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ABSTRACT

This dissertation consists of four papers that examine various aspects of the temporal

patterns in the volatility of asset returns.

The first paper compares the predictive performance of various parametric ARCH
models. We find that ARCH models are generally good descriptions of the time-
varying volatility of UK stock returns. There appears to be asymmetry in the

conditional volatility, although no single model outperforms the rest in all instances.

In the second paper, we uncover evidence of asymmetric predictability in the
conditional variance of firms of different size. Large firms shocks affect the future
volatility of small firms, but not vice versa. We also find that trading period shocks

have a significant impact on future volatility, but not nontrading period shocks.

In the third paper, we document a contemporaneous volatility-volume relationship.
We find that volatility is related to change in trading volume, and we propose a
conditional volatility model that incorporate this contemporaneous volatility-volume

relationship.

In the final paper, we examine the various method of adjusting for nontrading effects
in ARCH models, and we propose a new diagnostic test to detect the validity of such
adjustments. We also uncover evidence that conditional volatility increases prior to

market closure, but declines after market opening.
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CHAPTER 1

INTRODUCTION

1. BACKGROUND

In the last 30 years or so, the financial markets of the world have undergone a period
of tremendous growth. Following this increase in financial activities, the behaviour
of asset prices has come under the scrutiny of academics and practitioners alike.
However, interest in speculative price behaviour can be traced back to the beginning
of this century, when the French mathematician, Louis Bachelier (1900) developed
a mathematical theory of asset prices. Unfortunately, much of his work has largely
been ignored until some decades later, only to be 'rediscovered' by others (see
Mandelbrot, 1989, for an account of Bachelier's work). On the other hand, empirical
research into asset prices did not begin until 1930s, and the resulting research papers
were far and few. Much of these early works (e.g. Cowles, 1933, and Working,

1934) focused on the predictability of price changes.

In the 1960s, several important empirical works appeared, the most influential being
Fama (1965) and Mandelbrot (1963). Since then, various researchers have
documented empirical regularities in asset returns. These include returns exhibiting
fat-tailness (i.e. leptokurtosis), large (small) changes followed by large (small)

changes, of either sign (i.e. volatility clustering), changes in stock prices being
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negatively related to changes in stock volatility (i.e. leverage effects'), and differences
in volatility between open and closed markets (i.e. nontrading effects). Mandelbrot

used the term "stylised facts" to describe some of these empirical features.

The use of time series models in empirical research gained considerable momentum
in the 1970s, following the work of Box and Jenkins (1976). Part of the success of
time series models can be attributed to their use in forecasting applications. By
focusing on the conditional mean rather than the unconditional mean, time series
models were able to give more accurate forecasts of future prices/returns. However,
most conventional models (such as the ARIMA/Box-Jenkins models) assumed that
the covariance matrix remains constant over time. Given the empirical results of
Mandelbrot (1963) that volatility of asset returns changes over time, this assumption

is clearly violated.

The problem of heteroskedasticity in time series data is well known among
statisticians and econometricians. Though there have been earlier attempts to model
time-varying variances (see for example Khan, 1977, and Klien, 1977), none of the
methods proved to be popular. One common approach is to express the time-varying
variances as a function of some exogenously determined time-varying variables.

Alternatively, researchers apply some sort of variance-stabilising transformation such

! Black (1976) suggests that a decrease in stock prices increases the leverage of the firm, thereby
increasing its risk. Hence, the increase in stock volatility is brought about by an increase in the leverage
of the firm.
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as the Box-Cox (1964) transformation on the data to get rid of the heteroscedasticity.

Neither method proves to be satisfactory, especially in forecasting applications.

The breakthrough came when Engle (1982) introduced the class of AutoRegressive
Conditional Heteroskedastic (i.e. ARCH) models. Engle's insight was to express the
conditional variance at time ¢ as a (linear) function of variables known only at time
t-1. Hence, the conditioning information set at time #-1 would include past errors and
past variables. This approach to modelling the conditional variance is analogous to
the Box-Jenkins methodology of modelling the conditional mean. Further
refinements came from Bollerslev (1986), who introduced a generalized version of

Engle's ARCH model (i.e. GARCH)™

The introduction of ARCH models® has opened up a whole range of different
research. With modern economic theory showing increasing emphasis on risk and
uncertainty, it is now possible to model the time-variation in second moments using
a dynamic (ARCH) framework. It is therefore hardly surprising to find an explosion
in the ARCH literature. Several other reasons also contribute to ARCH models'
success. First, ARCH models are consistent with some of the previously mentioned
empirical regularities of financial data. Second, the conditional mean and conditional

variance parameters can be jointly estimated using conventional econometric methods.

2 Taylor (1986) independently proposed a class of ARMACH (AutoRegressive Moving-Average
Conditional Heteroskedastic) models, which is identical to the GARCH model of Bollerslev (1986).
However, the ARMACH acronym never caught on.

3 Henceforth, ARCH models, as used in the plural, shall denote the class of models that exhibit
conditional heteroskedastic behaviour, to distinguish from Engle's original ARCH model.
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Finally, in the absence of theoretical economic models in explaining temporal

dependence in higher moments, ARCH models provide a useful and simple approach.

Research on ARCH models have proceeded in many different directions. On a
theoretical level, there has been some attempts to incorporate ARCH effects into
economic basis of asset pricing models. Gallant, Hsieh and Tauchen (1991) provide
a rationale to explain the presence of dependency in higher moments. Nelson (1990)
shows that ARCH models are not necessarily incompatible with diffusion models
commonly found in asset pricing literature. Campbell and Hentschel (1992) develop
a model to explain asymmetry in the volatility of stock returns. Unfortunately, such

works on the economic foundations of ARCH effects are far and few.

On the other hand, ARCH models have found an overwhelmingly large number of
empirical applicatioﬁs. Many economic and financial time series are found to exhibit
ARCH effects, including stock returns (Akigray, 1989, Baillie and DeGennaro, 1990,
Corhay and Rad, 1991, Engle and Ng, 1993, Kearns and Pagan, 1993, Pagan and
Schwert, 1991, and Poon and Taylor, 1992), interest rates (Engle, Lilien and Robbins,
1987, Engle, Ng and Rothschild, 1990, Lee and Tse, 1991, and Weiss, 1984),
exchange rates (Baillie and Bollerslev, 1989, Bollerslev, 1990, Gallant, Hsieh and
Tauchen, 1991, and Hsieh, 1989), and futures prices (Antoniou and Foster, 1992,
Cheung and Ng, 1990, Gagnon, Morgan and Neave, 1993, and McCurdy and

Morgan, 1987). For a more complete citation on the huge amount of literature on
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ARCH models, see Bera and Higgins (1993), Bollerslev, Chou and Kroner (1992)

Bollerslev, Engle and Nelson (1993), Engle (1993) and Nijman and Palm (1991).

The analysis of financial market volatility is of significant importance, from both an
academic and practitioner viewpoint. Following the stock market crash of October
1987, there has been considerable interest in the subject. In the words of Becketti

and Sellon (1989):

"Some volatility in the prices of financial assets is a normal part of
the process of allocating investable funds among competing uses.
Excessive or extreme volatility of stock prices, interest rates and
exchange rates may be detrimental, however, because such volatility
may impair the smooth functioning of the financial system and

adversely affect economic performance."

Academic interest in volatility stems mainly from the efficient market hypothesis.
In an efficient market, all available information in the market is impounded in current
prices. Any unexpected news will cause the investor to revise his expectations of the
future. This revision in expectations will induce a price change, since the new price
will reflect the piece of unexpected information*. Implicitly, the efficient market

hypothesis suggests that information is exogenously determined, and news arrival is

4 See Ross (1989) for a formal analysis of the relationship between variance of price changes and
rate of information flow.
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random. On the other hand, others suggest that information is generated
endogenously by the mechanism of trading. Uninformed investors infer information
from the actions of informed traders through the trading activities of the latter. The
inferred information causes the uninformed traders to revise their expectations, which

induces a change in price.

Regardless of whether information is generated endogenously or exogenously, it is
clear that volatility is determined by the rate of information flow. ARCH models
allow one to analyse volatility in a dynamic framework. For example, Masulis and
Ng (1991) directly examine the hypothesis that stock volatility is a function of
trading activities of investors, Susmel and Engle (1994) and Engle, Ito and Lin (1990)
look at the spillover of volatility across national stock markets and foreign exchange
markets respectively, Cheung and Ng (1990) explore the relationship between the
volatilities of cash and future markets, and Conrad, Gultekin and Kaul (1991)

investigate the relationship between the volatilities of firms of different sizes.

For practitioners such as fund managers, an understanding of volatility is important
for hedging and portfolio selection. The ability to model and forecast volatility has
consequential implications in asset pricing and tactical asset allocation decisions. For
example, in the pricing of an option, one key variable is the volatility of the
underlying asset, and accurate option prices can only be calculated if the volatility
is accurately estimated. Day and Lewis (1992), Engle and Mustafa (1992), and

Engle, Hong, Kane and Noh (1993) show that conditional volatility of stock returns
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as obtained from ARCH models have significant information content. In hedging
decisions involving futures contract, again the ability to estimate the hedge ratios is
of crucial importance. Baillie and Myers (1991) and Kroner and Sultan (1991) show
that time varying hedge ratios estimated using ARCH models are superior to those

estimated with linear regressions.

For public policy makers, the need for stability in financial markets requires an
understanding of volatility and its impact on the economy. With the phenomenal
growth in financial market activity, especially in the markets for derivative
instruments, there is an emphasis on curtailing any ‘excess' volatility. ARCH models
allow for a dynamic analysis of volatility. For example, Antoniou and Foster (1992)
use a GARCH model to examine the impact of futures trading on the spot price
volatility of Brent Crude Oil, while Kupiec (1990) and Seguin (1990) analyse the

effects of margins on volatility.

It must be said however, that ARCH models are not the only models used in
empirical analysis. There are several competing models commonly in used in the
finance and economic literature. These models possess nonlinear characteristics,
unlike ARIMA models (see Granger and Terdsvirta, 1993, and Tong, 1990). These
include the bilinear model (Granger and Anderson, 1978), the threshold
autoregressive model (Tong and Lim, 1980), the exponential autoregressive model
(Haggan and Ozaki, 1981), and Hamilton two-state switching-regime model

(Hamilton, 1989). For details, see Granger and Terésvirta (1993), Mills (1990 and
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1993), and Tong (1990). Strictly speaking, most of these nonlinear techniques do not
model volatility explicitly, although one common feature is that forecasts from such

models are usually nonlinear functions of past observations.

As mentioned earlier, the simplicity of ARCH models and their ability to account for
the observed "stylized facts" of financial data such as leptokurtosis and volatility
clustering explain why ARCH models are more popular than the competing nonlinear
models. As pointed out by Bera and Higgins (1993), ARCH models can also be
subjected to different interpretations. For instance, an ARCH model can be re-
interpreted as either a random coefficient model, or a bilinear model (see Bera and
Higgins, 1993, Section 3 for details). This flexibility in interpretation also contribute

to the popularity of ARCH models in research work.

2. MOTIVATION

This dissertation seeks to extend the literature on ARCH models. It consists of four

papers:

2.1  An Empirical Analysis of Alternative Parametric ARCH Maodels

Since the introduction of the GARCH model by Bollerslev (1986), many newer
parameterisations have been suggested. These include the Exponential GARCH of

Nelson (1991), the Quadratic GARCH of Sentana (1991), the Threshold GARCH of
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Glosten, Jagannathan and Runkle (1993) and Zakoian (1991), and the Nonlinear
GARCH of Higgins and Bera (1992). In proposing these newer formulations, the

practice is almost always to compare with the standard GARCH.

Any new formulation however, should meet the following two criteria. First, it
should describe empirical facts that are not explained by the standard GARCH model.
Second, the parameterisation must not only model volatility well on an in-sample

basis, but also perform well out-of-sample.

