is likely to be. This is particularly true in the

bond market where bonds with low liquidity are likely to have very large bid-ask spreads.

2.2.4 Number of dealers in a stock

Stoll (1978b) raised the importance of the role of the dealer in providing immediacy to the
general public who want to trade. Using Over the Counter (OTC) market data, Stoll
examined the factors that determine the dealer’s costs and the number of dealers willing to
make a market in a particular stock. The study comprised closing bid and ask prices and
trading volumes for each NASDAQ stock over six consecutive trading days in 1973.
Information trading is measured by turnover (volume of shares traded/shares outstanding)
on the basis that the number of shares traded is high relative to the total number of shares
outstanding when investors have information that they believe is not shared by other traders

and the dealers in the stock.

The turnover variable was found to have a large and significantly positive effect on spread.
Increased competition through the presence of greater numbers of dealers also reduces
spreads. Stoll also found that the number of dealers in a stock is significantly related to the
characteristics of the stock, which has implications for arbitrarily reducing the number of
dealers. This relationship implies an optimum number of dealers in a particular stock, with

each dealer at an optimum level of activity. Interfering with this by reducing the number of
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dealers would force dealers to work at a non optimal level, thus incurring more cost for the
investor. Stoll demonstrated that trading is quite expensive for a significant number of
NASDAQ stocks from the evidence of their spreads. He explicitly linked the prohibitive
trading costs to low volume and high risk stocks, comparing them to financial stocks where

volume is greater and risk is less.

2.2.5 Liquidity traders in the domestic market

If a security is traded on more than one exchange, liquidity traders will perform their
transactions with the exchange that has the lowest cost according to Barclay, Litzenberger,
Warner (1990). For stocks that have an international listing, this is commonly the domestic
market. Following earlier work by Kyle (1985) and Admati and Pfleiderer (1988) who
showed that private information revealed through trading activity causes variance, the
authors confirm a role for discretionary liquidity traders in rational trading models.
Discretionary liquidity traders have no private information, but unlike random liquidity
traders can exercise some ‘discretion’ over the timing of their trades. In common with
informed traders they also tend to cluster their trades and to trade when the market is
‘thick’. It is this clustering of trades that causes variance to be highest when trading is most
active. Another implication of clustering is related to cost. The domestic market is by
definition less costly for discretionary liquidity traders to whom it is assumed cost matters.
Since informed traders only come to the market when the liquidity traders are present, the
level of trading volume will be lower on foreign exchanges, thereby reducing the impact on
the stock return variance. Specifically, Barclay, Litzenberger and Warner (1990) find that
secondary listing of U.S. stocks on the Tokyo exchange does not increase the overall level
of variance, nor does it affect its overnight pattern, despite a substantial increase in trading

hours.

Summary of Section 2.2

Much of normal trading volume activity does not impact the index price enough to
stimulate volatility above normal levels. The specialist or market maker is required to make
a market in the securities in which he specialises. In order to do this he trades on his own
account when the bid-ask quotations are too far apart to maintain trading activity without

wide jumps in price. The costs of providing immediacy include the price risk and the
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opportunity cost of holding securities, the costs associated with arranging trades and
clearing transactions, and the costs incurred when traders with whom they are transacting

have superior information.

The bid-ask spread may be perceived as a trade off between expected losses to informed
traders and expected gains from liquidity traders. The bid-ask spread is shown to be a
function of increased volatility in the underlying asset, a higher asset price level and a
lower trading volume (thinly traded stocks). When investors have information that they
believe is not shared by other traders and the dealers in the stock, the number of shares
traded is high relative to the total number of shares outstanding. The turnover variable
therefore was found to have a large and significantly positive effect on spread. Increased
competition through the presence of greater numbers of dealers also reduces spreads.
Prohibitive trading costs are linked to low volume, high risk stocks, compared with
financial stocks where volume is greater and risk is less. Discretionary liquidity traders in
common with informed traders tend to trade when the market is ‘thick’. It is this clustering

of trades that causes variance to be highest when trading is most active.

2.3 Mixture of Distributions Hypothesis

2.3.1 Introduction

The Mixture of Distributions Hypothesis (MDH), first proposed by Clark (1973) and
developed by Epps and Epps (1976), Tauchen and Pitts (1983) and Andersen (1996), is
based upon the theory that information drives volatility and trading volume. The main
proposition of the MDH is that daily price changes and trading volumes are subordinated to
the same underlying information flow variable. The arrival of unexpected good news
increases the stock price while bad news results in a price decrease. Both of these events
are accompanied by higher than average levels of trading activity. Under the MDH
therefore, both the daily stock return 7, and the daily trading volume V, are the sum of a
random number of individual price increments and volumes. The random number is
dependent upon the rate of information arrival during the day. Each time information

arrives to the market, traders adjust their equilibrium prices and trading volumes rise as the
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market adjusts to its new equilibrium. If each intraday return is assumed to be independent

and identically distributed (i.i.d.) with mean zero and variance o, the joint distribution of
daily returns and trading volume is a bivariate normal conditional on the daily number of

information arrivals, /,.

n|L ~N(©, o*L) (2.2)
V.| I, ~N(a+bl,,cl) (2.3)

The two expressions above show that the volatility of returns and the mean and volatility of

trading volume are both dependent on the behaviour of /.

Other versions of the MDH hypothesise that the daily price change is the sum of a random
number, n, of within-day price changes. For a given value of n, the Central Limit Theorem
implies that the change in price, Ap, is approximately normal with variance proportional to
n. If the random variable n is not fixed, however, the distribution of Ap is subordinate to
the distribution of n. Karpoff (1987) suggests that it is intuitively appealing to interpret the
number of within-day price changes, n, as the number of within-day information arrivals. It
follows that the conditional variance of Ap is related to the intensity of information flow
and the ensuing (V, | Ap | ) correlation occurs because volume is an increasing function of
the number of intra-day price changes. Harris (1986) allows the variation in n to vary
across securities and derives inferences that sample measures of price change kurtosis,
volume skewness and the correlation of squared price change with volume should all be

positively correlated.

The most significant development of the early Osborne (1959) paper was to allow the
interval of time between transactions to vary. This modelling approach featured in Clark
(1973), Tauchen and Pitts (1983) and Harris (1986). The Tauchen and Pitts (1983) model
hypothesised that the correlation between the volume and the absolute price change was an
increasing function of the variance of the daily information flow. An increase in the number
of traders entering the market causes an increase in the trading volume, but a decrease in

the variance of the price change.
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The Epps and Epps (1976) model explained the change in the market price on each intra
day transaction as the average of all the changes in the traders’ reservation prices. This
implies that there exists a positive relation between the extent to which traders disagree as
they revise their reservation prices and the absolute value of the change in the market price.
It follows that an increase in the extent to which traders disagree could indicate a larger
absolute price change, and it is from this hypothesis that the (V, | Ap | ) correlation occurs.
The disagreement among traders in speculative models arises from heterogeneity in traders’
expectations concerning the value of new information, either because they have private
information or they disagree about the implications of public information for the future

price path of the asset.

The cross-sectional implications of the MDH for the joint distribution of daily price
changes and volumes on all common stocks continuously traded on the New York or
American Stock Exchanges between January 1, 1976 and December 31, 1977, for which
the number of shares outstanding did not change by more than 5 per cent, are examined in
Harris (1986). The 5 per cent stipulation was to ensure that volume changes were not the
result of stock splits, dividends or other microstructural issues. Likewise, the requirement
that the stocks be continuously traded was because of the assumption that active trading
grows from large numbers of information arrivals each day, a necessary condition for the
derivation of the MDH. Harris (1986) assumed that the distribution of the directing
variable, interpreted as the daily rate of information flow, is not uniform across all
securities. It follows that predictable cross security differences in the joint distribution of
returns and volume can be attributed to changes in this mixing variable, and that prices are
the outcome of information events evolving at different rates.

The mixture model has the following predictions:

(a) The marginal distribution of daily returns is kurtotic relative to the normal distribution,
(b) The marginal distribution of daily volume is skewed to the right,

(c) There is price heteroscedasticity because return variance is subordinate to the variance
of the mixing variable,

(d) The marginal distribution of returns is skewed, and
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(e) Returns and volumes are correlated.

These predictions of the mixture model are valid only in the case that the rate of
information variable, I,, varies through time and the greater its variation through time, the

more pronounced should be these attributes of the joint distribution. A marginal probability
distribution is obtained from the joint probability density by summing or integrating out the
other variable. In (a), (b) and (d) above, the marginal distribution is defined with respect to
only one of the two variables in the joint distribution. So for example, in part (b) the
marginal probability distribution is defined with respect to the volume variable in the joint

density function of daily returns and trading volumes.

Prior to Richardson and Smith (1994), most empirical studies of the MDH focussed on
particular moments of price changes and trading volumes. Consequently, the implications
of the MDH for the third and fourth moments of the distribution of price changes were by
then well established in the literature. In tests of the model, Clark (1973), Epps and Epps
(1976) and Harris (1987) all reported daily price changes to be skewed and kurtotic,
relative to the normal distribution. Using daily data on the Dow Jones 30 firms from 1982-
1986, Richardson and Smith (1994) estimated the parameters of the largely unobserved
information flow that is proxied by trading volume in Clark (1973). They found that most
of the firms in the Dow Jones 30 displayed a positively skewed information flow; thereby
inferring that the flow of information for firms such as IBM is asymmetric. They related the
positive skewness statistic, where the weight of the distribution is in the right tail, to the
fact that, generally, only a small number of information events occurs throughout the day.
On occasion, a significant information flow will happen. Of the firms in the sample that fit
the data well, the coefficient of variation statistics are, for the most part, significantly less
than one. The coefficient of variation is a measure of relative dispersion that is expressed as
a pure number without any units. It is a ratio of the standard deviation to the mean and is
particularly useful in comparing the relative dispersions of two or more distributions (as in

the case study being described) where the means differ.
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The coefficient of variation parameter for IBM, for example, is over 12 standard errors
from one. This implies that the standard deviation of the information flow for IBM is very
small relative to the average. This is not surprising given that the market regularly receives
information that is both firm specific and relevant market wide, such as profit warnings,
stock splits, and quarterly results. The implication, for the random variable, information
flow, is that while there is some uncertainty in the flow, the amount of information is for
the most part set. Obviously, the same cannot be said for the nature of the information.
Much of the information that is relevant to individual firms is widely available to the
general public and very little new information is released on a day to day basis. However,
when a large piece of information is released, good or bad, relative to normal the

distribution of the random variable becomes more positively skewed.

2.3.2 Noise versus information based trades in futures markets

Holmes and Tomsett (2004) explored the role of information flow in providing a link
between futures volume and volatility, using Andersen’s (1996) specification of the MDH.
Building on the theoretical approach of Glosten and Milgrom (1985), Andersen modelled
the volume movements and price changes that result from traders with varying amounts of
information. In the Andersen model, a distinction is drawn between volume movements
that are generated by noise traders and those movements that can be ascribed to information
based trades. The study of the noise and informed components of volume as factors in
driving price change in futures markets is important for the pricing of derivatives. Holmes
and Tomsett (2004) is the first test of Andersen’s (1996) MDH for assets other than stocks
traded in the US; specifically, for three futures contracts, the FTSE 100, the Long Gilt and
Brent Oil, the findings are broadly in line with the MDH of Andersen. The results confirm
that the price movements and trading activity are both governed by the same underlying
process, the flow of information. By decomposing the information variable into ‘informed’
and ‘noisy’ components, the authors establish that, for futures contracts, it is informed
trading that generates volume. This finding has implications for regulatory behaviour that
seeks to place artificial restraints on price movements or the volume of trade in these
markets. The impetus behind such a desire is the perceived threat to stability posed by

trading in derivative markets. By showing that trading is dominated by informed rather than
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noisy activity, the authors are indicating that the imposition of greater controls in these
markets is unwarranted and would have implications for market makers and ultimately

investors in higher transactions costs.

2.3.3 Commodity futures markets

The mechanism by which differences in information flows and market microstructures can
contribute to differences in volatility in commodity futures markets is examined in Dhillon,
Lasser and Watanabe (1997). The focus of the paper is the impact of both the trading
mechanism and information on return variances for gold futures contracts traded on the
commodity exchanges of New York and Tokyo, and in the case of Tokyo, across a change
in trading mechanisms. In 1991, the Tokyo Commodity Exchange (TOCOM) changed from
a Walrasian trading system to a continuous computerized trading system, whereas the
Commodity Exchange of New York (COMEX) uses a dual auction trading system
throughout. Both the trading mechanism and information are shown to influence price
volatility. Exchange volume conveys private information consistent with the private
information based rational trading model of French and Roll (1986), and returns for the
COMEX gold futures contracts have consistently higher levels of intraday variance than the
comparable contracts traded on the TOCOM, attributed to the differences in trading

mechanisms.