One documented empirical regularity not accounted for in the GARCH model is the
leverage effect. As noted by Black (1976) and Christie (1982), there appears to be
an inverse relationship between current stock returns and future volatility. This
phenomenon is attributed to the fact that a reduction in the value of equity increases
the debt ratio of the company, and this increases the risk of the firm in the future.
In both Engle's ARCH model and Bollerslev's GARCH model, the conditional
volatility response is symmetric to current stock returns i.e. future volatility is a
function of current stock returns, regardless of the signs of the returns (hence, they
are usually called linear ARCH models). Several newer 'nonlinear’ models like those
mentioned above have been proposed to account for this leverage effect in the
variance equation. However, each model accounts for this asymmetry in different
ways. It would therefore be interesting to compare the empirical performance of each

of this model using a consistent dataset.
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A more important consideration is that these models may have different out-of-
sample performance. For a volatility model to be useful, one must test the ex ante
performance. As noted by Pagan and Schwert (1990), nonparametric volatility
models perform very well in-sample, but fare badly on an out-of-sample basis. This
is attributed to 'over-fitting', which is also a problem that plagues forecasting of the

mean using nonparametric methods.

This paper seeks to compare the empirical performance of various parametric 'post-
GARCH' models (i.e. models that are introduced after the GARCH model).
Performance is examined on an in-sample basis, as well as in their out-of-sample
predictive ability, using a variety of measures. A number of diagnostics proposed in
existing literature is also examined. Results are evaluated over different time periods

and across portfolios of different market sizes.

2.2  Asymmetry in Volatilities and the Private Information Hypothesis

Another well documented empirical regularity relates to the differences in the
volatility of stock returns between trading and nontrading periods. It has been
hypothesised that the volatility of a stock price is driven solely by the random arrival
of new information (see for example Clark, 1973 and Tauchen and Pitts, 1983). If
this is true, the variance of the stock returns between the close of trading on a Friday

and the close of trading a Monday (i.e. over the weekend) is likely to be three times
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that of the variance between the close of one trading day and the close of the

following trading day, without any intervening nontrading day.

Fama (1965) and French (1980) both find that the variance over the weekend period
is only about 20 percent higher. French and Roll (1986) suggest three possible

explanations:

(1) public information is released more frequently during trading hours
(2)  private information is inferred from the trading activities of informed traders

(3)  presence of irrational noise traders

An understanding of the mechanics of volatility is necessary because these hypotheses
have different implications for both corporate treasurers and public policy makers.
For example, if the public information hypothesis is true, it may be desirable to
'spread' the release of company announcements evenly over trading and nontrading
periods so as to stabilise stock volatility. If the private information hypothesis is
true, a more logical approach would be to extend the number of trading hours so that
there will not be alternating periods of high volatility (during trading periods) and
low volatility (during nontrading periods). If however, volatility is driven by

irrational traders' activities, steps should be taken to reduce the amount of noise.

Two previous studies have attempted to examine the above hypotheses. Barclay,

Litzenberger and Warner (1990) use a static framework to examine the differences
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in variances between trading and nontrading Saturdays in the Japanese stock market.
Masulis and Ng (1991) employ a dynamic ARCH model to examine the differences
in trading and nontrading shocks on future volatility using UK data. Both studies

appear to support the private information hypothesis.

Along a different line, there is also empirical evidence to indicate that predictive (i.e.
conditional) volatility is related to the size of the company. Conrad, Gultekin and
Kaul (1991) provide evidence that in the US, the volatility of large size firms can
predict the volatility of small size firms, but not vice versa. This finding mirrors that
of Lo and MacKinlay (1990a)'s, who uncover evidence of asymmetric predictability

in the (mean) returns of US firms of different sizes.

This paper looks at the volatility of UK stock returns in two contexts. First, it
analyse the predictive ability in the conditional volatility of different size firms, using
a GARCH model. A distinction is then made between trading and nontrading period
shocks of large and small firms, and an examination is made on the effects of such

shocks on future volatility of small and large firms respectively.

2.3  An Empirical Examination of the Volatility-Volume Relationship

Though the ARCH class of models has a rather short history, it has enjoyed great

success as a modelling technique. Its widespread use lies in its ability to capture the

"stylized" facts associated with financial time series. However, with few exceptions,
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there has been little emphasis on the sources of ARCH effects, especially for stock
returns. Nevertheless, there have been some attempts to investigate the nature of
temporal behaviour of stock market volatility. Such research falls into two
categories: studies that link ARCH effects to macroeconomic variables, and studies
that relate ARCH behaviour to microeconomic events. Among the studies in the first
category include Attanasio (1991), Glosten, Jagannathan and Runkle (1993), Kupiec

(1990), Schwert (1989), and Seguin (1990).

Studies in the second category attempt to explain GARCH effects in the data
generation process. As noted by Diebold (1986), and Gallant, Hsieh and Tauchen
(1991), ARCH effects may be a result of the sequential correlation of information
arrival. This explanation stems from the works of Clark (1973) and Tauchen and
Pitts (1983), who suggest that returns can be characterised as a subordinated process.
In these models, information is explicitly assumed to be derived exogenously. On
the other hand, the "price formation" models of Admati and Pfleiderer (1988), Foster
and Viswanathan (1990), and Kyle (1985) assume that information is only partially
exogenous, and some information is endogenously generated by the trading process.
Nevertheless, regardless of whether information is exogenously or endogenously
produced, these models would suggest that volatility is a function of news. In
empirical tests, explicit modelling of the rate of information would be impossible,
since by definition, news is unpredictable. As such, suitable proxies are required.
Common proxies used in current literature include volatility shocks (Ahbyanker,

1993, Cheung and Ng, 1990, and Engle, Ito and Lin, 1990), number of price changes
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per period (Laux and Ng, 1993), and volume. The use of volume as a proxy for
news arrival is especially popular because of two reasons. First, trading volume is
frequently reported with price changes and is therefore easily available. But more
importantly, the use of volume is heuristically appealing, since there is a common

perception that "It takes volume to make prices move" (Karpoff, 1987, pg 112).

The last statement would suggest that price changes and volume are jointly
determined. Indeed, Karpoff (1987) cites various studies that find a contemporaneous
relationship between price volatility and trading volume across different markets.
Interestingly, a number of these studies also document an asymmetric relationship

between volatility and volume.

Karpoff (1987) suggests four reasons why an understanding of the relationship
between market volatility and trading activity is important. First, it gives an insight
into the structure of financial markets. Second, it has implications for event studies
that draw inferences from volume behaviour. Third, it sheds light on the stochastic

process of asset prices. Fourth, it is of significance to research into futures market.

The motivation of this paper is along these lines. Additionally, we seek to synthesise
recent works on conditional volatility models with existing literature on the volatility-
volume relationship. Our framework of analysis will be on the empirical relationship
between stock index volatility and trading volume in the UK. We believe that this

volatility-volume behaviour is of significance in modelling conditional volatility, and
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we suggest a means of incorporating this relationship to improve the performance of

a conventional GARCH model.

24 A Test for Omitted Deterministic Dummy Variables in ARCH Models

The use of ARCH models has become very popular in empirical research, especially
in modelling time varying conditional variances. Maximum likelihood estimation of
ARCH models is rather straightforward, and some econometric software even provide

"canned" instructions for estimating the parameters of a standard GARCH model.

However, as pointed out by Nelson (1992a), ARCH models are merely statistical
models that approximate reality. Hence in empirical work, there is a possibility of
choosing a misspecified model. Nelson proceeds to demonstrate that under fairly
general conditions, conditional variances as estimated using misspecified ARCH
models converge to the true conditional variances. He also suggests that the success
of ARCH models in short term forecasting using high frequency data may be a direct
result of this property, since misspecified ARCH models can still provide relatively

accurate estimates of volatility.

Several other papers have also examined the effects of misspecified ARCH models,
though in a slightly different context. Nelson and Cao (1992) look at the effect of
constraining the parameters of the GARCH model as first suggested by Bollerslev

(1986). They find that the Bollerslev's suggestions are too restrictive, and provide



AN EMPIRICAL ANALYSIS OF

ALTERNATIVE PARAMETRIC ARCH MODELS®

1. INTRODUCTION

There is extensive empirical evidence that stock market volatility varies
systematically with time. The evidence dates back to the pioneering studies of
Mandelbrot (1963) and Fama (1965) who found that large price changes tend to be
followed by large price changes and small price changes by small price changes.
More recent evidence is provided by Poterba and Summers (1986), French, Schwert

and Stambaugh (1987), Chou (1988) and Schwert (1990).

There is also strong evidence that ARCH models are good descriptions of this time-
varying volatility in stock returns. Significant ARCH effects are documented inter-
alia by Engle and Mustafa (1992) for individual US stocks, Akgiray (1989) for US
stock indices, Poon and Taylor (1992) for a UK stock index, Corhay and Rad (1991)

for a selection of international stock indices and Frennberg and Kansson (1992) for

the Swedish stock market.

Systematic temporal variation in volatility of asset returns implies that the variance

at time ¢ can be broken up into predictable and unpredictable components. The

? First draft, 9 June 1992, revised 15 November 1993. This paper has been presented to BAA
Annual Conference 1993, French Finance Association Conference 1993, and INQUIRE-Europe Conference
1993. The paper will be presented at the forthcoming Western Finance Association Conference 1994.
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predictable component is called the conditional variance and is a function of
information available at time #-1. This information can include relevant firm specific
and economy wide variables, and also the past history of the returns' series. Clearly,
modelling conditional variance of stock returns is important because expected
volatility is a fundamental input in portfolio selection decisions and in models of

asset and option pricing.

In its most general form (see Engle, 1982, egs 1-5) a univariate ARCH model makes

conditional variance of at time ¢ a function of exogenous and lagged endogenous

variables, time, the vector of parameters, and past residuals. A variety of different

parameterisations for the functional dependence of 03 on the above variables have

been proposed by econometricians. These started with the original linear ARCH(g)
specification of Engle (1982) and the linear GARCH(p,q) model of Bollerslev (1986),
but now include for example the exponential GARCH of Nelson (1991), the threshold
GARCH of Glosten et. al. (1991) and Zakoian (1991), the quadratic GARCH of
Sentana (1991), the generalised augmented ARCH of Bera et. al. (1990), the
asymmetric GARCH of Engle (1990), the non-linear GARCH of Higgins and Bera

(1992), and the log-GARCH models of Geweke (1986) and Pantula (1986).

All of the above parameterisations of conditional heteroskedasticity have been
motivated either by the need to more effectively model some specific empirical

features of the underlying data (e.g. the negative correlation between current returns
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and future volatility documented by Black, 1976, and Christie, 1982) or by
considerations of computational simplicity (e.g. EGARCH avoids the need for non-
negativity constraints in estimation). There has been relatively little work on the
economic foundations of ARCH models', or the formulation, from first principles,
of equilibrium asset pricing models with ARCH features. Since the different
parameterisations of ARCH models have been motivated essentially on the basis of
data specific empirical features, their relative usefulness can only be judged by the
extent to which they are able to explain time variation in conditional volatility in
actual data. The more recent ARCH models include more parameters than in the
linear ARCH(g) of Engle (1982) and the linear GARCH(p,q) of Bollerslev (1986).
Hence, clearly these recent models could be potentially better ex post descriptions of
the return generating process. But the ex ante usefulness of these models for
portfolio selection and asset pricing decisions depends on the out of sample predictive
ability of these models. It also depends on whether the outperformance is consistent
across different sub-periods and across different categories of stocks. Furthermore,
it is important to note that the results of Bollerslev and Domowitz (1991) show that
the trade execution process can significantly alter the intertemporal dependence in
conditional volatility of high frequency returns because of the differences in serial

correlation in market spreads across different trading systems.