2.3.4 New market implications of MDH

The extent to which the implications of the MDH are valid for new markets, such as those
of central and eastern European countries, is investigated in Bohl and Henke (2003) using
daily returns and trading volumes for 20 stocks listed on the Warsaw Stock Exchange from
January 4, 1999 to October 31, 2000. The authors studied the volumes issuing from two
distinct trading mechanisms, auction trading and continuous trading. This facilitated a
sensitivity analysis of the different volume time-series. The findings are to a large extent
supportive of the results for highly liquid markets in developed countries, and the

implications of the MDH can theoretically explain Polish stock market volatility.

One of the implications of the MDH is that serial correlation in volume causes conditional

heteroscedasticity in stock returns; volume serving as a proxy measure of the
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(unobservable) amount of information flow. This follows from the theory that the more
news that is conveyed to the market about a share or shares, the greater will be the
divergence of opinion among the shareholders concerning the value of this information and
the greater is the incentive to trade based on divergent expectations of the future price path
of the shares. Under the MDH the daily returns are normally distributed with mean zero
and variance that is proportional to the intensity of information arrivals. If the arrivals
process is assumed to have an autoregressive structure, this process becomes absorbed into
the conditional variance equation giving rise to the typical generalised autoregressive
conditional heteroscedasticity (GARCH) structure. Since news arrivals are proxied by
volume, one of the implications of the MDH for volumes is that they must be serially
correlated. The findings in this paper confirm that the inclusion of trading volume as an
explanatory variable in the conditional variance equation results in substantial reduction of
volatility persistence in daily returns for the most part, and therefore serially correlated

information arrivals are a source of GARCH effects in the Polish stock market.

2.3.5 Bivariate normal mixtures model.

Tauchen and Pitts (1983) extend the earlier work of Clark (1973) and Epps and Epps
(1976) by deriving a joint probability distribution function of price change and trading
volume over any interval of time. Previous studies had not addressed the issue of growth in
speculative markets; the empirical results suggested that variance should increase as trading
volume increased. Tauchen and Pitts (1983) chose the 90-day Treasury bills (T-bills)
futures market (one of the first and most popular of the then new futures markets) as,
during its growth phase, the number of traders had expanded dramatically. The sources of
this growth related to a gradual spread of information concerning these new markets and
the relaxation of restrictions on financial institutions trading in futures markets. From the
first day of trading, January 6, 1976 to June 30, 1979, the volume grew exponentially; the
result shows a 0.39 per cent daily growth in the volume of trading over the period. Existing
theory of speculative trading would suggest that the variance should increase with the
growth in trading volume, but Tauchen and Pitts (1983) show, via a regression of the log of
the daily price change on a trend, that the variance at -.04 per cent, actually declines as the
volume grows. Therefore, the key difference between Epps and Epps (1976) and Tauchen

and Pitts (1983) is the way in which both models connect the price change to the trading
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volume; the latter uses a variance-components scheme to model the intra-day changes in
traders’ reservation prices. This allows them to derive the joint probability distribution
function of price change and trading volume for each intra-day market clearing. Adding the
random number of intra-day price changes and trading volumes provides the daily values

for each variable in a bivariate normal mixtures model.

Summary of Section 2.3

The Mixture of Distributions Hypothesis (MDH) is based upon the theory that information
drives volatility and trading volume. The arrival of unexpected good news increases the
stock price while bad news results in a price decrease. Both of these events are
accompanied by higher than average levels of trading activity. Under the MDH,
disagreement among traders in speculative models arises from heterogeneity in traders’
expectations concerning the value of new information, either because they have private
information or they disagree about the implications of public information for the future
price path of the asset. If the distribution of the daily rate of information flow is not
uniform across all securities, it follows that prices are the outcome of information events

evolving at different rates.

By the mid-1990s, tests of the MDH showed daily price changes to be skewed and kurtotic,
relative to a normal distribution. Using daily data on the Dow Jones 30 firms from 1982-
1986, Richardson and Smith (1994) showed that most of the firms in the Dow Jones 30
displayed a positively skewed information flow. This is consistent with the rate of
information flow for individual firms being generally steady from day to day and fairly
predictable. Only a small number of information events will occur throughout the day, but

occasionally, a significant information flow will take place.

In futures contracts, the flow of information is a driving force in price movements and
trading activity. Furthermore, it is informed trading that generates volume. This has
implications for those who seek to impose tighter controls in these markets. The desire for
greater controls emanates from the perceived threat posed to markets by unregulated

trading in futures. In a rapidly growing market such as the 90-day Treasury bills (T-bills)
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futures market (one of the first and most popular of the then new futures markets) the
variance actually declines as the volume grows. In commodity futures markets both the

trading mechanism and information are shown to influence price volatility.

2.4 Empirical Literature on Volume and Volatility

2.4.1 Introduction

Price and quantity have been described as the fundamental building blocks of any theory of
economic activity, suggesting that analysis of the relation that exists between them is
fundamental to a better understanding of the determinants of price change. Karpoff (1987)
traced the earliest treatment of the price-volume relation to Osborne (1959), who modelled
the stock price change as a process where the variance was a function of the number of
transactions. By assuming that transactions are uniformly distributed through time, Osborne
modelled the price change process purely in terms of time intervals and did not consider the

volume-volatility relation.

Gallant, Rossi and Tauchen (1992) investigated price and volume co-movement using daily
data from the S&P Composite Index and the total New York Stock Exchange (NYSE)
trading volume from 1928 to 1987. While Karpoff provides an excellent review of the
empirical studies prior to 1987, Gallant et al. (1992) describe the NYSE stock market
between 1987 and 1992 as being characterized by sharp downward price movements
accompanied by high volume and increased future volatility. On October 19™ 1987, the
S&P Composite Index fell by 22.9 per cent on the second highest volume ever (604 million
shares). On October 20" 1987, the S&P 500 rose by 5.2 per cent on the highest volume
ever (608 million shares). These figures led the authors to observe that more can be learned
about stock market volatility by studying prices in conjunction with volume instead of
prices alone, and that existing theory was inadequate to guide the specification of an
empirical model of daily stock market data. They found the direction of the daily price in
the stock market to be unrelated to contemporaneous volume, implying that the market is as
likely to rise as fall on heavy volumes as it is on light volumes. It follows that lagged

trading volumes are important as predictors, which begs one of the central questions I
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address in this thesis: can lagged trading volumes and high past returns predict negative
skewness at the level of the aggregate market? Therefore lagged volumes are important as

predictors.

In a review of the then-existing literature on the price-volume relationship, Karpoff (1987)
enumerated four reasons why the study of the price change/volume relationship is
important. First, it provides a better understanding of the structure of the capital market, by
examining the flow of information, the dissemination of information and the manner in
which information becomes impounded in the price change. Second, in joint tests of price
changes and trading volumes, price changes are interpreted as the market response to new
information and the corresponding trading volumes as an indication of the extent to which
traders disagree concerning the value of the information. Third, the price/volume relation is
fundamental to the study of the empirical distribution of speculative prices. The fourth
application of the study of the price/volume relationship relates to futures markets. Price
variability has a bearing on the volume of trade in futures markets: the time to delivery
impacts on the volume of trade which may in turn impact the price. Finally, the
price/volume relation in futures markets can be used in the study of private versus public
information in determining investor requirements. Karpoff (1987) showed that a substantial
body of empirical work supports a positive volume — absolute price change correlation in
market indices and individual stocks; this held true for cotton futures, Treasury bill futures,
foreign currency futures and transactions data from individual stocks. Karpoff (1987)
presents, in tabular format, a summary of the empirical studies from which inferences can
be made about the correlation of the absolute value of the price change | Ap | with trading
volume, V. For a variety of sample periods, measured annually, and differencing intervals
ranging from hourly to yearly, of aggregate market data, common stocks and futures
contracts, 18 of 19 studies support a positive ( | Ap | , V) correlation.
The empirical findings reported by Karpoff (1987) are:

e The correlation is always positive, though small for some of the studies; for
example, Crouch (1970) reported an average squared correlation coefficient of 0.20 for
stock indices and 0.23 for individual firms.

e The correlation is present in both futures and equity markets.
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e The correlation is found over all calendar intervals, though appearing weaker in
transactions data.
In looking at theoretical explanations for the observed phenomenon, Karpoff’'s (1987)
analysis is critical of some of the assumptions of the ‘sequential arrival of information’
model of Copeland (1976), one of which is that volume is greatest when all investors agree
on the meaning of information. Extensions of this model used the sequential arrival of
information process to hypothesise that trading volume will be abnormally high during the
same time intervals in which the absolute value of returns are serially correlated. Other
extensions allowed traders to take speculative positions, where prices might be predicted to
react more quickly to new information but the effect of this on trading volumes is
ambiguous. In one such case cited by Karpoff, the model implied a positive correlation
between V and |Ap| for a given investor’s trade but this positive correlation becomes
obscured with data sampled over time intervals as long as a day. ~ Another explanation of
the volume/volatility relation grew out of wider research into the distribution of speculative
prices. Daily price changes appear to be uncorrelated with each other: they are
symmetrically distributed but with a high level of kurtosis relative to a normal distribution.
One reason for this characterization was that daily price changes were assumed to come
from distributions that had different variances. This is the MDH described in detail in
Section 2.3. In the Epps and Epps (1976) version of the MDH, the variance of the price

change on a single transaction is conditional on the volume of that transaction.

2.4.2 Rational expectations models

In the rational expectations models, disagreement among traders is generated by private
information. Traders are characterized as privately informed, uninformed or noise traders.
Wang (1994) derives an equilibrium model of investors who are heterogeneous, both in
terms of private information and investment opportunities and whose trading behaviour can
be motivated by information and, equally, non-information. To hedge against the risk that
is inherent in dealing with informed traders, the uninformed investors must be offered
inducements to trade in the form of lower prices. Thus trading volume is always positively

correlated with absolute price change and the correlation increases with information
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asymmetry. The information asymmetry arises because the more uninformed the trader the
greater the discount that must be offered to effect the trade. As this model makes no
allowance for informed trading activity (such as institutional portfolio rebalancing), all

trading activity is related to price change.

2.4.3 Difference-of-opinion theory

According to difference-of-opinion theory, traders differ in the way that they interpret
common information. This model assumes that investors believe in the correctness of their
own assessment of the common information. Harris and Raviv (1993) assume that investors
are homogeneous in their prior assessment of the returns to a single asset. As information
becomes available, the investors may re-evaluate their original assessment and revise their
beliefs accordingly. In this model, the trading public is composed of two types of risk-
neutral speculative investors, who could be categorised as ‘bullish’ and ‘bearish’ or
‘responsive’ and ‘unresponsive’. When a signal is received, both types agree as to its
nature, whether favourable or unfavourable, but disagree on the impact it will have on the
future return to the asset. When cumulative past information has been favourable, bullish
investors are inclined to buy while bearish investors are more inclined to sell. Conversely,
when past information has been unfavourable, bullish investors tend to revise their
expectations downwards and are disposed to sell while their more bearish counterparts are
inclined to buy. It follows that trading activity takes place only when cumulative past

information changes states from favourable to unfavourable and vice versa.

In the Hong-Stein (2003) model, when differences of opinion are large, bearish investors
who may have short-sales constraints are forced to sit out the market, thus concealing
information from other, more bullish investors who continue to trade. An unfavourable
signal at some future time may cause these bullish investors to join their more conservative
counterparts on the sidelines, at which time the bearish investors may become the marginal
support buyers, thus revealing accumulated hidden information. It follows that more
accumulated hidden information tends to come out during market declines; and since
trading volume is a proxy for difference of opinion, it follows that markets are predicted to

be more negatively skewed after periods of high trading volume.
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2.4.4 Copeland model

In Copeland’s (1976) sequential arrival of information model, the trading public is
composed of optimists and pessimists. Information is disseminated to only one trader at a
time implying a positive correlation between V and | Ap | . Each information arrival causes
a fixed upward shift in each optimist’s demand curve and a fixed downward shift in each
pessimist’s demand curve. Trading occurs upon receipt of information but the model
assumes that uninformed traders are not permitted to infer anything from the actions of
informed traders. In this model, short selling is prohibited and this has a knock-on effect on
the volume generated by the activities of the pessimist, since the pessimist cannot short-sell

upon receipt of information.

In this model, the total volume depends on the path by which the final equilibrium is
reached; as such it is a random variable with an expected value equal to a weighted average
of the volume generated under each possible path of information dispersion. Volume is
found to be highest when all traders are optimists or all pessimists; the | Ap | is at its lowest
level when the percentage of optimists trading results in the lowest level of volume and
l Ap | rises as volume rises. Two assumptions of this model are highly questionable: first,
the fact that traders cannot learn from the market price response to the actions of other
traders; and second, the implication that volume is highest when all investors agree in their
evaluation of the information. The fact that traders are forced into a binary response to

information is a somewhat odd interpretation of disagreement among traders.

2.4.5 The Shalen model

Shalen (1993) hypothesised that the dispersion between past and current beliefs helps to
explain a number of stylized facts in the volume/volatility relation. The liquidity demand of
futures hedgers is by definition noisy, and obscures the extent of private information
embedded in prices, thus preserving or maintaining the dispersion of beliefs. This
dispersion of beliefs is a means of quantifying the excess levels of both volumes and
volatility induced by the noise traders. The variance of price changes, the expected volume

of trade, the correlations between absolute price changes and both contemporaneous and

47



lagged volumes are all, to some extent, influenced by dispersion of beliefs. Price variation
is connected to the dispersion of price expectations through the actions of speculators who
extract, from current prices, information concerning the future price path of the asset. Price
variation can stem from a change in liquidity demand or can be the result of private
information. Speculators, unable to identify the source of the price variation, may be over-
responsive to liquidity shocks in their estimates of future price paths. This can create an

excess covariance between the average estimates of future prices and liquidity demand.

Shalen (1993) modelled speculative trade as a linear combination of the dispersions of
expectations in the current and preceding round of trade, the dispersions being weighted by
the precision of the speculator’s estimate of the next future’s price and a coefficient of risk
aversion. Shalen presented two limiting cases where investors’ expectations are reversed. In
the first case, traders have homogeneous expectations in the first round of trade, but
divergent expectations in the second round. The expected volume of trade in the second
round depends on the final precision weighted dispersion; precision refers to the level of
accuracy in the speculator’s estimate of the next futures price. If speculators differ in their
estimates of the next future’s price, then the expected volume of trade by a speculator will
also depend on how accurate his estimate of the price is relative to the average estimate. In
the second case, speculators start with dispersed expectations and end with identical
expectations; in this case trading is used to close out the speculative bets in the first round,
so the expected volume of trade is related to the precision-weighted dispersion of

expectations.

2.4.6 Trader types

Daigler and Wiley (1999) examined the impact of trader type on the futures volatility-
volume relation. Traders are categorized in accordance with the information they possess,
obtained from a database that categorises futures volume by four types of traders: market
makers, financial institutions trading on their own account, floor traders and the general
public. Central to their analysis is the association of price with information; traders are
differentiated either on the basis of the private information they possess or on the
dispersion of beliefs they hold concerning the information. Proximity to the trading floor is

a key element in access to information. Clearing house members can directly observe the
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source of trades, the short term direction of prices and order imbalances, in addition to
private information on the cash market. This implies that clearing house traders can identify
more precisely the signals that indicate a change in volumes, unlike the general public who
lack access to the trading floor. While clearing house traders can modify their trading
behaviour to attenuate the price volatility of their own trades, the trading public, whose
signals are mixed, cannot distinguish precisely between liquidity trading and shifts in
fundamental value. Volatility is increased in accordance with an imprecise information
signal and a greater dispersion of expectations; it is therefore the general public that drives
the positive volume-volatility relation. A key finding is that large changes in volume, either
positive or negative, are more significant in explaining return volatility than average levels

of volume.

2.4.7. Volatility of Volume

The potential for the second moment of trading volume to have an impact on expected
returns had not been studied extensively prior to the seminal work of Chordia,
Subrahmanyam and Anshuman (2001) (CSA) who analysed the relation between expected
equity returns and the level as well as the variation of liquidity. Building upon an earlier
paper by Amihud and Mendelson (1986) which established the role of liquidity in asset
returns, CSA put forward the hypothesis that investors should be concerned about
fluctuations in liquidity, proxied by trading activity, since the volatility of liquidity(i.e.
trading volumes) could potentially affect asset returns. Following this reasoning, and
factoring in the assumption that investors are risk averse, CSA expected the volatility of
liquidity to have a premium, meaning that stocks whose liquidity is volatile should
command higher expected returns. In contrast to their expectations, however, the authors
document a strong, negative relation between average returns and both the level and
variation of trading volume. Furthermore, the evidence shows that stocks with high
variation in trading volume actually command lower expected returns. Two measures of
trading activity are used, dollar volume and turnover. Share turnover is a dimensionless
variable and is used to triangulate the findings using dollar volume thus controlling for
potentially spurious effects of using a price related variable. One possible theoretical

explanation for the finding is provided by Merton (1987) who contends that lower expected
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returns are inversely related to the numbers investing in the stock; the variation of trading

activity could in that case be related to the heterogeneity of the clientele holding the stock.

Theoretically, a higher level of trading volatility could indicate a shift in investor
behaviour, i.e., more people wanting to own the stock causing a lowering of the expected
return. One way to control for the level of investor interest is to use the number of analysts
following a firm or stock as a proxy; however CSA reported no change in the effect that
trading volatility has on expected returns, when they take this approach. However, the
statistically strong and economically significant negative relation between average returns
and both the level and variation of trading volume remains significant after controlling for
the size effect, the book-to-market ratio, momentum effects, and the price level and
dividend yield. Building upon CSA’s finding, in Chapter 7 I posit a positive relation
between the level and variation of trading volumes. This relation has not so far been

investigated in the literature on volume and skewness.

Summary of Section 2.4

Epps and Epps (1976) presented a version of the MDH that perceived the variance of the
price change on a single transaction as conditional on the volume of the transaction.
Tauchen and Pitts (1983) inferred that the correlation between absolute price change and
volume was related to information flow. Harris (1986) hypothesised that price change
kurtosis, volume skewness and the correlation of squared price change with volume should
all be positively correlated. Karpoff (1987) showed that a substantial body of empirical

work supported a positive volume—absolute price change correlation.

The mechanism by which the volume volatility relation is established is explored in a
number of models beginning with the rational expectations model in which traders are risk
averse and a price change always accompanies trading activity. In the difference of opinion
model, bullish and bearish investors agree on the nature of the signal received but disagree
on the implications for the future price of the asset. The sequential arrival of information
model categorises all investors as either optimists or pessimists and finds that the volume is
highest when all traders agree on the value of information. The fact that speculative

investors cannot always differentiate between liquidity motivated trades and private
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information based trades causes uncertainty when prices fluctuate, leading to higher levels
of price volatility. Proximity to the trading floor is a key element in access to information;
clearing house traders can identify more precisely the signals that indicate a change in
volumes, unlike the trading public, who cannot distinguish precisely between liquidity

trading and shifts in fundamental value.

2.5 Empirical Literature on Volume and Skewness

2.5.1 Introduction

While many studies have documented the nature, extent and persistence of asymmetries in
stock markets, relatively little attention has been paid to the relation between trading
volume and the third moment of price changes, skewness. The exceptions are Chen, Hong
and Stein (2001) (CHS), Hong and Stein (2003), Hueng and Brooks (2003), Charoenrook
and Daouk (2004) and Hueng and McDonald (2005). CHS examined whether differences
of opinion about the future value of stock returns, associated with rising trading volumes,
lead to greater skewness in returns. Using firm level data for the US from July 1962 to
December 1998, they estimated cross sectional models in which the skewness estimated
from daily data over a six month period is regressed on lagged returns and lagged detrended
volumes. Consistent with investor heterogeneity theory, they showed that stocks with
higher than average returns and volumes tend to be associated with future negative
skewness. When they examined market data, however, the relation between volume and
skewness disappeared. The aggregate market selected for analysis in CHS is the value-
weighted NYSE-AMEX index and returns are excess relative to T-bills. As in the cross-
sectional analysis, the turnover is detrended by its own moving average over the previous
18 months, and the authors used overlapping monthly observations to extract the maximum
amount of statistical power from the time series analysis. While the past return terms are
always positive and many are statistically significant, the coefficient on detrended turnover,

although positive, is never significant.

Extending the work of CHS, Hueng and Brooks (2003) used an asymmetric generalised t-

distribution approach to obtain conditional estimates of sample skewness, which enabled
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them to estimate their models on non-overlapping daily time series data. In contrast to
CHS, they found that while lagged returns and skewness are significant determinants of
future skewness, the coefficients are rarely negative, implying that higher volumes are not
generally associated with future negative skewness. Charoenrook and Daouk (2004) used
daily market data for 57 countries from January 1973 to December 2002 to estimate
individual country and pooled cross-section time series models, and found weak evidence

that lagged trend adjusted volumes lead to more negative skewness.

Hueng and McDonald (2005) employed an autoregressive conditional density model with a
skewed t-distribution on daily AMEX and NYSE data from 1962 to 2000 to show that the
negative relation between trading volumes and return skewness found by Hong and Stein
(2003) in their cross section study is not supported by the time series evidence. In Hueng
and McDonald’s (2005) model, the parameter that measures asymmetry is dependent on the
daily information available on the forecasting variables. They used Hansen’s (1994)
skewed ¢ to model the variation in the conditional distribution in moments higher than the
variance. Using NYSE and AMEX daily data from 1962 to 2000, they found that higher
prior turnover either predicts a more positively skewed distribution for future market

returns or the effect is insignificant. These findings conflict with CHS.

The length of time over which information is allowed to accumulate remains open to
debate, and Hueng and McDonald (2005) follow CHS (2001) in selecting the average of
turnover ratios from date 7-125 to -1, as the past turnover variable. While the effects of

prior turnover ratios on A (the parameter that controls the rate of descent of the density
around v, = 0) are all positive, they are not statistically significant; on the other hand, the

estimated coefficients of prior 36-month returns are negative and statistically significant;
the latter finding is consistent with CHS (2001), who argue that their findings fit Blanchard

and Watson’s (1982) version of stock price bubbles.

2.5.2 Difference of Opinion Proxy

Since the turnover ratio (the ratio of the number of shares traded to the total number of

shares) is a proxy for difference of opinion, the variable that actually predicts negative
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skewness in the Hong-Stein model, Hueng and McDonald (2005) addressed the issue of the
information accumulation period by experimenting with several alternative definitions of
the 6-month average turnover ratios. They found that the effects of prior turnover on
asymmetry are positive and significantly different from zero at the 5 per cent level when
the prior daily, weekly, monthly and 36-month average turnover ratios are used. In
recognition of the upward trend in turnover at various periods they experimented with using
the change in turnover as a measure of trading volume activity, following Lee and
Swaminathan (2000). They found the effects of prior turnover ratios on market skewness to
be negative, albeit statistically insignificant, for models with changes in turnover ratios and
lagged turnover ratios. Hueng and McDonald (2005) reported that higher past turnover
ratios either predict (a) more positively skewed market returns or (b) have an insignificant
negative effect on market returns, the latter finding being consistent with CHS. The
insignificant negative finding arises from experimenting with different measures of past
turnover, raising the question of whether the past turnover variables are a good proxy for
the intensity of disagreement among investors. To detrend data with positive drift as is the
case with trading related measures such as turnover, a more systematic approach to
detrending would be to apply a filter to the volume measure. For example, in Chapter 7, I
regress the log of turnover on a time trend and use the exponentials of the residuals as the
volume variable. Similar to Hueng and McDonald (2005) I had earlier experimented with
several moving average measures before deciding that a more systematic approach to
detrending is required. I find past turnover variables to be a good proxy for the intensity of
disagreement which suggests that Hueng and McDonald should have asked whether using a

moving average approach to detrending turnover is adequate.

In a related study, Charoenrook and Daouk (2004) examined the role of short-sales
constraints in the relation between lagged trend-adjusted turnover and skewness as
proposed in the Hong-Stein (2003) model. They analysed aggregate market returns in 57
countries and reported that lagged one month returns predict conditional skewness of daily
returns during the following month. When they extended the lag length to 3 months, 6
months and 12 months the results were unchanged. In examining the relation between

lagged trend-adjusted turnover and skewness, they found weak statistical evidence that
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returns of developed markets are more negatively skewed following high trend adjusted
turnover. As a further test of the prediction in the Hong-Stein (2003) model, Charoenrook
and Daouk (2004) introduced a variable that measured the existence of short selling in each
country, and studied its interaction with the past turnover variable. They found that in
markets where short selling is viable, the stock market returns are more negatively skewed
following an increase in trend-adjusted turnover than in markets where short selling is
prohibited. The turnover variable is defined as the ratio of dollar trade per month to dollar
market capitalisation at the end of the month, and the detrending involves subtracting from

turnover the previous six months average.