Several studies have examined the effectiveness of different individual ARCH models

in modelling conditional stock market volatility relative to the linear ARCH and the

10 This has been pointed out eg by Bollerslev et. al. (1992, section 2.9),
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linear GARCH model. Comparisions of EGARCH with GARCH are reported inter-
alia by Nelson (1990) using daily CRSP index returns from July 1962 to December
1987; Kearns and Pagan (1991) using 88 years monthly Australian stock index data;
Poon and Taylor (1992) using daily, weekly, fortnightly and monthly UK stock index
data over a period exceeding 20 years; and Zakoian (1991) using 2 years of daily
French CAC40 index data. Sentana (1991) compares ARCH models with the linear
GARCH using a century of US stock index data. Rabemanjara and Zakoian (1993)
compare a threshold GARCH model with the linear GARCH using about two year
of daily data on the French CAC40 index and some individual stocks comprising the
index. Pagan and Schwert (1990) analyse several alternative conditional volatility
models using monthly data from 1835 to 1925, but most of these are non-parametric
models, the only parametric ARCH models being the EGARCH and the linear
GARCH. To the best of our knowledge, Engle and Ng (1993) is the only major
study to date which evaluates a wide spectrum of parametric ARCH models. They
examine six parametric ARCH models using eight years daily returns on the Japanese
Topix Index. However, the main focus of their study is the development of new
diagnostic tests and the asymmetry of the volatility response to news, and though
they do a sub-sample robustness check, their empirical analysis does not include an

evaluation of the out-of-sample predictive ability of the models.

This paper provides comprehensive empirical evidence on different parametric ARCH
models using daily data on a value weighted stock index and ten size based portfolios

of stocks, covering the 20 year period 1971-1990. It seeks to make a contribution
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in several directions. First, it documents for the same data, the relative effectiveness
of most of the major parametric ARCH models that have been proposed in the
literature. Second, the ex ante usefulness of these models for portfolio selection and
asset pricing decisions is evaluated by quantifying their out-of-sample predictive
ability. Third, it examines the relative performance not only across different time
periods but also across portfolios corresponding to different market value deciles.
Finally, it employs data from the UK market where reported prices represent firm
dealer quotes rather than last transaction prices as in the US or Japan on which most

of the earlier work has been based.

This paper is organised as follows: Section 2 provides a specification of the
parametric ARCH models examined; Section 3 describes the data; Section 4 outlines

the methodology used; Section 5 documents the results; and Section 6 summarises

the conclusions.

2, PARAMETRIC ARCH MODELS

Consider a time series of stock returns y , which can be modelled as

y, =f(x:) +u,

where x/, denotes a vector of variables (either lagged dependent or exogenous) that
affect the conditional mean of the series y,, and u, is an independent and identically

distributed error term with zero mean, a variance of conditional on () ;-1 the
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information set available at time #-1, and a density function D(u,). A general

conditional volatility model can be written as

E[af]ﬂt_l] =f(2, )

Clearly, there are two major issues that need to be addressed: first, what variables

should be in ,_;; and second what is the nature of the function f (1)? Ideally,

), _, should contain all (relevant) variables that are observable at time #-1. Given

the complexity of financial markets, these are virtually impossible to specify

completely or precisely. If markets are efficient, volatility (like price) at time ¢

should reflect all information at time ¢. Hence natural proxies for {2, , are lagged
values of af and uf. The nature of the parametric ARCH model is determined by
the specific functional form of f(-). In the linear ARCH(g) model of Engle (1982),
2 z 2
o =@y + 3 qu
j=1
with ¢; >0, « ;20,j=1, ..., g to ensure a positive conditional (and unconditional)

variance.

Bollerslev (1986) generalised the ARCH model to the linear GARCH(p,g) model

where:

2 2 2 z 2
or=ay+ Y Bioyt ), U,
i=1 j=1
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with @y >0, 8,20,i=1, ..., p, a;20,j= 1, ...., g. The simple GARCH(1,1)

model has often been the most popular for modelling financial time series. Engle and
Bollerlev (1986) extended GARCH to the integrated GARCH in which the
coefficients sum to unity implying infinite unconditional variance as in the stable

paretian distributions suggested by Fama (1965) and Mandelbrot (1963).

However, there are several difficulties with the linear GARCH model. First, there
are features of the data which the model is not capable of describing. In particular,
Black (1976) and Christie (1982) document a negative correlation between current
returns and future volatility. There is an asymmetry in the impact of news on
volatility. Negative news surprises increase predictable volatility more than positive

news comprises. The GARCH model fails to capture this "leverage" effect because

it is a symmetric (i.e. quadratic) function of #,. Second, GARCH estimation must

neccessarily restrict a; and B; to positive values to ensure non-negativity of the

conditional variances. This makes computations more difficult. Furthermore, as
highlighted by Rabemanjara and Zakoian (1993), the impact of past volatility shocks,
irrespective of sign, always increases with the magnitude of the shock in the GARCH
model making it incapable of describing cyclical or non-linear behaviour in the

volatility, These limitations have motivated most of the post-GARCH models.

Nelson (1990) proposes the Exponential GARCH (EGARCH) model:
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L q U, . u, . 2
logo? = @, + logol, + Na.| 0 .t 4 U R
g t 0 HEIBI g t-i J:EI j t-j o-!-j Y at—-j i

The EGARCH accounts for the asymmetric relationship between returns and

volatility, and avoids the need to restrict &, and B; to positive values to ensure non-

negativity of the conditional variances.

Glosten et. al. (1993) and Zakoian (1991) model the "leverage" effect by addition of

terms based on threshold values of u , to the GARCH model. The Threshold

GARCH (TGARCH) can be expressed as:

P q
2 2 - 2 2 - 2
oy =ay+ Y (Bior i +Y;S00) + ) (@ju,;+8;8, ju; ;)
i-1 j=1

where S, =1if u, <0, S, = 0 otherwise.

A general parameterisation of the conditional variance equation is the Quadratic
ARCH model, put forward by Sentana (1991). This model can be viewed as a
second-order Taylor expansion of the (unknown) conditional variance function. In

its most general form, the Quadratic GARCH (QGARCH) model is given by:

2 2
O, =g + Z;B,-G,_,- ¥ Z; Vilhey * 30 D00t Uy
i= J=
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The QGARCH model encompasses several models, including the standard linear
GARCH, the Generalised Augmented ARCH (GAARCH) of Bera, Lee and Higgins
(1990), the Asymmetric GARCH (AGARCH) of Engle (1990) and Robinson's (1991)

linear standard deviation model. For example, Engle's AGARCH is given by
2 2 2 cd 0
oy =g+ Y Biog+ Y (e Iut—jl *YU,)
i=1 j=1

Suitably formulated, the QGARCH model, and its variants, can capture the

asymmetric relationship between returns and volatility.

Another approach to reparameterising the conditional variance equation has been
recently suggested by Higgins and Bera (1992). By applying a Box-Cox (1964)

transformation to the variance equation, a nonlinear GARCH (NGARCH) model can

be obtained.

P q 1
2 2 2
o, = (ao)s + El Bi(at—i)s + E aj(ut—j)s ®
i= j=1
Like the QGARCH model, the NGARCH model encompasses several other models,
such as the standard linear GARCH, and the log-GARCH form of Geweke (1986)

and Pantula (1986).

In this study, the information set {},_; governing conditional volatility is assumed

to contain only one time period lagged variables. In particular, it is assumed that'!:

U gee Pagan and Schwert (1990) on using e, as conditioning variables instead of «,.
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E[o7]9Q,,] = f(o,1.¢,)
Longer lags of either o, or e, are not reported for three reasons. First, earlier studies
have found that lags of one are not only sufficient but often provide the best fit (see
eg Corhay and Rad, 1991, Chou, 1988, Baillie and DeGennaro, 1990, and Poon and
Taylor, 1992). Second, as Engle and Ng (1993) point out, by holding the information
before #-1 constant, the impact of new information on volatility can be examined.
Third, for several of our models, we did examine a longer lag structure of up to 3

lags. Our results were not affected either quantitatively or qualitatively by including

the additional lags.

More importantly, it is neccessary to include the effect of holidays and weekends on
the volatility equation. There is clear evidence that the volatility over holidays and
weekends differs from the volatility over trading days (see for example French and
Roll, 1986, and Lockwood and Linn, 1991). To account for this, we modify the

conditional volatility equation to

E[a% I‘Q't-l] =f([Ut-l_th-l_q’Y:—l]’e:-l) + (‘)Xt M ll’Yt

where X, takes the value of one if period ¢ follows a holiday and zero otherwise, and

Y, takes the value of one if period ¢ follows a weekend and zero otherwise. The aim

is to subtract volatility due to the holiday and weekend effect from the 'normal’
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trading day volatility’>. In this context, the models described in this section so far
are estimated in the following form:

GARCH(1,1)

03 =4, +Al(af_1—ooX,_1 -vY,_;) +A2et2_1 + X, + JY,

EGARCH(1,1)

e e
03 =expl A, + 4, 9:2-1 +A,14, — = EH * X, + VY,
Ge-1 Gr-1 ™
2 2
where ¢, =0, - 0X, - VY,

TGARCH(1,1)

af =4, +A1(a,2_1—th_1—1|IYt_1) +A2e,2_1 +A3S'e,2_1 + wX, + JY,
where §"=1ife,_, <0,and §° = 0 otherwise.

QGARCH(1,1)

af =4, +Al(°'t2—1 -0X, , -¥Y,,) +Azerz-l +A3et—1 * X, + Y,

NGARCH(1,1)

o = [Ao +Al(":2-1‘("1":-1“I’Yr-1)A3 ’“‘42(3:2—1)[13}1/143 t X, + ¢y,

AGARCH(1,1)

4
0y = Ay + A, (07 - 0X, - VY, ) tdgle | +Age,y + 0X, + TY,

12 Such a formulation is employed for example, by Cheung and Ng (1990).
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Engle and Ng (1993) introduce the News Impact Curve to examine how new

information affects the next period variance. The curve represents the relationship

between innovations in returns e, , and the volatility af implied by a conditional

variance mode] estimated at the sample mean and holding constant information dated

-2 and earlier. For the GARCH and NGARCH models, a quadratic curve is

obtained, symmetric at e, ; = 0. The curves for EGARCH, TGARCH, QGARCH

and the AGARCH models have their minimum also at e, , = 0, but they are
asymmetric. Engle and Ng (1993) also propose a Nonlinear Asymmetric GARCH

(NAGARCH), which not only captures the asymmetric relationship between e,_; and

af , but also allows for the asymmetric impact response curve to be centred at a non-

zero e, _,:

NAGARCH(1,1)
ai =4, +Al‘;tz—l +Az[et-l + A, Ct-l]2 *oX, + ¢Y,

where ¢t =a’ - wX, - Y,

Additionally, other models based on some other nonlinear functions of the conditional

variance equation that can also be proposed. First, one can allow for interactions

between e,_; and 0,2_1 (the NAGARCH model can be viewed as a standard GARCH

with an additional e,_; o,_; term, or a modified form of the QGARCH). This leads

to a GARCH model with an interaction term (INGARCH):
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INGARCH(1,1)
2 _ 2 2 2
0y =dAy + A ¢,y +Aye,y +Aze, 16y + WX, + VY,

where gf = af - wX, - yY,

One can combine several of the above models to obtain new parametric formulations.
For example, by combining the TGARCH with the QGARCH, one gets a TQGARCH

model:

TQGARCH(1,1)

‘73 =A, + 4, (‘7:2-1 -0X,  -VY, ) +A,(e,, 'As)z

+ A8 (e, -45)" + 0X, + VY,

Likewise, the Box-Cox transformation technique of NGARCH can be applied on
QGARCH to yield the Nonlinear Quadratic GARCH (NQGARCH):

NQGARCH1(1,1)

A A,71/4
a% = [Ao +A1(0t2—1 -—0X, YY)+ [4y(e -45)*] 4] ‘

+ 0X, + VY,

NQGARCH]1 nests the following models
a) GARCH (A;=0and 4, = 1)
b) QGARCH (4, =1)

c)  NGARCH (4, = 0)
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A variant to the above model is to apply the Box-Cox transformation only to af and 0,2_ 1

terms i.e.