2.5.3 Lagged return as a predictor of market skewness

Charoenrook and Daouk (2004) report lagged return to be a strong predictor of market
return skewness in both developed and emerging countries, with slope estimates for lagged
returns reported to be between -0.66 and -0.52 and all coefficients statistically significant at
less than 1%. This relation between lagged return and skewness is also shown to be
economically significant, where a one standard deviation change in lagged return predicts a
0.64 change in skewness of returns. Charoenrook and Daouk (2004) reported that stock
returns become more negatively skewed following a positive return month and become
more positively skewed following a negative return month. In relation to the dynamics of
the second moment, they reported higher volatility following a large price change in either

direction and a higher increase in volatility following a price decline than a price increase.

The findings on volatility are consistent with the leverage effect and the volatility feedback
effect in the theo'ry of finance, but the findings on conditional skewness do not fit with
these theories. Charoenrook and Daouk turn to another theoretical model for an economic
mechanism that is most consistent with all their empirical findings, especially their findings
on conditional skewness. This model describes a universe of investors composed of
informed, uninformed and noise traders and an uninformed market maker. All participants
are fully rational and incur heterogeneous trading costs, and a set of investors is assumed to
receive a commonly informative but noisy signal concerning the valuation of a security.
High trading costs prohibit some informed traders from dealing initially while others with

lower trading costs participate in buying the security. The stock price rises following the
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buying activity of the informed low trading cost investors, and the sidelined informed
trader gets confirmation of the accuracy of his signal on the one hand, but must now pay

more for the stock.

The model assumes that the market maker is uninformed, therefore the market maker can
only assign a probability to the possibility that the last trade was from a liquidity trader and
not a privately informed trader. The sidelined investor with a confirmed signal may then
choose to trade, because the confirmation of his signal outweighs his trading costs.
Charoenrook and Daouk argue that the sidelining of investors causes conditional changes in
skewness as a function of past returns through the following mechanism; after an upward
price trend it is likely that there are a few sidelined investors with favourable signals but a
larger number of investors with adverse signals. When these investors eventually start to
trade their activity will cause a major correction, thus returns become more negatively

skewed following price rises, and the opposite occurs when private news is negative.

2.5.4 Turnover as a measure of trading activity

The turnover rate is used regularly in the finance literature, for example, as a proxy for
liquidity in Datar, Naik and Radcliffe (1998) who test the Amihud and Mendelson (1986)
theory of a liquidity premium, whereby low volume stocks earn higher returns than high
volume stocks. Lo and Wang (2000) construct weekly turnover series for individual NYSE
and AMEX securities from 1962 to 1996 and state on page 272 that ‘Since turnover is by
definition an asymmetric measure of trading activity — it cannot be negative — its empirical
distribution is naturally skewed.” Since the same can be said about any volume measure, a
study of the distribution of excess turnover relative to the average should be useful in
identifying some stylistic features of turnover distributions. Further motivation to examine
the distribution of excess turnover distributions is provided in a paper by Tkac (1999), who
uses monthly trading volume data and market capitalization figures for a subset of
NYSE/AMEX in CRSP between 1988 and 1991 to derive a ‘rebalancing benchmark’ that
delivers a connection between trading volumes in individual stocks and market wide
activity. In order to be able to characterize patterns of anomalous trading activity, it is
firstly important to filter out normal trading volume activity, with an adjustment for market

related activity. Tkac (1999) found that 20 per cent of the firms have trading activity
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patterns of behaviour as predicted by the benchmark model, but there are systematic
deviations in many of the firms. She also found average excess turnover versus the
benchmark to be positively related to option availability and institutional ownership and
negatively related to firm size. Inclusion in the S&P does not significantly affect firms that
are already trading above the benchmark level, but it does increase trading for firms that
were trading below the benchmark before inclusion in the index. Of the 807 firms sampled
in the study, Tkac finds that 644 (79.8 per cent) exhibit statistically significant excess
turnover at the 5 per cent level. When this is broken down further, it shows 380 firms (47
per cent of the sample) exhibit average excess turnover that is significantly negative at the 5
per cent level, while 264 firms (32.7 per cent) exhibit significantly positive average excess

turnover.

The characteristic behaviour of institutional investors in their trading practices differs from
that of private shareholders. Typically institutional investors account for large percentages
of the trading volume on stock exchanges such as the NYSE, and they deal in large trades
leading to predictable concerns about liquidity. There are examples in the literature of
portfolio managers buying past winners and dumping losers and more recently there is
evidence of herding behaviour among investment fund managers with the need to beat a
benchmark providing the incentive to trade. This active management strategy should result
in a practice of overtrading relative to some benchmark level as argued by Tkac (1999) and
this ‘overtrading’ should be related to positive levels of average excess turnover. By a
similar argument, option availability should also be related to positive average excess
turnover. The issue of positive drift in turnover is addressed in Lo and Wang (2000) where
it is noted that many empirical studies use some form of detrending to induce stationarity in
turnover. Lo and Wang (2000) experiment with six alternative methods of detrending
turnover in order to gauge the impact that different methods of detrending can have on the
time series properties of turnover. They conclude that the method of detrending volume

data can have a substantial impact on the time series properties of turnover.
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Summary of Section 2.5

The relation between trading volume and the third moment of price changes, skewness, has
received relatively little attention in the literature. Chen, Hong and Stein (2001) examined
whether differences of opinion about the future value of stock returns, associated with
rising trading volumes, lead to greater skewness in returns. Consistent with investor
heterogeneity theory, they showed that stocks with higher than average returns and volumes
tend to be associated with future negative skewness. When they examined market data,

however, the relation between volume and skewness disappeared.

Hueng and Brooks (2003) used non-overlapping daily time series data. In contrast to CHS,
they found that while lagged returns and skewness are significant determinants of future
skewness, the coefficients are rarely negative, implying that higher volumes are not
generally associated with future negative skewness. Hueng and McDonald (2005) reported
that higher past turnover ratios predict either more positively skewed market returns or
have an insignificant negative effect on market returns, the latter finding being consistent
with CHS. As a further test of the prediction in the Hong-Stein (2003) model Charoenrook
and Daouk (2004) introduced short selling in each country, and studied its interaction with
the past turnover variable. They found that in markets where short selling is viable the
stock market returns are more negatively skewed following an increase in trend-adjusted
turnover than in markets where short selling does not occur. An active management
strategy such as buying past winners and dumping losers should result in a practice of
overtrading relative to some benchmark level as argued by Tkac (1999) and this
‘overtrading’ should be related to positive levels of average excess turnover. The issue of
positive drift in turnover is addressed in Lo and Wang (2000) who show that different
methods of detrending volume data can have significant effects on the time series

properties of turnover.

2.6 Summary and Conclusions

In this chapter, I have surveyed the literature that is germane to the main research topic of

this thesis, namely the distributional properties of both trading volumes and returns in
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financial markets. One of the specific research questions that I set out to investigate asks if
it is possible to predict increased levels of negative skewness in market returns by looking
at unusually high trading volume levels. In looking at the treatment of skewness, I
identified some particular concerns with regard to the behaviour of the skewness statistic
over different time horizons and with varying start dates. I highlighted papers that showed
that the skewness statistic varied depending on the data frequency, yielding different results
for data sampled at quarterly, monthly, weekly, daily intervals. I showed that the skewness
statistic is particularly sensitive to the presence of outliers in the data and reviewed the
methods suggested in the early finance literature on how best to handle these inconvenient
extreme returns. The relevance of the study of the third moment is justified by a number of
papers that point to the role of skewness in the CAPM and the early empirical studies that
drew a parallel between investor preference for positive skewness and poorly diversified

portfolios.

Having focused on skewness I then turned to trading volumes, beginning with a survey of
the market microstructure literature. I discussed the role of the market-market and the bid-
ask spread. I showed that information trading is measured by turnover because when
investors have information that they believe is not shared by other traders and dealers, the
number of shares traded is high relative to the total number of shares outstanding. The
MDH literature was reviewed in detail because it is directly related to the work in Chapter 7
where I show that the first and second moments of trading volumes are strongly positively
correlated. I have shown the evolution of the MDH model chronologically and
demonstrated, via a mathematical expression, that under this model, the volatility of returns
and both the mean and variance of trading volumes are linearly related to the rate of
information flow. I reviewed the literature that tested the role of information flow in
providing a link between volume and volatility in a derivative market, considered
commodity futures and analysed the literature on the implications of the MDH for new

markets.

Having examined the formative papers on the MDH, I then turned my attention to the

volume-volatility literature. I traced the development of the relationship and discussed a
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number of models of speculative trading and their underlying assumptions. One such model
is the Hong and Stein (2003) difference-of-opinion theory, which underpins the central
focus of the thesis. Having examined the main empirical studies that confirm the strength of
the relation between trading volume levels and return volatility, I drew attention to new
research that explores the relation between average equity returns and the first and second
moments of liquidity, proxied by trading volumes. The literature on trading volume and
skewness is somewhat sparse, with the important and relevant developments reviewed in
Section 2.5.2. I focused on the handful of papers that have addressed the concerns in the
seminal CHS (2001) paper. The importance of these papers in the context of this thesis is
that the findings they report are either weakly supportive of, or flatly contradict, the CHS

findings.

CHS (2001) found that individual stocks with higher than average returns and volumes can
be associated with future negative skewness. CHS were forced to use overlapping data to
augment the scarcity of their data sets when they examined the aggregate market. Hueng
and Brooks (2003) overcame this problem by deriving a measure of conditional skewness
but their results were in conflict with CHS, reporting evidence that higher trading volumes
were indicative of positive skewness. Charoenrook and Daouk (2003) found only weak

evidence that lagged trend adjusted volumes lead to more negative skewness.

Hueng and McDonald (2005) addressed the issue of too few data points in CHS by using a
parameter that was dependent on the daily information available on the forecasting
variables, then used Hansen’s (1994) skewed 7 to model variation in moments higher than
the second. The problem with this approach is that the forecasting variables are those that
were chosen by CHS and there may be a question of omitted variables, whose influence
might yield different results. Hueng and McDonald’s (2005) results also contradict CHS,
finding that higher prior turnover either predicts future positive skewness or the effect is
negligible. All the papers reviewed so far used essentially the same method of detrending
the turnover data, i.e. a moving average approach, and all justified the use of the detrending
by demonstrating that their results were unaffected by varying the length of the detrending

period. None of the papers reviewed used the CHS skewness measure, seeking instead to
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design a parameter that would proxy for skewness. None of the papers looked at moments
of turnover higher than the first, nor did they allow for indirect effects where the skewness
of returns might be affected, directly, through the second or third moment of volumes and
indirectly as a result of the potential impact of the volatility or skewness of trading volumes

on the level of volumes.

I examined briefly the role of turnover as a preferred measure of trading volume in the
literature and discussed in some detail a paper that is closely related to the work in Chapter
5. Tkac (1999) examined a subset of NYSE/AMEX stocks and found institutional
ownership and option availability to be positively related to average excess turnover levels.
80 per cent of the firms surveyed had excess turnover that was statistically significant. Of
this percentage, well over half were due to significant levels of negative excess turnover,
the remainder to significant positive excess turnover. The characteristic behaviour of
institutional shareholders is different to that of individual shareholders and they generally
account for large trades that have a real impact on liquidity and price movements. Tkac
(1999) did not examine aggregate markets and her study is confined to a subset of CRSP

securities between 1988 and 1991.

In summary, while the relation between return volatility and trading volume levels is well
established in the literature, the relation between return skewness and trading volumes is
now the subject of a small but rapidly expanding literature. This literature is of most
relevance to the empirical analysis contained in subsequent chapters. The theoretical basis
of this new research is that asymmetry in returns distributions is the result of investor
heterogeneity, where disagreement is proxied by trading volumes. The model of speculative
trading that is germane to the empirical work of this thesis is the Hong and Stein (2003)
difference-of-opinion theory, which is closely related to one of the fundamental research
questions of the thesis: ‘The question of whether differences of opinion about the future
value of stock returns, associated with rising trading volumes, lead to greater skewness in
returns’. In testing the Hong and Stein (2003) theory, CHS (2001) found that individual
stocks with higher than average returns and volumes can be associated with future negative

skewness. However, CHS were forced to use overlapping data to augment the scarcity of
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their data sets when they examined the aggregate market. Hueng and Brooks (2003) used
an asymmetric generalised t-distribution approach to obtain conditional estimates of sample
skewness, which enabled them to estimate their models on non-overlapping daily time
series data. In contrast to CHS, they found that while lagged returns and skewness are
significant determinants of future skewness, the coefficients are rarely negative, implying
that higher volumes are not generally associated with future negative skewness. Hueng and
McDonald’s (2005) results also contradict CHS, finding that higher prior turnover either
predicts future positive skewness or the effect is negligible. Charoenrook and Daouk (2004)
examined the role of short-sales constraints in the relation between lagged trend-adjusted
turnover and skewness as proposed in the Hong-Stein (2003) model. Consistent with all of
the above papers, Charoenrook and Daouk (2004) report lagged return to be a strong
predictor of market return skewness in both developed and emerging countries, with slope
estimates for lagged returns reported to be between -0.66 and -0.52 and all coefficients
statistically significant at less than 1%. This literature constitutes the main papers that are
relevant to one of the fundamental research questions of this thesis, which is reiterated
above. In discussing the work of these authors I focused on the areas where their work
diverged from mine, specifically in their methods of detrending the data and in their
construction of a skewness measure or proxy. I highlighted the fact that none of these
authors considered moments of volume higher than the first, nor did their models allow for

indirect mechanisms of transmission.
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Chapter 3
Data and Methodology

3.1 Introduction

In this chapter, I describe the data sets and the methodology used in implementing the non
parametric tests in Chapters 4, 5 and 6 and the econometric models in Chapter 7. In
accordance with the title of the thesis, the empirical studies in Chapters 4, 5 and 7 are based
on aggregate markets and do not, therefore, examine individual securities. This is consistent
with the stated aims of the thesis as stated in Chapter 1, section 1.2 (page 11.) In Section
3.2, I identify the sources of the raw equity, volume and FOHF data, the dates upon which
the various studies begin and the numbers of observations. In Section 3.3, I present some
basic mathematical equations that describe the first three moments of a distribution and I

include a number of alternative skewness measures.

Having described the sources, I proceed to present a more detailed description of the data
used in subsequent chapters. In Section 3.4, 1 provide a detailed description of a set of 6
tables and one illustrative figure that chart the evolution of the datasets that were used in
the econometric models in Chapter 7. In Section 3.5, I introduce the three distribution free
tests that I use in Chapters 4, 5 and 6. I begin by describing the mathematical equations that
describe the Wilcoxon rank sum and the Siegel-Tukey tests followed by a description of the
tables that illustrate the implementation of these two tests. I then describe the binomial
distribution test together with the tables that demonstrate the method I used in
implementing this test. I complete this section by describing the Monte Carlo study that I
conducted in Chapter 4. In the final Section 3.7 I summarise the main features of the data

and methodologies used in subsequent chapters and point to some limitations.
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3.2 Data Sets used in the thesis

3.2.1 Data Description for Chapter 4

For the study of equity return asymmetry in Chapter 4 the data was obtained from Thomson
Datastream. The indexes used in Chapter 4 were chosen primarily because they were most
closely related to the indexes used by Peir6 (1999) for comparative purposes. In choosing
these specific indexes I was also influenced by the start date since I wanted enough
observation points for meaningful inference. In the case of Italy for example, the Milan
Comit was the most appropriate index available on Datastream at that time. I use daily log
price changes from 01/01/1978 to 02/02/2002 for 6 international markets, the Financial
Times All Share index (UK), the DS (Datastream) Total French Market, the Frankfurt Faz
(Germany), the Milan Comit (Italy), the Nikkei 225 (Japan) and the New York Stock
Exchange (United States). Days on which the log price change was zero were excluded,
and the number of observations varied from 6058 for France to 5898 for Germany, 6008 for
Italy, 5944 for Japan, 6082 for the UK, and 5944 for the US. The data is presented in a
series of figures and tables in Appendix A (pagel92). Figure A.l (page 194) shows the
natural log of daily price changes for all six markets. In order to illustrate the impact of the
stock market crash of October 1987 on the individual markets in the study, Figure A.2
(page 194) shows the returns for five of the six markets over a one-month period from
19/10/1987 to 18/11/1987, to be highly volatile. Italy is missing from Figure A.2 (page
194) because it was not subject to historically high levels of volatility in 1987. In Table A.1
(pagel96) 1 present the ten largest positive and the ten largest negative price changes for

each individual country over the full duration of the study.

3.2.2. Data Description for Chapter 5 and Chapter 7

The data sets used in both Chapter 5 and Chapter 7 are drawn from the Thomson
Datastream Total Market Index of Australia, Belgium, Canada, France, Italy, Japan,
Netherlands, Spain, Sweden, Switzerland, the UK and the US. In Chapter 5, I examine
asymmetry in the returns and volume distributions of these 12 indexes and in Chapter 7, I
use 11 of the 12 markets in estimating single equation and VAR models. I excluded

Switzerland from Chapter 7 having examined the distributions of all 12 countries in
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Chapter 5. As I show in the histograms of the distributions in Chapter 5, the distribution of
turnover in Switzerland is negatively skewed, in contrast with the positive skewness I
found in all other individual country indexes. The start dates are dictated by the availability
of two specific variables for each market studied, namely the value of the shares traded
daily and the total market value which I use to construct the turnover variable. I use
corresponding daily log price changes in conjunction with the turnover measure and
exclude days on which the log price change is zero. These correspond to national holidays
and weekends when no trading activity is observed. The dataset starts on 03/01/1984
(5303) for Australia, Belgium 02/01/1986 (4707), Britain 27/10/1986 (4580), Canada
02/01/1986 (6273), France 02/06/1988 (4151), Italy 01/07/1986 (4651), Japan 04/01/1990
(3716), Netherlands 03/02/1986 (4759), Spain 05/02/1990 (3726), Sweden 04/01/1982
(5733) Switzerland 16/01/1989 (3981), and the U.S. 02/01/1980 (6295); the numbers in
parentheses are the valid observations i.e., numbers of days for which I had both returns

and volume data.

In order to provide a clearer understanding of the information in the preceding paragraph, a
representative set of 5 figures that illustrate graphically the distributions of daily returns
and daily detrended volumes used in the single equation and VAR models in Chapter 7, is
presented in the data appendix. Figure A.3 (pages 197/8) shows the distributions of daily
returns and Figure A.4 (pages 198/9) the daily detrended volumes for each individual
market index. As explained, the start date for each country is dictated by the availability of
volume data and this is illustrated graphically in Figures A.3 (pages 187/8) and A.4 (pages
189/190). The monthly return volatilities are plotted in Figure A.5 (pages 201/2). The
monthly skewness is not included because each variable requires two pages for clear
illustration, and the monthly volume skewness is presented instead. The skewness measure
illustrated is called DUVOL and is the preferred alternative used in the models in Chapter
7. The methodology of the derivation of DUVOL is described fully in Section 3.4 of this
chapter. Figures A.6 (pages 193/4) and A.7 (pages 195/6) illustrate the monthly volume
volatilities and monthly volume skewness respectively. The monthly return means and

volume means are aggregated from the daily data as explained in Section 3.4. The first
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three moments of returns and the first three moments of volumes are the variables used in

the econometric tests of Chapter 7, hence their inclusion in this section on data description.

3.2.3 FOHF Data
The data for this study was obtained from Hedge Fund Research, Inc. (HFR), which is the

main provider of FOHF information. It includes return data on 525 hedge funds for the
period from January 1988 to May 2003. Returns are monthly and represent the change in
net asset value during the month relative to net asset value at the beginning of the month.
All returns are in US dollars, and are net of all fees and expenses. HFR data include both
domestic (US) and offshore funds, and in order to avoid survivorship bias in returns it also

includes defunct funds.

The age profile of these funds is summarised in Table 6.1 (page 146), which confirms the
massive growth in FOHFs formation in recent years. The mean (median) fund age is 57
(45) months, and over half (53 percent) are less than 4 years old, with only 10 percent being
more than 10 years old. While the data for the individual FOHFs begins in January 1988,
because the hedge fund indexes are available only from January 1990, I eliminate
observations before January 1990. Due to data limitations, I also remove funds that have
been in existence for less than 2Y2 years, leaving a data set of 332 FOHFs. The attrition rate
for the sample is low. Of the 525 funds in the data set, 14 had ceased reporting by March
2003. Of these, 10 had more than 30 return observations and so were retained, leaving
more than 70 percent of the defunct funds in the sample, which is more than the 63 percent

of the full sample that had greater than 30 observations.

Sub Index Description

HFR produces an equally weighted composite FOHF index comprising funds of various
ages and asset sizes. It also produces 4 equally weighted sub-indexes: conservative,
diversified, market defensive and strategic. A FOHF is classified as conservative if its
constituent funds conduct market-neutral (low volatility) strategies. Diversified funds
invest in hedge funds with a variety of strategies, and are designed for minimal loss in

down-markets and superior returns in up-markets. Market defensive FOHFs invest in
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short-biased hedge funds and are constructed to be negatively correlated with the returns on
standard asset classes. Lastly, strategic funds invest in hedge funds with opportunistic
strategies such as ‘emerging markets,” and are expected to perform well in up-markets and
underperform in down-markets. Seventy-four funds in my sample are classified as

conservative, 153 are diversified, 34 are market defensive and 71 are strategic.

3.3 Distribution Moments

3.3.1 Measures of Central Tendency

The most important measures of central tendency in a distribution are (1) the mean, (2) the
median and (3) the mode. The arithmetic mean or average of a population is represented by

M, calculated as

X
#ZZT (3.1

Here z X refers to the sum of all the observations and N the number of observations. The

median is the value of the middle term when all the terms have been ordered in ascending

or descending order, while the mode is the value that occurs most frequently in the dataset.

3.3.2 Measures of Dispersion

Dispersion refers to the variability or spread in the data. The population variance, O is
given by the formula

o’ = M (3.2)
N

The most widely used measure of absolute dispersion is the standard deviation o, given as

66




. 2
oo | 2E - (33)
N

3.3.3 Measures of Skewness

The two moments that define the shape of a distribution are the third moment, (skewness),
and the fourth moment, (kurtosis). A distribution that is symmetrical about its mean has
zero skewness and its mean, median and mode are equal. A distribution is described as
‘negatively skewed’ if the left tail is elongated; in this case the mode > median > mean. If

the right tail is longer, the distribution is positively skewed and the mean > median > mode.

The probability density function of daily financial returns is symmetric about g, if (for any

k)

flu+k)=f(u-k) 3.4
where f is the density function of the returns, see Greene (1997). If this equation holds, then
w is the mean of the distribution and coincides with the median. The traditional test for the

skewness of returns on a financial asset, i, is based on the coefficient of sample skewness

given in equation (3.5)

SK' =2 (3.5)

Here, SK'is the skewness of asset i, R, is asset i’s excess return at time 7, ¢ is the sample
standard deviation, and N is the number of observations in the series. Under the assumption

of normality, the asymptotic distribution of SK' is given by

SK' ~N(0,6/N) (3.6)
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The Pearson coefficient uses the median as well as the mean and is used in Chapter 5 to

provide an alternative measure of the degree of skewness present in the sample.

The Pearson coefficient of skewness is defined as:

31— med )
o

Ski'= (3.7)

Here uis the mean, med is the median, o is the standard deviation and SK'is as above.

SK' =0 when the distribution is symmetric.

Following the approach of Chen, Hong and Stein (2001), I employ two alternative

measures of skewness, namely, SKW' and DU described in equations (3.8) and (3.9) below.

N(N —])NEXR,"]
SKW/ = - - (3.8)
(N-D(N =2 R

(N, -1)3 Rdown’
DU! =log =L > (3.9)
(N1 )Z Rup,

i=1

Equation (3.8) is a derivative of the standard coefficient of skewness presented in (3.5). It
is derived by calculating the negative of the third moment of daily returns, divided by the
cubed standard deviation. Scaling by the cubed standard deviation has the desired effect of
standardising the measure of skewness for differences in variance across different markets.
The negative is taken of this measure of skewness because of the convention that a higher

value corresponds to a more negatively skewed distribution. Equation (3.9) provides an
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alternative description of the degree of skewness, which is used because it is less influenced
by extreme outliers. This is the measure that I use in calculating the skewness of both
market return and trading volume and its derivation is fully described in Section 3.4.1. This
measure is effectively a ratio of the standard deviation of the ‘down’ days to the ‘up’ and,
therefore, since it is not so sensitive to the presence of outliers in the data, I had no
occasion to delete any observation point. A recent paper by Premaratne and Bera (2005)
proposes a simple test of symmetry in the presence of high levels of leptokurtosis and
reports encouraging results in individual stock return data. This has not, however been
tested on aggregate markets, as are used in this thesis. In order to avoid a potential problem
with bias, one example of which is the behaviour of the traditional skewness statistic in the
presence of leptokurtosis, I used Equation 3.9, because it is not sensitive to the presence of

extreme outliers in the data.