NQGARCH2(1,1)

2
o = [Ao +A, (0 -0X, - ‘I’Y:-1)A4 +d,(e, 'As)z]I/A"
+ wX, + JY,

Note that the NQGARCH?2 is almost identical to the EGARCH when A,—0.
Finally, one could combine the NGARCH with the TGARCH to get

NTGARCH1(1,1)
o = [Ao + A4, (001 - 0X, - VY, )M+ A, (el )™

+A3S‘(et2-1)A4]1/A4 X, + yY,

NTGARCH2(1,1)
o; = [Ao + 4, (‘7:2-1 -0X, , -¥Y,, )A‘ * A2ef2'1

+1‘13S'e,2_1]1/'44 + wX, + Y,

Like the NAGARCH, the INGARCH, TQGARCH and both variants of NQGARCH
and NTGARCH are formulated such that the models' News Impact Curve depends on
various (nonlinear) terms. As such, these models also attempt to capture observed

asymmetric leverage effects.
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3. DATA

The empirical analysis is based on 20 years daily data of the London Stock Exchange
from January 1971 to December 1990. 11 returns' series are analysed corresponding
to the FT All Share Index and ten size sorted portfolios. Daily values of the FT All
Share Index for the sample period were collected from Datastream and used to
calculate daily log returns. To construct the ten size sorted portfolios, all stocks

which satisfied the following criteria were selected:

(@)  Daily "adjusted"® and unadjusted prices for the stock were available on

Datastream for the entire sample period,

(b) Dividends and ex dividend dates for the stock were available from the London
Business School Share Price Database for the entire sample period, and
(c) The stock had traded at least once during every calendar month in the sample

period.

Criteria (a) and (b) above clearly introduce a selection bias but this does not appear
important in the context of the study. Criteria (c) above was included to mitigate

potential distortions due to infrequent trading™.

13 "Adjusted" prices control for changes in capitalisation of the stock.

" Infrequent trading related effects are also filtered out before estimating conditional volatility.
See Section 4 later.
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176 stocks satisfied the above criteria. Daily adjusted and unadjusted prices for these
stocks were collected from Datastream and dividend data was collected from the LBS
Share Price Database and these were used to calculate daily returns for each day in
the sample period. Using the market value at the start of the sample period as the

basis of sorting, ten equally weighted size based portfolio returns' series were

constructed.

4. METHODOLOGY

4.1 Empirical Research Design

The empirical research design adopted in this study is essentially similar to that of
Pagan and Schwert (1990), though a wider spectrum of diagnostic tests are employed
including in particular the tests based on the News Impact Curve recently proposed
by Engle and Ng (1993). The 20 year sample period January 1971 to December
1990 is divided into two equal 10 year periods - January 1971 to December 1980
and January 1981 to December 1990. The second half of the sample is itself split
into two sub-periods - January 1981 to December 1985 and January 1986 to
December 1990 - because it includes the major market crash on Black Monday
October 19, 1987 and the mini crash on Black Friday October 16, 1989, both of

which involved high volatility, localised in time, following high negative returns.
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An important issue is the choice of the conditional density function D(u,) for the

error term. The obvious first possible choice is a normal distribution. However,
unconditional stock return distributions tend to have fatter tails than a normal
distribution", and the standardised residuals from estimated parametric ARCH models

are often leptokurtic for financial time series (Bollerslev et al, 1992, Section 2.3).

Several other forms of the conditional density function D(u,) have been suggested

in the literature, e.g. the Student-¢ distribution in Bollerslev (1987), the normal-
Poisson mixture distribution in Jorion (1988), the power exponential distribution in
Baillie and Bollerslev (1989), the normal-lognormal mixture distribution in Hsieh
(1989), and the generalised exponential distribution in Nelson (1990). To test
whether our rankings of the different parametric ARCH models are robust to the
choice of the conditional density function, we run all computations for the FT All
Share Index in two ways. First, we base our estimations on log-likelihood functions
that correspond to a normal distribution. Second, we assume that the error term is
Student-¢ distributed, as in Bollerslev (1987). We find that our relative rankings of
the different parametric ARCH models remain exactly the same for the FT All Share
Index. Hence, all further estimations are based on assuming conditional normality,

and all the results reported in the tables in this paper are for a conditional normal

density function’s,

15 See eg Mandelbrot (1965) and Fama (1965) for early evidence.

16 Results based on the use of Student-¢ as the conditional distribution are available from the
author on request.
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The parameters of each of the variance equations (corresponding to the different
parametric ARCH models) are estimated separately for each of the 4 periods
(1971-80, 1981-90, 1981-85 and 1986-90), and for each of 11 returns' series (the FT
All Share Index and the 10 size based portfolios). These parameters are used to
estimate the daily conditional volatility series for each of the 44 cases (11 returns’
series and 4 periods), and together with the diagnostics constitute the in-sample set
of results. To estimate the ex-ante out-of-sample predictive power of the different
models, the parameters of the relevant variance equation estimated from an earlier
sub-period, are used to compute the conditional volatility in the following period.
Therefore, parameters estimated from the 1971-80 data are used to predict conditional
volatility for the 1981-90 and the 1981-85 periods and the parameters estimated from

the 1981-85 data are used to predict conditional volatility for the 1986-90 period.

Since the focus of this study is on conditional volatility it is necessary to remove
possible predictability in the conditional mean. Such predictability can potentially
arise from two sources - calender based seasonalities and infrequent trading of
portfolio stocks. The method followed to filter out such predictability is similar to

that used by Pagan and Schwert (1990), Engle and Ng (1991) and Kearn and Pagan

(1990). For each return series, we first regress the returns y, on five day-of-the-
week dummies - MON, TUE, WED, THU, FRI - and a dummy variable X , for the

day following a holiday:
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Y¢=AMON, + A, TUE, + A,WED, + A,THU, + A;FRI, + A;X, + u,

u, is then regressed against a constant and ten autoregressive lags to give the

residuals, €,.

10
U, = vy + 12: LV, U + €
-1

From the series ¢,, we then estimate by means of maximum likelihood the following

equation using the algorithm of Berndt, Hall, Hall and Hausman (1974)
€ =By + ¢,

where e, is distributed as conditionally normal, with zero mean and a time-varying

variance o', based on various parametric formulations described in Section 2.

4.2 Benchmarks and Diagnostics

Several benchmarks and diagnostics are examined. Since all the models are
estimated using maximum likelihood, the first benchmark is the log-likelihood. In
this context, it is relevant to note that except for the EGARCH model, the GARCH
model is nested within all the other parametric ARCH models examined. Therefore,
a likelihood ratio test can be performed. For models with one additional parameter

i.e. the TGARCH, QGARCH, NGARCH, NAGARCH and INGARCH models, the
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log-likelihood must improve by at least 1.92 before we can reject the null hypothesis
that the additional parameters are not significantly different from zero at the 5%
level. Similarly, for models with two additional parameters, i.e. the AGARCH,
TQGARCH1, TQGARCH2, NQGARCHI1, NQGARCH2, NTGARCHI1 and
NTGARCH?2, the log-likelihood must improve by at least 3.00 for the additional

parameters to be significantly different from zero at the 5% level.

Second, the sample skewness and excess kurtosis of the standardised residuals from
each of the models is calculated and the hypothesis that they are equal to zero is
tested. In this paper, all directly reported results assume conditionally normally
distributed errors. However, results (on other financial assets) of McCurdy and
Morgan (1987), Milhgj (1987), Hsieh (1989) and Baillie and Bollerslev (1989)
suggest that such an assumption does not capture all the observed skewness and

excess kurtosis. This test will provide empirical evidence in this regard on UK stock

returns.

Third, we also test for serial correlation in the standardised residuals and the square

of the standardised residuals. These are standard tests employed in the ARCH

literature to check if the models fully capture heteroskedastic behaviour.

Fourth, we run the following regression:

2 _ 2
e, =a+foy+v,



41

and look at the R? (the coefficient of determination)'’. The higher the R’, the better

will be the prediction of the actual variance ef with the estimated variance a%. We

also run the logarithmic version of the above regression ie

logef =a + ,Blogaf + v,

and look at the R? (which we shall term as R*-for-logs). This assumes a proportional

loss function (as opposed to a quadratic one implied in the linear regression model)

between e% and of (see Pagan and Schwert, 1990). The regression for logs implies

that mistakes in predicting small variances are given more weight than in the linear

regression.

In the context of the use of R? or R*-for-logs as benchmarks of performance, it is
important to emphasise that the values of R* or R*-for-logs do not have "standard
error" estimates around them, and so it very difficult to come to any reasonably firm
conclusion about whether the differences in R? or R>-for logs, between different
models are statistically significant or not, except through consistency across time or

consistency across portfolios.

1 The R? measures the explanation of the squared innovations ef by the conditional variance 02,,

while the log-likelihood pertains to the innovations e,_,. As noted by Pagan and Schwert (1990), while
the two measures point in the same direction, they are not comparable.
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The regression of the actual variance ef on the estimated variance af also tests for

model adequacy (Pagan and Sabau, 1987). If the model is well specified, the

intercept a should be zero and the slope B should be unity. Furthermore, if

persistence in volatility is fully captured by the models, the residuals v, should be

serially uncorrelated.

Our final set of diagnostics come from Engle and Ng (1993). The tests are based on

the News Impact Curve which represents the relationship between innovations in

returns e,_, on the volatility af implied by a conditional variance model estimated

at the sample mean and holding constant information dated #-2 and earlier. The tests
are designed to examine if the volatility models represent the data adequately. There
are three tests. The sign-bias test indicates whether positive and negative return
innovations have different impact on the volatility not predicted by the null volatility
model. The positive-size-bias test indicates the difference in impact between large
and small positive innovations on volatility not explained by the null volatility model.
Finally, the negative size bias test indicates the difference in impact between large
and small negative innovations on volatility not predicted by the null volatility model.
To conduct the tests, the following regression are estimated:
zi=a+b S, +b,Sie,  +bSie,  +v,

e, .. _
where z, = a—’; S,=1ife, , <0and S, =0 otherwise; and §; =1-§,.

t
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The r-ratios for b,, b, and b, are the test statistics for the sign-bias test, the

negative-size-bias test, and the positive size-bias test respectively. We also do a joint

F-test for any of the three statistics to be different from zero.

5. RESULTS

5.1 Unconditional Estimates

Table 1 shows the summary statistics for the residuals €, of each of the 11 portfolios

over the 4 periods. The unconditional volatility is highest for the 1971-80 period for
all portfolios. The recursive variance plots' show that this is driven largely by the
high volatility in the 1973-75 period. The unconditional volatility during the 1986-90
sub-period is also higher than the 1981-85 sub-period, once again driven by the
localised high volatility around Black Monday October 19, 1987. The unconditional
volatility also appears to be related to firm size: portfolios of large-sized companies

generally have a higher unconditional variance than that of small-sized companies.

In all cases, the residuals display skewness and excess kurtosis that are significantly
different from that of a normal distribution. Portfolios of small-sized companies tend
to be more negatively skewed than portfolios of large-sized companies. Significant

excess kurtosis indicates fat-tailed distributions for all portfolios. Kurtosis appears

18 These are available from the author on request.
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to be size related, with portfolios of small-sized companies displaying greater
kurtosis. Kurtosis is greatest during the 1986-90 period, presumably arising from the
relatively higher localised variations in distributional parameters over this period due

to the stock market crash on Black Monday.