3.4 Data Manipulation and Methodology

In this section, I describe the work of constructing the data set that is used in the single
equation, panel and VAR models of Chapter 7. This data set is composed of monthly
observations on the first three moments of the distributions of return and volume for a total
of 11 international equity markets from 1980 to 2004. For clarity I have provided a series of
6 tables that chart the evolution of the data set for Belgium. Belgium will serve as an
example of the approach I adopt towards data manipulation and construction in this and the
equity markets of Australia, Canada, France, Italy, Japan, Netherlands, Spain, Sweden, the

UK and the US.

3.4.1 Description of data tables

Table 3.1 (page 71) presents an extract from the Belgium daily price index and volume
data, comprising value of shares traded and total market value, as obtained from
Datastream. PI represents price index, LNPI the natural log of the price change, VA refers
to the value of shares traded and MV stands for total market value. The data selected runs

from 30/03/1999 to 20/05/1999. The complete dataset for each of the 11 countries
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commences on the first date in the time series for which both price and volume data are
available; each country has, therefore, a different start date. Thus the dataset from which
this extract is selected commences on the 02/01/1986. In constructing the turnover variable
I eliminate from the dataset days on which no trading occurs; in the column headed VA this
corresponds to days for which the value of shares traded is denoted by #N/A. The return
variable LNPI is included in this table to illustrate that days on which no trading activity

occurs have corresponding zero entries in logarithmic return.

In Table 3.2 (page72) the price index and volume data of Table 3.1 (page 71) are
manipulated to construct a set of daily returns and daily raw turnover. The number of
observations is now three less than Table 3.1 (page 71) corresponding to the deletion of the
dates 02/04/1999, 05/04/1999 and 13/05/1999 because no trading activity occurred on those
days. The value of shares traded (VA) is reported in thousands, and the total market value
(MV) is quoted in millions. The turnover measure, VA/MV is calculated by dividing the
value of shares traded on any given day by the total market value for that day. In Table 3.3
(page 74), I demonstrate the method of detrending the volume data used in the models in
Chapter 7. There is general agreement in the finance literature that volume data should be
systematically detrended in light of the positive drift associated with trading related
measures such as turnover, see Lo and Wang (2000) and Datar, Naik and Radcliffe (1998).

So using logs, I perform the following regression:
Log (Vt) = a + Bt +put (3.10)

Denoting the estimates by &, B, [, the detrended volume is given by \7, where

5 V
V. = — =exp(4,) 3:11)
expid/+ﬂti
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Table 3.1 Bel

ium Price and Volume Data

Date PI LNPI VA MV
30/03/1999 916.92 -0.0039 93611 148378
31/03/1999 916.99 0.0001 132966 148389
01/04/1999 920.65 0.0040 79731 148982
02/04/1999 920.65 0 #N/A 148982
05/04/1999 920.65 0 #N/A 148982
06/04/1999 928.1 0.0081 122423 150188
07/04/1999 939.65 0.0124 115311 152057
08/04/1999 940.46 0.0009 95633 152188
09/04/1999 943.83 0.0036 113885 152734
12/04/1999 939.21 -0.0049 78877 151987
13/04/1999 938.58 -0.0007 128117 151886
14/04/1999 936.76 -0.0019 81995 151592
15/04/1999 939.76 0.0032 110562 152076
16/04/1999 928.14 -0.0124 224355 150197
19/04/1999 935.7 0.0081 157812 151420
20/04/1999 916.88 -0.0203 187132 148374
21/04/1999 926.74 0.0107 156926 149970
22/04/1999 92531 -0.0015 153654 149741
23/04/1999 916.59 -0.0095 97525 148043
26/04/1999 915.32 -0.0014 112904 147837
27/04/1999 922.29 0.0076 116575 149115
28/04/1999 912.51 -0.0107 107693 147533
29/04/1999 908.37 -0.0045 110149 146864
30/04/1999 908.64 0.0003 126216 146908
03/05/1999 918.69 0.0110 82800 148533
04/05/1999 915.04 -0.0040 118693 147944
05/05/1999 911.94 -0.0034 79016 147442
06/05/1999 907.94 -0.0044 144184 146796
07/05/1999 903.93 -0.0044 120985 146250
10/05/1999 910.26 0.0070 73337 147341
11/05/1999 916.4 0.0067 70576 148366
12/05/1999 914.96 -0.0016 85173 148133
13/05/1999 914.96 0 #N/A 148133
14/05/1999 906.11 -0.0097 53992 146700
17/05/1999 890.25 -0.0177 17113 144133
18/05/1999 888.06 -0.0025 73694 143778
19/05/1999 897.07 0.0101 121898 145237
20/05/1999 903.9 0.0076 92482 146343

Note: Pl is price index, VA is value of shares traded and MV is total market

value. LNPI is the natural log of price change.
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Table 3.2 Belgium Price and Turnover Variable

Date PI LNPI VA MV VA/MV
30/03/1999 916.92 -0.0039 93611 148378 0.0006
31/03/1999 916.99 0.0001 132966 148389 0.0009
01/04/1999 920.65 0.0040 79731 148982 0.0005
06/04/1999 928.1 0.0081 122423 150188 0.0008
07/04/1999 939.65 0.0124 115311 152057 0.0008
08/04/1999 940.46 0.0009 95633 152188 0.0006
09/04/1999 943.83 0.0036 113885 152734 0.0007
12/04/1999 939.21 -0.0049 78877 151987 0.0005
13/04/1999 938.58 -0.0007 128117 151886 0.0008
14/04/1999 936.76 -0.0019 81995 151592 0.0005
15/04/1999 939.76 0.0032 110562 152076 0.0007
16/04/1999 928.14 -0.0124 224355 150197 0.0015
19/04/1999 935.7 0.0081 157812 151420 0.0010
20/04/1999 916.88 -0.0203 187132 148374 0.0013
21/04/1999 926.74 0.0107 156926 149970 0.0010
22/04/1999 925.31 -0.0015 153654 149741 0.0010
23/04/1999 916.59 -0.0095 97525 148043 0.0007
26/04/1999 915.32 -0.0014 112904 147837 0.0008
27/04/1999 922.29 0.0076 116575 149115 0.0008
28/04/1999 912.51 -0.0107 107693 147533 0.0007
29/04/1999 908.37 -0.0045 110149 146864 0.0008
30/04/1999 908.64 0.0003 126216 146908 0.0009
03/05/1999 918.69 0.0110 82800 148533 0.0006
04/05/1999 915.04 -0.0040 118693 147944 0.0008
05/05/1999 911.94 -0.0034 79016 147442 0.0005
06/05/1999 907.94 -0.0044 144184 146796 0.0010
07/05/1999 903.93 -0.0044 120985 146250 0.0008
10/05/1999 910.26 0.0070 73337 147341 0.0005
11/05/1999 916.4 0.0067 70576 148366 0.0005
12/05/1999 914.96 -0.0016 85173 148133 0.0006
14/05/1999 906.11 -0.0097 53992 146700 0.0004
17/05/1999 890.25 -0.0177 77113 144133 0.0005
18/05/1999 888.06 -0.0025 73694 143778 0.0005
19/05/1999 897.07 0.0101 121898 145237 0.0008
20/05/1999 903.9 0.0076 92482 146343 0.0006

Note: Pl is price index, LNPI is natural log of price change, VA is value of shares
traded, MV is total market value and VA/MV is turnover.
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Using ordinary least squares I regress Log (VA/MV) on N (a set of natural numbers) and
obtain the set of residuals (RESID). I then calculate the exponentials of the residuals
(EXP), and use this column as the volume variable in estimating the means, standard
deviations and skewness statistics used in the generalized single equation and VAR models
of Chapter 7. Table 3.3 (page 74) and Figure 3.1 (page 75) illustrate the effect that this
method of detrending has on the raw turnover data. The trend that is clearly visible in the
upper picture is reduced in the bottom graph without removing the information required for

analysis.

The method of aggregating the daily returns and daily detrended turnover into monthly
means, standard deviations and skewness is shown in Table 3.4 (page 77). The monthly
means, standard deviations and skewness of returns (LNPI) and volume (EXP), are
estimated on the first day of each calendar month and cover the period from the first day to
the last, inclusive, representing each month as a discrete unit in time. The first three entries
under the headings, MEAN, STD and SKEW are the mean, standard deviation and
skewness respectively of the detrended volume variable EXP, from 02/01/1986 to
31/01/1986 inclusive. Similarly, the next three entries are from 03/02/1986 to 28/02/2008
inclusive. Although not shown in the table, the method is the same for calculating the first
three moments of returns. I use two alternative skewness measures, NSKEW and DUVOL
in the single equation and VAR models of Chapter 7 which, for clarity, are not presented in
Table 3.4 (page 77). The variable NSKEW is derived by taking the negative of SKEW. The
second alternative skewness measure and the one that is used in all of the modelling

exercises in Chapter 7 is termed DUVOL, the ratio of down to up volatility.

Table 3.5 (page 78) demonstrates how DUVOL is derived using the volume variable, EXP.
Although not shown here, the method is exactly the same when calculating DUVOL for the
return variable LNPI. Each month I divide the exponentials into two discrete subsets, one
subset under the heading {>} contains entries that are greater than or equal to the monthly
average for that month, while the other, headed {<}, contains entries that are below the
average. The standard deviation of each subset is then calculated separately and shown

under the heading {STD >} or {STD <}.
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Table 3.3 Belgium Detrended Turnover

Date VA/MV | Log(VA/MV) | N | Residuals EXP
02/01/1986 | 0.0002 -3.7231 1] -0.1160 | 0.8905
03/01/1986 | 0.0003 -3.5218 2 0.0852 1.0889
06/01/1986 | 0.0003 -3.4707 3 0.1361 1.1458
07/01/1986 | 0.0002 -3.6454 4| -0.0387 | 0.9620
08/01/1986 | 0.0002 -3.7676 5| -0.1611 | 0.8512
09/01/1986 | 0.0002 -3.7179 6| -0.1116 | 0.8944
10/01/1986 | 0.0002 -3.6553 71 -0.0491 | 0.9521
13/01/1986 | 0.0002 -3.7957 8| -0.1897 | 0.8272
14/01/1986 | 0.0002 -3.7731 9| -0.1673 | 0.8459
16/01/1986 | 0.0002 -3.7727 10| -0.1670 | 0.8462
17/01/1986 | 0.0003 -3.5573 11| 0.0482 1.0494
20/01/1986 | 0.0002 -3.6701 12| -0.0648 | 0.9373
21/01/1986 | 0.0004 -3.4094 13] 0.1958 1.2163
22/01/1986 | 0.0003 -3.5897 14| 0.0153 1.0154
23/01/1986 | 0.0003 -3.5201 15| 0.0848 1.0885
24/01/1986 | 0.0003 -3.5370 16/ 0.0677 1.0700
27/01/1986 | 0.0002 -3.6598 17| -0.0552 | 0.9463
28/01/1986 | 0.0002 -3.7033 18| -0.0989 | 0.9058
29/01/1986 | 0.0003 -3.5276 19| 0.0766 1.0796
30/01/1986 | 0.0002 -3.7485 20| -0.1444 | 0.8655
31/01/1986 | 0.0002 -3.6956 21| -0.0917 | 09124
03/02/1986 | 0.0003 -3.5351 22| 0.0686 1.0711
04/02/1986 | 0.0002 -3.6112 23| -0.0076 | 0.9924
05/02/1986 | 0.0003 -3.4719 24| 0.1315 1.1406
06/02/1986 | 0.0004 -3.3841 25 0.2192 1.2451
07/02/1986 | 0.0006 -3.2527 26| 0.3504 1.4196
10/02/1986 | 0.0005 -3.2825 27| 0.3204 113777
11/02/1986 | 0.0003 -3.5343 28| 0.0685 1.0709
12/02/1986 | 0.0003 -3.4564 29| 0.1462 1.1575
13/02/1986 | 0.0003 -3.4925 30( 0.1100 1.1163
14/02/1986 | 0.0002 -3.7198 31| -0.1175 | 0.8892
17/02/1986 | 0.0002 -3.6613 321 -0.0591 | 0.9426
18/02/1986 | 0.0004 -3.3979 33| 0.2041 1.2265
19/02/1986 | 0.0006 -3.2486 34| 0.3532 1.4236
20/02/1986 | 0.0007 -3.1532 35| 0.4485 1.5660
21/02/1986 | 0.0007 -3.1723 36| 0.4292 1.5361
24/02/1986 | 0.0004 -3.3946 37| 0.2067 1.2297

Note: VA/MV is turnover, N a set of natural numbers, the residuals are obtained
by regressing Log(VA/MV) on N. EXP is the exponential of the residuals.
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Figure 3.1 Belgium Sample Data
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Note: The upper chart is the raw turnover distribution with the value of shares denominated in (€000s).
The lower chart shows the effect of detrending using the log linear method described in the text.
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The first entries in the latter two columns in Table 3.5 (page 78) inserted on the same line
as the initial date 02/01/1986, are the standard deviations of the above average and below
average entries for the dates between 02/01/1986 and 31/01/1986 inclusive. Similarly the
second and third entries in the same two columns cover the periods 03/02/1986 to
28/02/1986 and 03/03/1986 to 31/03/1986 (both inclusive). The variable DUVOL is
obtained by dividing each entry from the column headed {STD <}, by its counterpart from
the column {STD >} and then calculating the log of this ratio. This estimate of skewness is
used in the single equation and VAR models in Chapter 7 because it is less sensitive to the
presence of outliers in the data, and because a higher value of DUVOL, by construction,

admits to a more negatively skewed distribution.

Table 3.6 (page 80) is an extract from a comprehensive data set that is a cross section of the
monthly means, standard deviations and skewness of 11 international equity markets,
comprising up to 286 observations on each individual market. The three variables, P1BE,
P2BE and P3BE represent the first three moments of Belgium return and VIBE, V2BE,
V3BE are the first three moments of Belgium volume. The additional variables PABE and
P5SBE are NSKEW and DUVOL, alternative measures of return skewness and V4BE and
V5BE represent the same alternative measures of volume skewness. The former is simply
the negative of the coefficient of skewness and the latter is as described in the preceding

paragraphs.

3.5 Distribution Free tests

3.5.1 Excess Returns

The distribution-free tests that I use in the examination of asymmetry in equity,
FOHFs and volume distributions are the Binomial Distribution test, (in all three) and the
Wilcoxon Rank Sum test and the Siegel —Tukey test in the equity and volume studies.

Before the specific tests are applied the data sets are divided into two subsets, positive and

negative excess returns, denoted }R*’and lR" respectively. Following Peiré (1999) these

two distributions can be said to be symmetric if both of the following conditions apply;
first, if the probability of a positive excess return is equal to the probability of a negative

excess return (after the elimination of zero excess returns) and second, if the statistical
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Table 3.4 Belgium Volume Estimates

Date LNPI EXP Mean STD Skew
02/01/1986 -0.0255 0.8905 0.9710 0.1113 |0.5981
03/01/1986 -0.0153 1.0889
06/01/1986 0.0037 1.1458
07/01/1986 -0.0065 0.9620
08/01/1986 -0.0012 0.8512
09/01/1986 -0.0028 0.8944
10/01/1986 -0.0014 0.9521
13/01/1986 -0.0072 0.8272
14/01/1986 0.0011 0.8459
16/01/1986 0.0027 0.8462
17/01/1986 0.0043 1.0494
20/01/1986 -0.0036 0.9373
21/01/1986 0.0008 1.2163
22/01/1986 -0.0029 1.0154
23/01/1986 -0.0164 1.0885
24/01/1986 0.0030 1.0700
27/01/1986 0.0044 0.9463
28/01/1986 0.0039 0.9058
29/01/1986 0.0030 1.0796
30/01/1986 0.0049 0.8655
31/01/1986 0.0007 0.9124
03/02/1986 0.0078 1.0711 1.2298 0.2000 |0.2151
04/02/1986 0.0088 0.9924
05/02/1986 0.0135 1.1406
06/02/1986 0.0140 1.2451
07/02/1986 0.0243 1.4196
10/02/1986 -0.0023 1.3777
11/02/1986 -0.0015 1.0709
12/02/1986 -0.0036 1.1575
13/02/1986 0.0079 1.1163
14/02/1986 0.0056 0.8892
17/02/1986 0.0103 0.9426
18/02/1986 0.0122 1.2265
19/02/1986 0.0154 1.4236
20/02/1986 0.0197 1.5660
21/02/1986 0.0049 1.5361
24/02/1986 0.0010 1.2297
25/02/1986 -0.0002 1.5478
26/02/1986 -0.0172 1.3414
27/02/1986 0.0041 1.1409
28/02/1986 0.0146 1.1616

Note: LNPI refers to natural log of price change; EXP the exponentials of a set of
residuals. The Mean, STD and Skew figures are the monthly observations on the

first three moments of volume.
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Table 3.5 Derivation of DUVOL Estimates for Belgium

Date LNPI EXP B (<} {STD>} | {STD<}
02/01/1986] -0.0255 | 0.8905 0.8905 | 0.0617 0.0454
03/01/1986] -0.0153 | 1.0889 | 1.0889
06/01/1986] 0.0037 | 1.1458 | 1.1458
07/01/1986] -0.0065 | 0.9620 0.9620
08/01/1986] -0.0012 | 0.8512 0.8512
09/01/1986| -0.0028 | 0.8944 0.8944
10/01/1986] -0.0014 | 0.9521 0.9521
13/01/1986] -0.0072 | 0.8272 0.8272
14/01/1986] 0.0011 | 0.8459 0.8459
16/01/1986| 0.0027 | 0.8462 0.8462
17/01/1986| 0.0043 | 1.0494 | 1.0494
20/01/1986] -0.0036 | 0.9373 0.9373
21/01/1986] 0.0008 | 1.2163 | 1.2163
22/01/1986] -0.0029 | 1.0154 | 1.0154
23/01/1986] -0.0164 | 1.0885 | 1.0885
24/01/1986] 0.0030 | 1.0700 | 1.0700
27/01/1986] 0.0044 | 0.9463 0.9463
28/01/1986] 0.0039 | 0.9058 0.9058
29/01/1986] 0.0030 | 1.0796 | 1.0796
30/01/1986] 0.0049 | 0.8655 0.8655
31/01/1986] 0.0007 | 0.9124 0.9124
03/02/1986] 0.0078 | 1.0711 1.0711 | 0.1125 0.1069
04/02/1986] 0.0088 | 0.9924 0.9924
05/02/1986] 0.0135 | 1.1406 1.1406
06/02/1986] 0.0140 | 1.2451 | 1.2451
07/02/1986| 0.0243 | 1.4196 | 1.4196
10/02/1986| -0.0023 | 1.3777 | 1.3777
11/02/1986| -0.0015 | 1.0709 1.0709
12/02/1986] -0.0036 | 1.1575 1.1575
13/02/1986] 0.0079 | 1.1163 1.1163
14/02/1986] 0.0056 | 0.8892 0.8892
17/02/1986] 0.0103 | 0.9426 0.9426
18/02/1986| 0.0122 | 1.2265 1.2265
19/02/1986| 0.0154 | 1.4236 | 1.4236
20/02/1986] 0.0197 | 1.5660 | 1.5660
21/02/1986] 0.0049 | 1.5361 | 1.5361
24/02/1986] 0.0010 | 1.2297 12297
25/02/1986] -0.0002 | 1.5478 | 1.5478
26/02/1986] -0.0172 | 13414 | 1.3414
27/02/1986] 0.0041 | 1.1409 1.1409
28/02/1986] 0.0146 | 1.1616 1.1616
03/03/1986] 0.0087 | 1.1590 | 1.1590 0.1213 0.0772
4/03/1986 | 0.0078 | 1.3855 | 1.3855
06/03/1986| -0.0085 | 0.8608 0.8608

Notes: LNPI refers to the natural log of price change; EXP is the detrended volume
variable; (>} refers to entries that are greater than or equal to the average monthly
entry; {<} denotes less than average monthly entry; STD {>} is the STD of the above

average monthly volume.
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distribution of the absolute values of the negative excess returns is equal to the distribution

of the positive excess returns.

3.5.2 Wilcoxon rank sum description

The Wilcoxon Rank Sum test, analogous to the usual ¢ test statistic for the equality of
means, is a standardized two-sample test in which the null hypothesis establishes the
equality of the populations underlying the two sample distributions. The Wilcoxon test is
especially appropriate in detecting differences in location between two different
distributions, and can be considered a test for symmetry if the only assumption made is
that the random sample is drawn from a continuous distribution, (see Gibbons (1971)). In
this test, the absolute values of positive and negative excess returns are combined into one
ordered sample. The test statistic is the sum of the ranks of the absolute values of the

negative excess returns in the combined ordered sample. The Wilcoxon test statistic is:
Wy =D.iZ, (3.13)

where the Z, are indicator random variables defined as follows. Let
Bt (3.14)

where Z. = 1 if the ith random variable in the combined ordered sample is from the set of
negative excess returns and Z, = 0 otherwise. Under the null hypothesis of equal

distributions the exact mean and variance of W,, are

ey v, )= 2l

EW
W, 2 12

(3.15)

where m is the number of negative excess returns and n is the number of positive excess

returns, and m+n =N

19



Table 3.6 Belgium Monthly Return and Volume Data

Time | PIBE |P2BE | P3BE P4BE P5BE VIBE|V2BE| V3BE | V4BE | V5BE
Jan-86 |-0.0024/0.0080[-1.6651| 1.6651 0.7374  |0.9710{0.1113/0.5981 |-0.5981|-0.1329
Feb-86[0.0070 |0.0094/-0.5708] 0.5708 0.0483  ]1.2298|0.2000{0.2151 |-0.2151|-0.0221
Mar-86|0.0027]0.0058|-0.2027|  0.2027 -0.0893  [1.1217]0.1727/0.4588 |-0.4588|-0.1961
Apr-86[0.0016 [0.0090{-0.3786| 0.3786 0.0659 |[1.1167]0.2126|-0.2758]0.2758|0.0777
May-86|0.0004 |0.0063| 0.2552| -0.2552 -0.0560  |1.1145]0.2116|-0.46670.4667 |0.1135
Jun-86 | 0.0008 |0.0045|0.2118 | -0.2118 -0.1166  10.9758]0.1224/-0.6053] 0.6053 | 0.2294
Jul-86 |-0.0008|0.0052| 0.8452| -0.8452 -0.1074  10.9748]0.1897|1.2567 |-1.2567|-0.3543
Aug-86/0.0033 |0.0052(1.1492| -1.1492 -0.1530  {0.9560(0.1639|-0.2322 0.2322 0.0720
Sep-86-0.0002|0.0114/-0.5795]  0.5795 0.1382  |1.0452/0.1999/0.0326 |-0.0326/-0.0004
Oct-860.0012]0.0077|0.9307| -0.9307 -0.1998  0.9483]0.1749|0.4158 |-0.4158|-0.0689
Nov-86[0.0018 |0.0083|0.6488 | -0.6488 -0.0966  [1.1448]0.2744/0.9019 |-0.9019]-0.2707
Dec-86]0.0007|0.0050]0.2740| -0.2740 -0.1487  |1.0875]0.1733|-0.6235| 0.6235 | 0.1448
Jan-87 |-0.0003]0.0062|-1.5853|  1.5853 0.4100  |0.9207|0.1257]0.1427 |-0.1427|-0.0552
Feb-87[0.0015|0.0048{0.0308 | -0.0308 -0.2033  |1.0517]0.1517{0.6150 |-0.6150}-0.1911
Mar-87]0.0016 [0.0094/0.2800| -0.2800 -0.1084  |1.0353]0.1858]1.0703 |-1.0703|-0.3655
Apr-87]0.0027 |0.0065|0.1302| -0.1302 -0.0365  10.96030.0870|-0.5857|0.5857]0.1972
May-87|-0.0009]0.0074/0.0461 | -0.0461 0.0640  10.9699/0.1020]0.4240 [-0.4240|-0.1399
Jun-8710.0031 [0.0043]/0.5835| -0.5835 -0.4124  0.8911]0.0748|-0.0525|0.0525 [ 0.0376
Jul-87 10.005210.0121)0.1333| -0.1333 -0.1374  [1.1925]0.1868|-0.1039/0.1039|0.0357
Aug-87/0.0008 [0.0068|0.7417 | -0.7417 -0.3298  [1.0320]0.1491|0.5405 |-0.5405|-0.2095
Sep-87-0.0012|0.0101{-0.4041| 0.4041 0.0644  10.9357]0.1269|-0.1349]0.1349 0.0351
Oct-87 |-0.0126]0.0394/-0.9934|  0.9934 0.1131  [1.2395]0.4600]0.4593 |-0.4593|-0.2739
Nov-87|-0.0041/0.0196|-0.1274] 0.1274 0.0594  |1.0721}0.2318]0.2693 |-0.2693|-0.1591
Dec-87-0.0008|0.0143|-0.1149| 0.1149 0.0635  ]0.9291|0.0950[0.0989 |-0.0989|-0.0704
Jan-88 10.0036 |0.0188|-0.1472| 0.1472 0.0388  ]0.9078|0.1680[0.0233 |-0.0233/0.0183
Feb-88)0.0076|0.0178|-1.0321] 1.0321 0.2393  ]1.2735]0.3403| 1.3134 |-1.3134|-0.3678
Mar-88/0.0001 |0.0120}-0.1513| 0.1513 0.0323  |1.3276/0.2702|1.6169 |-1.6169|-0.4325
Apr-8810.0008 |0.0061|-1.4829| 1.4829 0.3308 |0.8556|0.1244]0.6678 |-0.6678|-0.2425
May-88/0.0004 |0.0064|-1.7282| 1.7282 0.3337  ]0.9458|0.2322/0.8639 |-0.8639|-0.2926
Jun-88 [0.0041 |0.0065(-0.3384| 0.3384 -0.0875  [1.0540]0.1580]0.6346 |-0.6346|-0.1302
Jul-88 [-0.0014/0.0042|-0.7050] 0.7050 0.3570  |0.8002(0.1187|1.3394 |-1.3394/-0.3777
Aug-88|0.0007 |0.0065|-0.6658|  0.6658 0.1641  |0.8970(0.1524[0.7298 |-0.7298|-0.2046
Sep-8810.0035]0.0105{0.2924| -0.2924 -0.0406  |1.1718]0.5097]2.3880|-2.3880[-0.6744