Table 1 also shows the results of the Ljung-Box test for serial correlation of up to

10 lags for both the residuals €, and squared residuals ef. While the residuals are

not serially correlated (since all predictability has been removed from the mean),

serial correlation is present in the squared residuals for all portfolios across all

periods, suggesting time-varying volatility.
5.2  The FT All Share Index

5.2.1 In-sample estimation

Tables 2A, 2B, 2C and 2D summarise the benchmarks and diagnostics related to the
in-sample performance of the different parametric ARCH models for the FT All
Share Index for the four periods 1971-80, 1981-90, 1981-85 and 1986-90
respectively. The tables have several interesting features. First, except for the 1981-
85 period, the standardised residuals from the parametric volatility models continue
to display significant skewness and excess kurtosis, even though the extent of
skewness and excess kurtosis is markedly lower than the unconditional estimates
reported in Table 1. However, for all models and all periods, the 10-lags Ljung Box

statistic for the squared standardised residuals ie Q*(10) is not significant even at the
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10% level when it was highly significant for the unconditional estimates in Table 1.
This shows that all the ARCH models estimated are generally good descriptions of

the time-varying volatility in the index.

Second, examination of the log-likelihood reveals that, in the majority of cases, the
log-likelihood of the additional parameter models (which nest the GARCH model as
a special case) is significantly greater (at the 5% level) than that of the GARCH
model. However, it is only the NAGARCH and the TQGARCH which outperform
the GARCH on this criteria in all periods. Nevertheless, this does show that the

parameters proxying for asymmetry in the post-GARCH models are usually

statistically significant.

With R? as the benchmark of performance, the results vary significantly from the first
to the second half of the sample period. For 1971-80, the R* of the GARCH model
is higher than the R? of each of the post-GARCH models, while for 1981-90, and the
two sub periods 1981-85 and 1986-90, the R? of the GARCH model is lower than the
R? of each of the post~GARCH models. It is also relevant to note that in the 1981-90
period and the 1986-90 sub-period, the performance of EGARCH on the basis of R®
is markedly better than the performance of each of the other models, while it is

largely similar to the other models in remaining 1971-80 period and 1981-85 sub-

period.
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On the basis of R?-for-logs, the EGARCH in-sample prediction is largely similar to
the other models in all periods. On the other hand, the R*-for-logs is, in almost all
cases, both across periods and across models, lower for the GARCH model than for

the post-GARCH models. This could suggest that all the alternative parametric

ARCH models consistently perform better than the GARCH in predicting ef for

small values. However, anticipating later results, such a conclusion is not valid since

it is not robust across different size based portfolios, and does not carry over to out-

of-sample estimation.

. . . . 2
The intercept and slope coefficients in the Pagan and Sabau (1987) regression of e

on af are not significantly different from zero (at even the 10% significance level)

in any period for any model. This shows that none of the volatility models are
misspecified. The residuals from the regression do not also show any evidence of
serial correlation and the heteroskedasticity-corrected Box-Pierce (1970) statistic
cannot reject the null of serially uncorrelated residuals at 10 lags. This suggests that

there is no persistence in volatility in addition to that captured by these models.

Finally, none of three Engle and Ng (1993) diagnostic tests are able to distinguish
significantly between the different models in any period. The test statistics for the
sign-bias test as well as for the positive-size-bias test are not significantly different

from zero for any period for any model. The test statistics for the negative-size-bias
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test are also not significantly different from zero for any model for the periods 1971-
80 and 1981-90 and the sub-period 1986-90. The test statistics for the negative-size-
bias test are significantly different from zero for some models only for the sub-period
1981-85. However, the t-statistics vary from -2.18 for GARCH to -1.25 for
INGARCH, and the differences across models do not appear statistically significant.

The F-statistic for the joint test is also not significant in any case except for the

GARCH model during the 1981-85 sub-period.

5.2.2 Out-of-Sample Estimation

Tables 3A, 3B and 3C summarise the benchmarks and diagnostics related to the out-
of-sample performance of the different parametric ARCH models for the period 1981-
90, and the sub-periods 1981-85 and 1986-90. The basic results are largely similar
to the in-sample case. First, as expected, the standardised residuals from the different
volatility models display skewness and excess kurtosis which is not as significant as
the unconditional estimates in Table 1, but are nevertheless more significant than the
in-sample estimates of Tables 2B, 2C and 2D. The 10-lags Ljung-Box statistic for
the squared standardised residuals continues to be statistically insignificant for the
1981-85 and the 1986-90 sub-periods, but is significant for the overall 1981-90
period. This means that all the ARCH models are good ex-ante descriptions of time
varying volatility provided the parameter estimates do not span too long an interval.
This suggests some non-stationarity in the estimated parameters of the ARCH models.

However, there are no systematic and significant differences between models in this

regard.
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With R? as the benchmark of performance, the EGARCH, TGARCH, AGARCH,
TQGARCH, NQGARCH1, NTGARCH1 and NTGARCH?2 outperform the GARCH
in both the sub-periods 1981-85 and 1986-90. Similar to the in-sample results, the
EGARCH out-of-sample prediction is markedly better than all other models for 1986-
90 and largely similar to the other models for 1981-85. The EGARCH, TGARCH
and NTGARCHI1 rank in the top quartile of all models in both sub-periods 1981-85

and 1986-90.

However, with R*-for-logs as the measure of performance, the GARCH outperforms
all these models in the sub-period 1981-85 and underperforms all other models in the
sub-period 1986-90. The results for 1981-85 are clearly not consistent with the
earlier results for in-sample estimation. The EGARCH outperforms most of the other

models for the 1981-85 period and is largely similar to the other models for the

1986-90 period.

The Pagan and Sabau (1987) test shows that none of the volatility models are mis-
specified even for ex-ante out-of-sample conditional volatility prediction. The
intercept and slope are not significantly different from zero and one respectively for
any period and any model. The residuals from the Pagan-Sabau regression do not
show any evidence of serial correlation and the heteroskedasticity-corrected Box-
Pierce (1970) statistic cannot again reject in any case the null hypothesis of serially

uncorrelated residuals at ten lags.
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Finally, the Engle and Ng (1993) sign-bias test, positive-size-bias test and negative-
size-bias test again fail to distinguish between the different models. None of the test
statistics for the sign-bias test and the positive-size-bias test are significantly different
from zero for any period or any model. The test statistics for the negative-size-bias
test are also not significantly different from zero for any model for the sub-period
1986-90. The test statistics for the negative-size-bias test are significantly different
from zero for all models for the sub-period 1981-85 and the overall period 1981-90.
The t-statistics vary from -3.47 for EGARCH to -1.93 for NGARCH during the
overall 1981-90 period, and from -2.96 for NGARCH to -2.29 for EGARCH during
the 1981-85 sub-period. The F-statistics for the joint test are also not significant for
any model for the 1986-90 sub-period, and significant for all models for the overall
period 1981-90 (p-values < 0.09) and for the sub-period 1981-85 (p-values < 0.06).
Clearly, inferences regarding the differences across models are not consistent, and

also do not appear to be statistically significant.

53 Size based Portfolios

Analysis similar to that discussed for the FT All Share Index is conducted for each
of the 10 size based portfolios and tables corresponding to Tables 2A, 2B, 2C, 2D,
3A, 3B and 3C are prepared in each case. These 70 tables are not being appended
to the paper because of their sheer volume, but are available from the author on
request. Qualitatively, the results relating to the relative performance of the different

parametric ARCH models are largely similar to those obtained for the FT All Share
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Index with no apparent sized based differences across portfolios. It is found that in

all cases:

(a)

(b)

(©)

(d)

the standardised residuals from the different volatility models continue to
display significant skewness and excess kurtosis even though the magnitudes

are much lower than the corresponding unconditional estimates;

the squared standardised residuals are not serially correlated suggesting that

ARCH models are generally good descriptions of the time variation in

volatility;

the intercept and slope coefficients in the Pagan and Sabau (1987) regression

of ef on af are not significantly different from zero and one respectively (at

even the 10% significance level) in any period for any model, and the

regression residuals are serially uncorrelated, indicating that none of the

volatility models are misspecified;

for all portfolios, in the majority of cases, the log-likelihood of the additional
parameter models is significantly greater than that of the GARCH model, at
least in some periods, suggesting that the parameters proxying for asymmetry

in the post-GARCH models are usually statistically significant; and



51
(e) none of the three Engle and Ng (1993) sign bias tests are able to distinguish

between the different parametric ARCH models.

However, the inferences based on R? and R*-for-logs as the benchmark of
performance are not completely consistent across portfolios. To analyse the
differences, the performance of the different models based on R?, and R%-for-logs (for
different portfolios and different periods) was ranked across models from 1 to 13, and
summed across different portfolios to infer the mean rank of different models for
each period separately. The statistical significance of this mean rank was calculated
as in Walmsley et. al. (1992). Tables 4A, 4B, 4C and 4D (based on in-sample R
out-of-sample R?, in-sample R*-for-logs and out-of-sample R>-for-logs respectively)
report the mean rank of different models for each of time periods 1971-80, 1981-90,
1981-85 and 1986-90, as well as the z-statistics for the null hypotheses that the mean
rank is not significantly different from the expected value of 7 if the performance of

all the models is the same.

Based on R* and in-sample estimation, consistent with earlier results, the GARCH
model significantly outperforms the other models in the 1971-80 period and
significantly underperforms in each of the periods 1981-90, 1981-85 and 1986-90.
The EGARCH model significantly outperforms all other models for the sub-period
1986-90 and for the overall period 1981-90, and is not very different from the
average model in the period 1971-80 and the sub-period 1981-85. While no model

significantly outperforms the median model in each of the 4 periods analysed, the
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EGARCH, TGARCH and NTGARCH]1 rank above the median in both sub-periods
1981-85 and 1986-90. Based on R®? and out-of-sample estimation, no model
significantly outperforms others in both sub-periods 1981-85 and 1986-90, but once

again the EGARCH, TGARCH and NTGARCH 1 rank above the median in both sub-

periods.

Based on R*-for-logs, no model exhibits a performance that is significantly different
from the average performance, both for in-sample and out-of-sample estimation.
While individual portfolio results may have signalled superior performance for
individual models in some periods, there is no clear bottomline for a particular
portfolio in all periods, or for all portfolios in a particular period. This suggest that
the superior performance of some of the parametric models highlighted earlier could
be driven by the ability to predict large variances accurately, since the superior
performance disappears when a benchmark which gives relatively greater weight to
errors in predicting small variances is used. Alternatively, as highlighted earlier, the
distribution of R? values are unknown, and so the only way to come to any
reasonably firm conclusion about whether the differences in R? or Rz-for-logs,
between different models are statistically significant or not is to analyse consistency
across time or consistency across portfolios. The results could also suggest that a
benchmark based on R*-for-logs is not statistically powerful enough to distinguish

between the different models examined.
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Finally, in results not reported in this paper but available from the author on request,
we repeat the analysis by splitting our 10 size-sorted portfolios into two sub-groups.
The first sub-group consists of the first 5 portfolios and hence represents large-sized
companies and the second sub-group consists of the remaining 5 portfolios and hence
represents the small-sized companies. A similar pattern of predictive performance
is observed for both sub-groups. This suggests that the performance of a particular

model in predicting volatility is largely unrelated to firm size.

6. SUMMARY AND CONCLUSIONS

This paper presents empirical evidence on the effectiveness of different parametric
ARCH models in describing daily stock returns. 20 years UK daily data on a value
weighted stock index and ten size sorted portfolios are investigated for the period
1971-90. Several interesting results are documented. First, the squared standardised
residuals from all models are serially uncorrelated suggesting that ARCH models are
generally good descriptions of the time variation in volatility. Second, none of the
volatility models are misspecified since the conditional variance is an unbiased
predictor of the actnal variance in all cases. Third, the assumption of normal
conditional densities is inadequate for all models since the resulting standardised
residuals continue to display significant skewness and excess kurtosis. Fourth, in
most of the cases, the log-likelihood of the additional parameter models is
significantly greater than that of the GARCH model, suggesting that the parameter(s)

proxying for asymmetry in the post-GARCH models are usually statistically
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significant. Fifth, none of the three Engle and Ng (1993) sign bias tests, based on
the News Impact Curve, are able to distinguish between the different parametric
ARCH models. Sixth, the relative performance of different parametric ARCH models
has not been totally consistent across different periods and across different portfolios,
but, among the models currently proposed in the literature, the TGARCH and
EGARCH models significantly outperform the GARCH model" both on an in-sample
and out-of-sample basis over each of the more recent sub-periods 1981-85 and
1986-90. However, all superior performance disappears when a benchmark which
gives relatively greater weight to errors in predicting small variances is used. Finally,
there do not appear to be any systematic firm size related differences in the relative

predictive ability of the different parametric ARCH models.