Notes: PIBE, P2BE and P3BE are the first three moments of return; P4BE and P5BE are alternative
skewness measures. VIBE, V2BE and V3BE are the first three moments of volume; V4BE and V5SBE are
alternative volume skewness measures.
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3.5.3 Siegel-Tukey test Description
The Siegel-Tukey test, analogous to the F test statistic for the equality of variances is
especially suited to detecting differences in dispersion (see Gibbons and Chakraborti
(1992)). In the Siegel-Tukey test, the absolute values of positive and negative excess
returns are also combined in one ordered sample. Like the Wilcoxon rank sum test, the
Siegel-Tukey belongs to a class of statistics called the linear rank statistic. The weights are
constructed so that the higher weights are assigned to the middle of the combined sample
and the smaller weights to the extremes. The Siegel-Tukey statistic is

§w = 2. 8.Z, (3.16)

i=1

where Z, are the indicator random variables as defined in Equation (3.11)

and ¢, is defined as

2.1 for i even,1<is%
2i -1 foriodd,lﬁis%
: 3 N .
2(N-i)+2 forzeven,7<zSN
. . N .
2(N-i)+1 forzodd,7<z£N

Under the null hypothesis of equal distributions, the asymptotic distribution of §, is the

same asW, .

SN m(]\;+1) ’ mn(f\;+ 1) (3.17)

If N is odd, the middle observation is dropped and these weights are then applied to the

remaining number of observations. The non-parametric tests, the Wilcoxon rank sum, the
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Siegel-Tukey and the Binomial distribution test are all essentially joint tests of the i.i.d.
assumption in the data and the symmetry of the underlying series. Therefore a rejection of
the null hypothesis of symmetry might in fact be a rejection of independence in a perfectly
symmetric distribution. To examine the power of these tests I used a quadratic function to
simulate a returns distribution that was perfectly symmetric and found that the Wilcoxon
rank sum test rejected the null of symmetry very frequently, despite the inherently
symmetric shape of the distribution. This confirmed that the test was, in fact, rejecting the
independence of the data. I then used a Monte Carlo simulation, described in section 3.5.6

(page 86), and found that the test rejected the null of symmetry much less frequently.

3.5.4 Description of tables in Wilcoxon and Siegel-Tukey tests

Table 3.7 (page 85) describes the methodology used to calculate two test statistics, the
Siegel-Tukey and the Wilcoxon rank sum. In each case the standardized statistic is
calculated using a small sample of 45 observations from a sample dataset of 2000 daily
logarithmic returns. There are 9 columns in Table 3.7 (page 85) comprising the excess
returns in the first column, the negative excess returns in column 2 and the negative signs
only in column 3 followed by the absolute excess returns in column 4. The sorted excess
returns prefixed by the original negative sign are presented in columns 5 and 6. The
observation numbers in the sequence of 2000 that correspond to the selected sample are
presented in column 7. The final two columns in the table contain the weights derived from

the formulae used to calculate the Siegel-Tukey and the Wilcoxon rank sum test.

The section of the full dataset that is presented in Table 3.7 (page 85) is drawn from the
lower end of the 2000 observations, beginning at 1916 and ending at 1960. While the
asymptotic distribution of the two tests is identical there are distinct differences in their
weighting systems. The Siegel-Tukey test is constructed so that the smallest weights,
assigned to the extremes of the distribution, increase systematically as the distribution tends
towards the centre, and decrease systematically as the distribution moves away from the
centre. In the column headed Siegel-Tukey test the weights are seen to decrease as the

observation number increases; the formula that generates the weights is programmed to
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respond when an entry in the combined ordered sample is prefixed by a negative sign. The
programme uses 4 ‘IF’ functions that differentiate between even and odd numbered
observations, two distinct functions for entries below the median and two for entries above.
By contrast the weights in the Wilcoxon rank sum tests are simply the corresponding

observations in the combined ordered sample, as evident in the table.

Table 3.8 (page 86) is included to illustrate the method by which the weights are
programmed to increase as they approach the median (the mid point of the frequency), in
this example, 1000. Table 3.8 (page 86) goes from observation 985 to 1016 and the weights
are seen to increase steadily up to observation 1001 when they reach their maximum value

of 2002, decreasing systematically thereafter.

Panel B is a further sample from the same dataset which illustrates that in intervals of the
distribution to the right of the median the positive excess returns dominate substantially the
negative excess returns. The Siegel-Tukey test in Table 3.8 (page 86) clearly demonstrates
that the distribution of positive and negative excess returns around the measure of central
tendency, the median in this test, is influential in determining the asymmetry of the
distribution as a whole. Because this test assigns little or no weight to the extreme
observations, either positive or negative, the heaviest weights are clustered around the
median; Panel A shows that the weights are roughly symmetric about this measure of
central tendency. I use the sum of the weights of the negative excess returns as the test
statistic in both the Wilcoxon rank sum and the Siegel-Tukey tests, in calculating the
standardized statistic. A variable is standardized if the mean value of the variable is
subtracted from its individual value and the difference is divided by the standard deviation
of the variable. Thus in the following formula
X—Hu
& (3.18)

X is the test statistic, in this case the sum of the weights attached to the negative excess
returns, p is the asymptotic mean from the formula above and ¢ is the square root of the
asymptotic variance, again from above. Having calculated the standardized normal

variable, the function NORMSDIST in Excel, which can be used in place of a table of
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standard normal curve areas, returns the standard normal cumulative distribution function.

This distribution has a mean of zero and a standard deviation of one.

3.5.5 Description of Binomial distribution test

Table 3.9 (page 90) describes the application of the Binomial Distribution test to a small
sample of positive and negative excess returns taken from two intervals equidistant from
the mean. The null hypothesis of the Binomial Distribution test, as applied here, is that the
probability, (denoted p*), of obtaining a positive excess return is equal to the probability of

obtaining a negative return. The hypothesis takes the form of a two-tailed test:

Hg.'P =Y and H].‘P ?-“/2
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Table 3.7 Siegel-Tukey and Wilcoxon rank sum tests.

T 2 3 2 5 6 7 g 9

s | BT | e | B | S | o | e | g
Returns Returns Negative Sign No.

0.00192 0.00192 d 0.01806 1916 171 1916

0.00221 0.00221 ) 0.01810 1917 170 1917

001305 | -0.01305 ; 0.01305 - 0.01822 1918 167 1918

000774 | -000774 : 0.00774 0.01829 1919

0.00317 0.00317 0.01834 1920

000047 | -0.00047 : 0.00047 0.01857 1921

0.00093 0.00093 0.01891 1922

0.00280 0.00280 k 0.01919 1923 158 1923

0.00023 0.00023 - 0.01925 1924 155 1924

0.01069 0.01069 0.01926 1925

0.00323 0.00323 0.01931 1926

000367 | -0.00367 - 0.00367 0.01953 1927

001114 | -001114 i 001114 1 T oo01974 1928 147 1928

0.00495 0.00495 ; 0.01993 1929 146 1929

000396 | -0.00396 - 0.00396 . 0.02015 1930 143 1930

0.00870 0.00870 0.02023 1931

000079 | -0.00079 2 0.00079 ] 0.02028 1932 139 1932

000315 | -0.00315 - 0.00315 5 0.02037 1933 138 1933

0.00086 0.00086 0.02039 1934

0.00772 0.00772 0.02039 1935

0.00297 0.00297 : 0.02046 1936 131 1936

0.00892 0.00892 : 0.02094 1937 130 1937

0.01074 0.01074 - 0.02150 1938 127 1938

000567 | -0.00567 ; 0.00567 0.02153 1939

0.00046 0.00046 - 0.02166 1940 123 1940

0.00051 0.00051 0.02169 1941

0.00113 0.00113 0.02172 1942

0.00148 0.00148 ; 0.02195 1943 18 1943

000137 | -0.00137 > 0.00137 0.02211 1944

000047 | -0.00047 - 0.00047 - 0.02251 1945 114 1945

000255 | -0.00255 - 0.00255 0.02300 1946

000382 | -0.00382 - 0.00382 - 0.02304 1947 110 1947

0.00106 0.00106 0.02317 1948

0.00560 0.00560 - 0.02376 1949 106 1949

0.00427 0.00427 - 0.02377 1950 103 1950

0.00737 0.00737 - 0.02377 1951 102 1951

0.00486 0.00486 - 0.02381 1952 99 1952

0.00647 0.00647 0.02392 1953

000235 | -0.00235 - 0.00235 - 0.02397 1954 95 1954

0.00344 0.00344 - 0.02401 1955 94 1955

0.00168 0.00168 0.02403 1956

000181 | -0.00181 . 0.00181 0.02423 1957

0.00648 0.00648 0.02450 1958

Notes: The negative sign in the 3rd column identifies the negative entries in the original set of excess returns. The
weights in columns 8 and 9 are derived using the observation numbers in column 7.
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Table 3.8 Siegel-Tukey tests

Panel A Panel B
Negative Series Siegel-Tukey Negative Series Siegel-Tukey
Sign Obs. No. Test Sign Obs. No. Test
- 985 1968 1345
986 - 1346 1311
5 987 1972 1347
988 1348
989 - 1349 1306
990 1350
- 991 1980 - 1351 1302
992 1352
993 1353
994 1354
995 1355
- 996 1989 1356
997 1357
998 - 1358 1287
999 - 1359 1286
- 1000 1997 - 1360 1283
- 1001 2002 1361
1002 - 1362 1279
1003 1363
1004 1364
1005 1365
1006 - 1366 1271
1007 - 1367 1270
1008 1368
1009 1369
1010 1370
- 1011 1982 1371
= 1012 1979 1372
1013 1373
- 1014 1975 - 1374 1255
1015 1375
- 1016 19711 1376

Notes: The last column in each table is the Siegel-Tukey weight, derived using the
corresponding observation number in the middle column. Only the numbers with a
corresponding negative sign are used.
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The last two entries in column 4, Table 3.9 (page 90) are the lower and upper critical values
for rejection of the null hypothesis at 5 per cent significance level. Both numbers are
obtained using the formulas in the adjacent cells in column 3. In looking for the critical
values for a 5 per cent rejection, I use the following formula, replacing z, with (1.96) and
(-1.96), since these values are the appropriate quantiles of a standard normal random

variable.

Xq:n.p'+zq\/n.p'(l—p') (3.12)

The rejection region of desired size « (5%) corresponds to the two tails of the null
distribution of 7, where both the lower tail denoted ¢, and the upper tail denoted «,, are
approximately half the size of the targeta . As in the case of the Wilcoxon rank sum test
and the Siegel-Tukey, the standardised statistic is used to test the null hypothesis. The
formulas in column 6, which differ only in the sign of p* (£0.5), are calculated and the
results obtained are the Binomial distribution standardised statistics. The NORMSDIST

function in EXCEL returns the two rho ( p ) values which appear in column 7.

The first of these is «, which is approximately half the size of the target & and is therefore
doubled and the second «, is first ca<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>