19 Engle and Ng (1993) arrive at a similar conclusion using the diagnostics based on the New
Impact Curve.
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LEGEND TABLE FOR TABLES 2A-2D AND 3A-3D

Description of column headings appearing on Tables 2A-2D and Tables 3A-3D.

Log-L

Skewness

Kurt.

CONST.
and
SLOPE

RZ
R2?-logs

Qv(10)

Qx(10)
Qx2{10)

S-, S-e,

S +e, F-test

Denotes log-likelihood value. Asterisk denotes significance of
likelihood ratio test over the GARCH model.

Skewness computed for the standardised residuals. p-values
(shown in parenthesis) denote test for normal skewness.

Excess kurtosis computed for the standardised residuals. p-values
(shown in parenthesis) denote test for zero excess (i.e. normal)

kurtosis.

Denote the Pagan and Sabau (1987) test for misspecification of
the conditional variance equation i.e.

e? = CONST + SLOPEo: + v,

If conditional variance is correctly specified, CONST. should equal
zero and SLOPE equal one.

Denotes the R-square of the above regression.
Denotes rhe R-square for the log version of the above regression.

Heteroskedasticity-adjusted Box-Pierce statistic for the residuals
from the above regression i.e. v,.

Ljung-Box statistic for the standardised residuals.
Ljung-Box statistic for the square of standardised residuals.

Denote Engle and Ng (1993) diagnostic tests.
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CHAPTER 3
ASYMMETRY IN VOLATILITIES AND
THE PRIVATE INFORMATION HYPOTHESIS

Abstract

In a recent paper, Conrad, Gultekin and Kaul (1991) report an asymmetric effect in
the conditional volatilities of large and small market value firms using weekly stock
returns data from the US. This paper documents a similar effect for UK daily stock
returns. Shocks from a portfolio of large firms affect the future volatility of a
portfolio of small firms, but shocks from the portfolio of small firms have no effect
on the future volatility of the portfolio of large firms. We also examine the
differences in nontrading and trading shocks on future volatility. We find that trading
period shocks from one portfolio tend to affect subsequent volatility of the other
portfolio, but not nontrading period shocks. Volatility of small firms appears to be
affected more by the trading shocks of large firms than volatility of large firms by
trading shocks of small firms. The evidence in this paper therefore support the
hypothesis that higher trading period volatility is due to the release of private

information through the trading activities of informed investors.



ASYMMETRY IN VOLATILITIES AND

THE PRIVATE INFORMATION HYPOTHESIS

1. INTRODUCTION

There is considerable evidence on the time-series predictability of stock returns.
Fama (1965), Fisher (1966), French and Roll (1986), Lo and MacKinlay (1990a), and
Scholes and Williams (1977) have documented serial dependence in stock returns,
and Lo and MacKinlay (1990a) find that lagged returns of large size firms can predict
returns of small size firms, but not vice versa. Cohen et. al. (1980) and Scholes and
Williams (1977) have ascribed the observed serial dependence in returns to problems
of nonsynchronous trading. Given that stocks of different market capitalization
exhibit different degrees of nonsynchronous trading, this may also explain the
asymmetric predictability in the returns of different size stocks, as documented by Lo
and MacKinlay (1990a). However, Lo and MacKinlay (1990b) have argued that
attributing all observed serial dependence and cross predictability to nonsynchronous

trading would suggest an absurdly thin market.

The introduction of Autoregressive Conditional Heteroskedasticity (ARCH) models
by Engle (1982) and others (e.g. Bollerslev, 1986, Nelson, 1991) have allowed
analysis to be extended to higher moments of stock returns, namely volatility. Many
researchers have found that there is considerable dependence in the variance of stock

returns, suggesting predictability in stock volatility (see Chou, 1988, French et. al.,
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1987, and Watt and Yadav, 1993"). Conrad et. al. (1991) find that the asymmetric
predictability extends to the conditional variance as well, i.e. the conditional variance
of large firms can predict the conditional variance of small firms, but not the other
way round. Using the Lo and MacKinlay (1990b) nontrading model, they proceed
to show that the observed asymmetric predictability of conditional variance cannot

be caused by nonsynchronous trading?.

Such findings in the (asymmetric) predictability in the mean and variance of stock
returns add to the conundrum of empirical evidence on asset prices. For example,
autocorrelations of individual stock returns are only weakly positive or negative
(Fama, 1965, French and Roll, 1986, and Lo and MacKinlay, 1990a), but portfolio
returns appear to be positively autocorrelated (Cohen et. al., 1980, and Scholes and
Williams, 1977). Fama (1965), and French and Roll (1986) also find that daily stock
return variances in the US are higher when the markets are open than when they are
closed, while Barclay et. al. (1990) provide similar evidence for the Japanese stock

market,

It is generally agreed the such empirical behaviour of stock returns reflects the
trading behaviour of investors and the microstructure of the trading system. For
example, French and Roll (1986) suggest three explanations on why trading period

volatility is higher than nontrading period volatility: 1) more public information is

! This paper is based on Chapter 2 of this dissertation.

2 The simulations were done under assumptions of both homoskedasticity and heteroskedasticity
in the distribution of the returns. In both cases, the cross-effects are not statistically different from zero.
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released during trading hours; 2) private information is released through the trading
activities of informed investors; 3) the effects of noise traders. There have also been
attempts to model and predict the empirical patterns, first by Kyle (1985), and more
recently by Admati and Pfleiderer (1988), and Foster and Viswanathan (1990, 1993).
In these models, the market maker does not know if the trade is executed by an
informed trader or a liquidity trader. As such the market maker has to infer the
informed trader's beliefs from the order flow and set prices accordingly. This would

support the private information hypothesis.

Chan (1993) extends the models of Kyle (1985) and Admati and Pfleiderer (1988)
to a setting in which, in each period, the market maker derives a signal about the
value of his stock. If the signal contains both market-wide information and
uncorrelated noise, obtaining more signals will allow the market maker to better
extract market-wide information. While the market maker can readily get the signal
from his own stock, signals about the value of other stocks are however not
instantaneously obtainable. Nevertheless, lag values of other stocks are available, and
this induces cross-autocorrelation patterns in the stock prices. If the signal quality
of large firms is better than small firms, this will also explain the observed

asymmetry of returns of companies of different market values’. Following Ross

3 US market makers (i.e. specialists) typically deal in only a handful of stocks, but have a
preferential position with respect to the order flow information on these stocks. UK market makers on the
other hand, typically make a market in 100+ stocks, but only see a fraction of the order flow in each (there
are more than one market maker for each stock). Despite this difference, Chan (1993)'s results may still
be applicable under the UK setting. Each stock in the inventory of the UK market maker contains less
market-wide information relative to the stock under US specialist's inventory. However, the UK market
maker has more stocks to derive market-wide information than the US specialist. Unless the UK market
maker can obtain a better overall signal from all the stocks under his inventory than the corresponding US
specialist from his inventory, a cross correlation pattern can still exist.
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(1989), who shows that the variance of price changes is directly related to the rate
of information flow, Chan (1993)'s model appears to be consistent with the findings
of asymmetric predictability in volatilities. The model also lends support to the

private information hypothesis.

Various empirical research papers tend to support the private information hypothesis.
French and Roll (1986) compare multi-day return variances over weekends and
exchange holidays to single trading day variances and conclude that the evidence is
consistent with the private information hypothesis. A similar conclusion is reached
by Barclays et. al. (1990) when they compare variances of trading and nontrading
Saturdays in the Japanese stock market. Houston and Ryngaert (1992) examine the
effect of reductions in trading hours on intra-week pattern of trading volume and
volatility in the US stock market.. They find evidence that lower volume and
volatility caused by a decrease in trading hours is more often made up after a closing,
rather than before. They suggest that this is consistent with the private information
hypothesis. Masulis and Ng (1991) analyse the UK stock index returns with a
dynamic ARCH model that allows for temporal variation in volatility. They find
evidence of differences in the impact and persistence of shocks arising from trading
and nontrading periods on future volatility. Shocks originating from nontrading
periods are less persistent than those originating from trading periods. This suggests
that stock volatility is related to the trading activities of informed investors, and that

private information held by them are released through trading activities.
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This paper seeks to address the following issues. First, the results of Conrad et. al.
(1991) on the asymmetric predictability in conditional volatilities may be a direct
result of the use of transaction prices. Nonsynchronous trading of stocks of different
market values may result in stale transaction prices, which may induce the observed
asymmetry in the predictability of the conditional variances. Second, in a reasonably
efficient market, the asymmetric predictability is likely to occur over a shorter return
interval®. Third, the differences in market making arrangement between the US and
UK may lead to different degrees of asymmetric predictability. Finally, we seek to
address the issue of information and predictability of conditional volatilities.
Assuming that there is more information in trading periods than nontrading periods
(i.e. private information is released through trading), the degree of predictability

should therefore differ as well.

Our approach is essentially similar to that of Conrad et. al. (1991). Using daily
returns data from the London stock exchange, we begin our analysis by first applying
a univariate GARCH specification to model the conditional volatilities of two size-
sorted portfolios, and to determine the degree of (asymmetric) predictability between
the two portfolios’. Since such a technique may be inefficient, we then proceed to
re-estimate the above using a multivariate GARCH specification of Baba et. al.

(1991). In both cases, our results show that the daily shocks of the portfolio of large-

4 It should be noted that the choice of using weekly returns in Conrad et. al. (1991) is largely an
arbitrary one. It represents a "compromise between the relatively few monthly observations and the
potential biases associated with nontrading, the bid-ask effect, etc." (pg 603).

3 Since the UK data is based on the mid-market quote of dealer prices (i.e. average of the dealer's
bid and ask prices), it does not suffer from problems associated with nontrading and bid-ask spreads.
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size companies can predict the conditional volatility of the portfolio of smaller
companies, but daily shocks of the portfolio of small-size companies have no impact

on the conditional volatility of the portfolio of large-size companies.

We also extend our analysis further by looking at the differences in asymmetric
response of conditional volatilities of the two size-sorted portfolio between trading
and nontrading periods. Given the similarity in the results of both univariate and
multivariate specifications, we limit our analysis to the univariate specification only®.
This specification is based on that of Masulis and Ng (1991), adapted in our case to
examine the interaction in the conditional volatilities between the two size-sorted
portfolios. Our findings show that trading period shocks of one portfolio affect the
future conditional volatility of the other portfolio, though trading period shocks from
the large firms portfolio have a more significant impact on the small firms portfolio
than the other way round. On the other hand, nontrading period shocks of large

(small) companies have relatively little impact on small (large) companies.

The plan of this paper is as follows. Section 2 describes the data used in this study.
Section 3 outlines the methodology we used. Section 4 presents the results of our
univariate and multivariate models using daily stock returns data, as well as the
trading/nontrading periods results. Our summary and conclusion is presented in

Section 3.

¢ One problem of multivariate ARCH models is the number of parameters that are to be estimated
(see Baba et. al., 1991, Bollerslev, Engle and Wooldridge, 1988, and Bollerslev, 1990).
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2. DATA

Daily closing returns of 200 of the largest companies listed on the London Stock
Exchange are obtained from Datastream for the period from January 1990 to
June 1993. The companies are then sorted into two equally weighted portfolios based
on their market capitalization as at the beginning of the sample period. The daily
returns are also divided into trading period returns i.e. returns computed from the
opening price and closing price of the same day, and nontrading period returns i.e.

returns computed from the closing price and the opening price of the following day.

3. METHODOLOGY

3.1  Univariate Specification - Daily Returns

We first model the returns of the two size-sorted portfolios as an autoregressive
process with GARCH distributed errors. The GARCH model was introduced by
Bollerslev (1986) and is based on the generalization of the ARCH model of Engle
(1982). Essentially, the GARCH model expressed volatility as a function of previous

volatility and past shocks.

Three problems exist with the use of UK daily data. First, initial data analysis
reveals that returns on the two portfolios exhibit a rather high degree of serial

correlation. Second, weekends and holidays tend to induce dependence in the returns.
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Third, in the UK, stock transactions are settled according to an account period of
approximately two weeks. As pointed out by Crouhy and Galai (1992) and Yadav
and Pope (1992), this microstructure settlement procedure has implications on stock
returns and volatility. After experimenting with various formulations, we use the

following specification’

Ry =Bio *BuRiy1 *BuaRyyy *BisRyy3 + BiyRyy g + 1.1
0D, + 8, D,y + ¢S, + &S, +e,
with e, | Qm_l ~ N( O,h“),
hy=c; + aieiz,t-l + b;h;,,_l 1.2)

where R, is the return of security i in period

D, =1 if period ¢ follows either a holiday or a weekend, and zero otherwise;
S = 1 if period ¢ marks the start of an account period, and zero otherwise;

),_, is the set of all information available at time ¢ - 1.

To determine the degree of spillover from one portfolio to another, we then perform

a "second-pass" estimation using the residuals obtained from the above. This is given

by

Ry, =Bip +ByRiyy +BR; 5 +
00D, +0,D, + S, + S, +e,+ be

"None of the dummy variables used in the mean equation appears to be significant in the
conditional variance equation and are thus omitted in the latter.
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with e, | ‘Q'i,r-l ~ N( O’hit)’

2

hy=c¢ + aie?,t-l +bh;, .y + ke, Lj=12i#] (22

it
where 6 ; and k; measure the degree of spillover from portfolio j to portfolio i in the

mean and variance respectively.

As pointed out by Conrad et. al. (1991), this univariate approach assumes that lagged
values from portfolio j are treated as exogenous variables, and care should be taken
when interpreting the results of the spillover effects. As such, we employ a

multivariate approach that estimates the parameters for both portfolios simultaneously.

3.1  Multivariate Specification - Daily Returns

For the multivariate approach, we use the positive definite formulation of Baba et.
al. (1991), which is also known as the BEKK model after the authors. The BEKK
model essentially reparameterises the conditional variance equations (two in our case)

into a matrix of the following form

H, =C/C +A’e,_,e/ A +B'H, B (3.1)

€11 €12 a1 84, by, by, €1,e-1
A= »B=|, b |} e1™
Co1 €2 ay; Gy 21 D22 €11

where

h
h

11,¢ hlz,:
H =

t

s C/C =

21,¢ 22
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Note that a,, and a,, measures the shocks of Portfolio 2 (small size firms) on the

conditional volatility of Portfolio 1 (large size firms), and vice versa respectively.

The BEKK representation is shown to be superior to several other formulations (e.g.
the diagonal model of Bollerslev et. al., 1988, or the constant correlation model of
Bollerslev, 1990) in that it achieves parsimony without having to impose specific
restrictions on the parameters of the model (see Bera and Higgins, 1993, Section 6).
This multivariate approach is also more efficient than the univariate specification

because the parameters for both portfolios are estimated simultaneously.
3.3  Univariate Specification - Open-to-Close and Close-to-Open Returns

To model the different impact of shocks arising from trading and nontrading periods
on future volatility, we follow the method of Masulis and Ng (1991). We first
divide the daily returns for each of the two portfolios into close-to-open and open-to-
close returns. The close-to-open and open-to-close returns for portfolio i are
specified respectively as

Rif = Big + E Bi(r)nRi?t-m + Bicr:;Rii-n

m=1,3,57 n=2,4,6,8 (4.1a)
c
* 8Dy + ¢S, + ey

o _ ,0 C ,C 0,0
Ry =By + E BimRi,t—m + E BinRi,t-n
m=1,3,57 n=2,4,6,8 (4.1b)
o
+ 8Dy +6,D, 1 + S+ ®i28,1 * €5
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with e | Q00— N( O,h,-f) and e;; | Qg ~ N( O’hi?)

c c c c
hi =w. + (b€ +gc)hi,t—2 -b Cgchi,t—4
+aC(ej2)? - aCgC(eiy)? (d.2a)

+dC(e5.1)? -dbC(e;)?

hi? = wio + (bO +g0)hi,ot_2 - bogohi,ot-4
o
+a O(e,-,o,_z)z -a Ogo(ei,t—4)2 (4.2b)
+ do(ei(,:t-l)z - dobo(eiid)z

where R ,-(," and R ,-(,) denote the close-to-open and open-to-close return for portfolio

i in period # respectively; D, equals one if ¢ spans a weekend/holiday, and zero

otherwise; and S, equals one if the immediate (trading) period following ¢ marks the

start of a new account period, and zero otherwise. Since we have split the daily

returns into close-to-open and open-to-close returns, period ¢ refers either to a

nontrading period (from which we get the close-to-open returns, R f) or a trading

period (from which we get the open-to-close returns, R 5?). Note also that if ¢ is a

trading period, #-1 and #+1 are nontrading periods, and vice versa. As per Masulis
and Ng (1991), for each portfolio, we combine the Equations (4.1a) and (4.2a) with
(4.1b) and (4.2b) respectively by introducing two dummy variables that orthogonalize

the pair of intraday returns.
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We then perform a "second pass" estimation using a similar specification. However,
for the "second pass" estimation, we allow for interaction effects between the two

portfolios in both the mean and variance equation. Specifically, our set-up is

Rif=Bi€+ E Bi?nRi,ot-m+ E BiiRi?t—n

m=1,3,5,7 n=2,4,6,8 (5.1a)
+*8,D, + ¢S, + e + ozle]t 1+ ozze;t 2

0 0 c ,C 0,0
R; =B + E BimRit—m + Z BinRit-n
m=1,3,51 n=2.468
+ 811Dt 1 +0,D, 4+ ¢xl 1 T PiaSia

o
+ eit + oilej,t—l + 0i2ej,t—2

(5.1b)

with e | Q,,., ~N(0,hS)andef | @, , ~ N(0,h7),

¢, (bc+gC)h” ) bcgch“ .
+a%(e0)? - a8 (eie)’
+ dc(ei(,)t-l)z -db° (ei,t-3)2
+ ki(i(ej,ox-l)z + kic2(ej,ct-2)2 (5.2a)

Pyl
|0
1]

(o]
hit

[

w” + (b%+g%)nS_, - b%°h 4

+ ao(ei?:-z)z -a% (e,, 4)2
+ do(el’ct_l)z - dObO(ei’t-s)Z
+ kg(ej(,::-l)z + kig(ej(,)t-Z) 2 (5.2b)

As before, we combine Equations (5.1a) and (5.2a) with (5.1b) and (5.2b)
respectively using a pair of indicator variables. Note that this specification allows

for spillover effects arising from trading and nontrading periods to have different

. - C
impacts on subsequent returns and volatility. For example 6 S and 0,5 measure the
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immediately preceding open-to-close and close-to-open spillover effects of portfolio

j on the close-to-open returns of portfolio i respectively, while 6 iol and 6 f; measures

the close-to-open and open-to-close spillover effects of portfolio j on the open-to-

close returns of portfolio i. A similar interpretation is given to k Sk ,.CZ, kg and k ,.‘;

for spillover effects in the variance.

4. RESULTS

4.1  Univariate Specification - Daily Returns

Table 1 shows the results of estimating Equations (1.1) and (1.2) for the two
portfolios. Several points are worth noting. First, the returns of the two portfolios
exhibit a "settlement" effect and (to a certain extent) a holiday/weekend effect.
Second, the returns display a time-varying volatility, as evidenced by the statistical
significance of the parameters in the conditional variance equation (1.2). Third, the
AR(4)-GARCH(1,1) with the settlement period and holiday/weekend dummy
variables appear to be well specified, since neither the standardised residuals nor the

standardised squared residuals exhibit serial correlation up to nine lags.

To determine the spillover effects from one portfolio to another, we perform a
"second-pass" estimation as per Equations (2.1) and (2.2). The results are presented

in Table 2. For brevity, we only show the parameters that are of interest, namely
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those that indicate the spillover effects in the mean and volatility. It can be seen that
neither the returns nor the volatility of Portfolio 1 (i.e. the portfolio consisting of
larger companies) appears to be influenced by the returns and volatility of Portfolio
2 (i.e. the portfolio consisting of smaller companies) respectively. However, the
converse is not true. The returns of Portfolio 2 appears to be influenced by Portfolio
1's previous returns, although it is not very significant. On the other hand, Portfolio
2's variance is strongly influenced by Portfolio 1's volatility shock, indicating that
Portfolio 2's future (i.e. conditional) volatility is predictable from the surprises of
Portfolio 1. A likelihood ratio test also shows that the two additional parameters
associated with the previous return and volatility of Portfolio 2 are not jointly
significant on the returns and volatility of Portfolio 1, but the previous return and
volatility of Portfolio 1 are jointly significant on the returns and volatility of Portfolio

2. This evidence is consistent with the findings of Conrad et. al. (1991).

One potential problem concerning the significance of the parameters to Equations
(2.1) and (2.2) relate to the issue of a misspecified conditional distribution.
Bollerslev and Wooldridge (1992) and Susmel and Engle (1994) show that if the
assumption of conditional normality of the error term is violated, the resulting
parameters in both the mean and variance equation are inconsistent. As such, we
compute the robust r-statistics using quasi-maximum likelihood estimation, as
suggested by Bollerslev and Wooldridge (1992), and these are shown in brackets in
Table 2. Again this points to an asymmetric effect in both the mean and variance of

the two portfolios.
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4.2  Multivariate Specification - Daily Returns

The results of using the multivariate specification are presented in Table 3. Since the
main difference between the univariate and multivariate specification is in the
parameterisation of the conditional variance equation, we show only the spillover
effects in volatility. As in the univariate case, there is a distinct asymmetry in the
predictability of the conditional variance. Shocks arising from Portfolio 1 affects the
future volatility of Portfolio 2, but shocks from Portfolio 2 do not have a significant

influence on the future volatility of Portfolio 1. Again the findings are similar to that

of Conrad et. al. (1991).

43  Univariate Specification - Close-to-Open and Open-to-Close Returns

Given the results of Masulis and Ng (1991), it would be interesting to analyse the
asymmetric predictability of the two portfolios in the context of close-to-open and
open-to-close returns. Since both our earlier univariate and multivariate analysis
yield essentially the same results, we decide to stick to the simpler univariate
approach. As before, this involve performing a "two-pass" estimation, the first using
Equations (4.1a), (4.1b), (4.2a) and (4.2b), and the second using Equations (5.1a),
(5.1b), (5.2a) and (5.2b). The results are summarised in Table 4. Again for brevity,
we only show the spillover effects in the mean and variance equation between the
two portfolios. Unlike the earlier univariate results using daily returns, we only show

the robust z-statistics computed using quasi-maximum likelihood techniques, since
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such an estimation is shown to be more robust to misspecification in the conditional

distribution.

Once again, we find a distinct asymmetry in the predictability of the returns and
volatility of the portfolio of small companies with the returns and volatility of the
portfolio of large companies. The previous open-to-close returns and volatility of
Portfolio 2 has a weakly significant impact on the close-to-open returns and volatility
of Portfolio 1, but the previous close-to-open returns and volatility of Portfolio 2 has
no significant impact on the close-to-open returns and volatility of Portfolio 1.
However, neither the previous close-to-open nor the previous open-to-close returns
and volatilities of Portfolio 2 have any impact on the open-to-close returns and
volatilities of Portfolio 1. On the other hand, both the previous close-to-open and
open-to-close returns of Portfolio 1 affect the open-to-close and close-to-open returns
of Portfolio 2. The effect is more significant in the immediately preceding period.
For example, nontrading period returns have a more significant impact than previous
trading period returns on subsequent trading period returns, and trading period returns
have a more significant impact than previous nontrading returns on subsequent
nontrading period returns. As for volatility, shocks of Portfolio 1 arising from the
immediately preceding trading period exhibit a very significant impact on the
nontrading period volatility of Portfolio 2. All other shocks of Portfolio 1 have no

significant effects on Portfolio 2's volatility (for both trading and nontrading periods).
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The above indicates that the degree of asymmetric predictability in the mean and
variance of large and small firms is different between trading and nontrading periods.
The evidence suggests that trading periods contain a richer information set which is
impounded in the returns and volatility of the subsequent nontrading period. This is
consistent with earlier studies on differences between trading and nontrading period
volatilities, most notably that of French and Roll (1986). Like the results of Masulis
and Ng (1991), the evidence here appears to support the hypothesis that stock price

volatility is affected by the trading activities of informed investors.

The evidence also shows that the information set implied in the returns and volatility
of the portfolio of larger companies contains valuable information which can predict
the returns and volatilities of the portfolio of smaller companies. This is consistent
with the empirical findings of cross serial dependence in returns, and is also

compatible with the imperfect information model of Chan (1993).

5. CONCLUSION

In this paper, we document the asymmetric predictability in the conditional volatility
of firms of different market values. Using daily data from the UK market, we find
that the shocks to larger firms affect the future returns and volatility of smaller size
firms, but not vice versa. As stated by Conrad et. al. (1991), while one possible
explanation is that there are timing differences in the way information is incorporated

into the prices of large and small companies, other explanations not related to timing
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effects are also plausible, such as the conditional volatility being driven by some

factors that are more closely associated with the shocks to large firms.

Our intraday analysis shows that the degree of asymmetric shocks differ between
trading and nontrading periods. Open-to-close returns and volatility of large firms
tend to have a much more significant impact on subsequent close-to-open returns and
volatility of small firms. This suggests that information impounded in trading period
returns and volatility is richer. This supports the hypothesis that stock volatility is
related to the trading activities of informed investors. It also suggests that the

asymmetric predictability may be a result of timing rather than non-timing effects.



88

TABLE 1

Univariate AR(4)-GARCH(1,1) model of daily returns of two equally weighted portfolios for the
period from 2 January 1990 to 30 June 1993, Portfolio 1 consists of the 100 largest stocks listed on
the London Stock Exchange, with Portfolio 2 consisting of the next 100 largest stocks (based on their

capitalization as at the start of the sample period). The model is given by

R, =By + BuR;, 1+ BiZRi,t-Z +BisR, ;4 * BiyRy, 4 +

80D, +8, D, ; + S, + ¢ tey,
with e, | @, , ~ N(0,h,),
h,=c, + a,.e,?,,_1 +b.h.

Parameters Portfolio 1 Portfolio 2
B 20.0043 -0.0099
(-0.1032) (-0.2809)

Bl . 0.0805 0.2240
(2.1829) (6.5362)

8, 20.0032 0.0635
(-0.0877) (1.5715)

8., 0.0669 0.1263
(1.9101) (3.3896)

) 0.0952 0.1485
2.7177) (4.9220)

3‘.0 0.2124 0.0411
(2.4549) 0.6771)

5 20.1295 20.1065
(-1.3384) (-1.6248)

10 05712 -0.3033
(-4.9324) (-3.4477)

i1 0.2922 0.1794
(2.3025) (1.7850)

¢, 0.0438 0.0286
(3.5116) (3.9040)

a; 0.1165 0.2218
(5.7773) (9.4003)

b, 0.8365 0.7606
(29.7817) (32.5040)

Log-likelihood -328.5537 -134.7977
Q9 3.2518 7.0267
[0.6612] [0.2187]

Q) 3.9846 2.2524
[0.7917] [0.8132]

Asymptotic ¢-statistics denoted in parentheses, p-values in brackets. Q(9) and Q¥(9) refer to Ljung-Box
statistics of 9 lags for the standardised residuals and squared standardised residuals respectively.
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TABLE 2

Univariate AR(4)-GARCH(1,1) model with spillover effects of daily returns of two equally weighted
portfolios for the period 2 January 1990 to 30 June 1993. Portfolio 1 consists of the 100 largest stocks
listed on the London Stock Exchange, with Portfolio 2 consisting of the next 100 largest stocks (based
on their capitalization as at the start of the sample period). The model is given by

Ry = Bio * BuRiyq +BiaRyyp + BisR; g + BuRypq +
8;0D, + 8, D,y + ;S + S, +e, + 0;¢

i~j,e-1 (2 1)
with e, | @, ~N(0,h,),
h,=c, + a‘.ef,,_1 +bh,, 4+ k,.ef,,_l iL,j=1,2;i#j
2.2)
Parameters Portfolio 1 Portfolio 2
8, -0.0836 0.0899
(-0.8434) (1.3061)
[-0.8767) [1.9886]
k, 0.0119 0.0914
(0.2796) (3.6848)
[0.1722] [2.0554]
Log-likelihood -328.1837 -128.5872

Asymptotic ¢-statistics denoted in parentheses. Robust ¢-statistics (see Bollerslev and Wooldridge, 1992)
denoted in brackets.
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TABLE 3

Multivariate AR(4)-GARCH(1,1) model with spillover effects of daily returns of two equally weighted
portfolios for the period 2 January 1990 to 30 June 1993. Portfolio 1 consists of the 100 largest stocks
listed on the London Stock Exchange, with Portfolio 2 consisting of the next 100 largest stocks (based
on their capitalization as at the start of the sample period). The model is given by

R, =By +BuR;yy *BRi, 2 *BisR;, 4 +ByR;, 4 +
80D, +8,D, 4 *+ ¢S, + ¢S, v, +0¢

i7j,e-1

" (2.1)
with e, | @, ~ MVN(0,H,),
H, = C'C + Ale,_ e ;A + B'H, B

@3.1)

Parameters Portfolio 1 Portfolio 2

a,, | a, 0.1530 0.2276

(1.5893) (4.1954)

Asymptotic f-statistics shown in parentheses.
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TABLE 4

Univariate AR(4)-GARCH(1,1) model with spillover effects of daily returns of two equally weighted
portfolios for the period 2 January 1990 to 30 June 1993. Portfolio 1 consists of the 100 largest stocks
listed on the London Stock Exchange, with Portfolio 2 consisting of the next 100 largest stocks (based
on their capitalization as at the start of the sample period). The model is given by

Ri?=Big+ E ﬂi?nRi?r-m*' E ﬁi(t:nRi?t-n

m=1,3,5,7 n=2,4,6,8
c c o c c
+8,D, + ¢S, + e +05€, 1 + 06, , (5-1a)

o o c o
Ri =Bio * 2 Bl'mRi(,:t-m + E BinRi(.):—n +8,D,, +8,D,,

m=13,5,7 n=2,4,6,8
0, p0,C o o
Y huSiy * BipSy ey 0y + e, (5.1b)

with e | @, ~ N 0,h5)and e | Q. ~ N| 0,h7),

hif = Wic +(b€ *gc)hi(,::-z -b Cgchi(,:t-tt +a C(es(,::-z)z - acgc(ei,cr-4)2

+ dc(ei(,)r-l)z -db c(ei?r-s)z + kg(e;o-l)z + kicl(ej(,:t-Z)z

" (5.2a)
hi? = W:O + (b 0 +go)h.’?:-2 -b ogohif;_4 ta o(ei,os-z)z -a%?° (313-4)2
Cc C (4] C (s} (o]
+d? (ei,r-l)z -d%p° (€ir-3 )2 + ki (ej,t—l)2 +kiz(€jc2) 2 (5.2b)
Parameters Portfolio 1 Portfolio 2
o ¢ -0.0769 0.1174
i [-2.0235] (6.4158]
0¢ 0.0798 -0.2054
i2 [0.8168] [-3.8868]
09 -0.1416 0.5956
i [-0.4690] [6.7247]
09 0.0601 -0.0861
i2 [0.3727] [-2.4896]
e 0.1316 0.0964
i [2.1738] [4.3117]
&S 0.4794 0.0028
i2 [0.6619] [0.6398]
0 0.0000 0.0000
i [0.0000] [0.0044]
29 0.0247 0.0000
i2 [1.3861] [0.0013]

Robust ¢-statistics (see Bollerslev and Wooldridge, 1992) denoted in brackets.



CHAPTER 4
AN EMPIRICAL EXAMINATION OF THE

VOLATILITY-VOLUME RELATIONSHIP

Abstract

This paper examines the empirical relationship between stock index volatility and
trading volume in the UK. There is some evidence of contemporaneous relationship
between volatility and volume levels, although the volatility appears to be affected
more strongly by changes in volume levels instead. However, when a GARCH
framework is used, we find that neither contemporaneous nor lag daily trading
volume has any explanatory power on conditional volatility. The evidence appears
to be inconsistent with the results of Lamoureux and Lastrapes (1990), and Najand
and Yung (1991) in so far as volume levels are concerned. On the hand,
contemporaneous changes in volume levels has significant explanatory power on the
conditional variance, but not lag changes in volume, and this appears to be robust to
the choice of the conditional distribution. Nevertheless, ARCH effects remain
strongly significant. Inclusion of contemporaneous changes in volume also reduces
the kurtosis of the conditional distribution i.e. the standardised residuals. These

results therefore suggest that volume and price changes are jointly determined.



AN EMPIRICAL EXAMINATION OF THE

VOLATILITY-VOLUME RELATIONSHIP

1. INTRODUCTION

There has been considerable interest in the relationship between volatility of asset
returns and trading volume. Much of the interest stems from the belief that volume
is needed to move prices. This belief is further strengthened by substantial anecdotal
evidence, such as the 'Black Monday' of October 1987, in which stock markets of the
world experienced a sharp fall in prices, accompanied by unprecedented trading
volume. Hence, it is not surprising to find early academic research focusing on the
price-volatility-volume relationship per se. For example, Osborne (1959) models
stock price changes as a diffusion process with variance being a function of the
number of transactions, while empirical research such as Crouch (1970), Godfrey,
Granger and Morgenstern (1964), and Ying (1966) tends to examine the price-

volatility-volume behaviour without considering the fundamental nature of trading

volume'.

A related development on the price-volatility-volume relationship comes partly from

the work on unconditional distributions of asset returns. Fama (1965) and Mandebrot

UIn this paper, we make a distinction between price-volume behaviour and volatility-volume
behaviour. This is of course a matter of convenience only. The former shall refer to what Karpoff (1987)
termed "price change per se", while the latter is the "absolute value of price change". This distinction is
also helpful in distinguishing the literature on returns and volume relationship (such as Antoniewicz, 1992,
Campbell, Grossman and Wang, 1994, and Duffee, 1992, etc.) from studies on volatility-volume
relationship.
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(1963) first suggest that asset prices/returns are characterised by stable Paretian
distributions because of their kurtotic nature. On the other hand, Clark (1973) and
Tauchen and Pitts (1983) propose that returns behave as subordinated stochastic
processes. Given that price movements are a result of news, observed returns are
therefore drawn from a mixture of distributions, with the directing/mixing variable

being the number of news arrivals to the market.

Empirical tests of which hypothesis best characterised asset returns distributions tend
to support the mixture of distribution hypothesis (MDH) over the stable Paretian.
Such tests can be divided into two groups: those that test the stable Paretian against
alternative distributions, and those that test the MDH directly. Among the studies in
the first group are Akgiray and Booth (1988), Blattberg and Gonedes (1974), Lau,
Lau and Wingender (1990), Officer (1972), and Tucker (1992). Despite using
different methods, these studies tend to reject the stable Paretian distribution over

some alternative distributions in describing asset returns.

Direct test o