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ABSTRACT

Financial market volatility is central to the theory and practice of asset pricing, option pricing,
asset allocation, portfolio selection, portfolio rebalancing and hedging strategies as well as
various risk management applications. Most textbooks assume volatility to be constant,
however in practice this is a very dangerous assumption to make and has lead to a research
program regarding the distributional and dynamic properties of financial markets. Given that
financial markets display high speeds of adjustment, studies based upon daily observations
may fail to capture information contained in intraday or high frequency market movements
and until relatively recently the use of daily or equally spaced data was considered the
highest meaningful sampling frequency for financial market data.

Recently, the volatility modelling literature took a significant step forward. Andersen et al.
(2001) proposed a new approach called ‘realized’ volatility that exploits the information in
high frequency returns. Basically, the approach is to estimate daily volatility by taking the
square root of the sum of the squared intraday returns which are sampled at very short
intervals. We discuss several theoretical measures for volatility of which quadratic variation
(QV), integrated variance (IV) and conditional variance (CV) are the most popular. Realized
variance is a consistent estimator for QV and can approximate {V and CV under various
conditions. GARCH models are only concerned with estimating CV. Furthermore we will
discuss the NIG-GARCH model proposed by Venter and de Jongh (2002, 2004) and show
how these models may be fitted to daily data to provide estimates and forecasts for daily

volatility. We will aiso investigate three realized volatility methods which use intraday data to

estimate dialy volatility namely; vSSR ,vABDE and VWARHAC . Here SSR is the sum of

the squared intraday returns, ABDE is the realized variance estimator proposed by
Andersen, Bollerslev, Diebold and Ebens (2001) and VARHAC is the Vector Autoregressive

Heteroscedastic and Autocorrelation Consistent estimator introduced by Den Haan and Levin
(1996).

Our study will be conducted along the lines of the study by Andersen et al. (2001), utilising
South African equity data. However, as far as the scaled returns are concerned we will
investigate alternative volatility estimators for daily return volatilities. In particular, the
VARHAC estimator (see e.g., Bollen and Inder (2002)) will be compared with the ABDE
estimator (see e.g., Andersen et al. (2001)) as well as with daily volatility estimators based
on the NIG-GARCH model proposed by Venter and de Jongh (2002, 2004). To the best of
our knowledge a similar study has not yet been performed in the South African equity market
context.



Consistent with the Andersen et al. (2001) study we found the unconditionai distributions of
the realized variances to be positively skewed (right skewed), while the realized logarithmic
standard deviations are approximately Gaussian, as are the distributions of the returns
scaled by realized standard deviations or realized volatilities. This conclusion holds for all the
realized variance estimators (ABDE, SSR and VARHAC). The distribution of the returns
scaled by the GARCH and NIG-GARCH volatility estimates are also close to normality.
However, the distributions of the daily variance estimates and the log of the volatility
(standard deviations) estimates based on the GARCH and NIG-GARCH models are clearly
not normally distributed. We therefore conclude that our findings in the South African market
context do agree with the claims made by Andersen et al. (2001) for the realized volatility
estimation techniques and that the realized volatility techniques are a much better match to
the criteria as set out by Andersen et al. (2001) than the GARCH and NIG-GARCH volatility

estimates.



SINOPSES

Volatiliteit in die finansiéle mark is sentraal tot die teorie en die praktyk van bateprysing,
opsieprysing, bate-allokasie, portefeulie seleksie, portefeulie herbalansering en
verskansingstrategiée sowel as verskeie riskobeheer toepassings. Meeste handleidings
veronderstel dat volatiliteit konstant is; maar in die praktyk is dit nie ‘'n geldige aanname nie
en het dit ondermeer gelei tot ‘n nuwe navorsingsveld wat die verdeling en dinamiese
eienskappe van finansiéle markte ondersoek. Gegewe dat die finansiéle mark vinnig aanpas
by veranderende omstandighede, sal studies wat gebaseer word op daaglikse waarnemings
misleidend wees, aangesien hoé frekwensie mark bewegings nie weerspiéel word nie.
Daaglikse data (einde van die dag sluitingspryse) was tot onlangs die mees betekenisvolle

steekproef frekwensie data vir die finansiéle mark.

Betekenisvolle vooruitgang in die veld van volatiliteit modeliering is onlangs gemaak.
Navorsing deur Andersen et al. (2001) beveel ‘n nuwe benadering aan; naamlik
“‘gerealiseerde volatiliteit” wat al die inligting in hoé frekwensie opbrengste (soos gebaseer op
intradag prysdata) gebruik om daaglikse volatiliteit te beraam. Die gerealiseerde
volatiliteitsbenadering skat daaglikse volatiliteit deur die vierkanstwortel van die som van die
gekwadreerde intra-daaglikse obrengste oor kort intervalle te bereken. In hierdie studie word
getoets of die bevindinge van Andersen et al. (2001} ook van toepassing gemaak kan word
op Suid-Afrikaanse aandeel data. Andersen et al. (2001) bestudeer die SSR en ABDE
beramers, wat beide op intradag data gebaseer is. SSR word gedefineer as die som van die
gekwadreerde intra-daaglikse obrengste en is ‘n beramer van daaglikse variansie, ABDE is
die gerealiseerde variansie beramer soos bekend gestel deur Andersen, Bollerslev, Diebold
and Ebens (2001). Anders as Andersen et al. (2001) sal ons ook ander beramers vir
daaglikse variansie bestudeer, naamiik die VARHAC beramer van Bollen en Inder (2002),
wat op intra-dag data gebaseer is, en die GARCH en NIG-GARCH model van Venter en de
Jongh (2002, 2004), wat op daaglikse data gebaseer is VARHAC is die Vector
Autoregressive Heteroscedastic en Autocorrelation Consistent beramer socs bekend gestel
deur Den Haan and Levin (1996). Tot die beste van ons wete is ‘n soortgelyke studie nog nie
op die Suid-Afrikaanse effektebeurs aangepak nie. Verskeie teoretiese maatstawwe vir
daaglikse variansie word in die tesis bespreek, soos kwadratiese variansie (QV),
geintegreerde variansie (IV} en voorwaardelike variansie (CV). Gerealiseerde variansie
{(SSR) is ‘n konsekwente beramer vir QV en kan IV en CV benader onder sekere
omstandighede. Daarenteen word GARCH modelle gebruik om voorwaardelike variansie
(CV) te beraam.



vi
in ilyn met Andersen et al. (2001) se bevindinge het ons die voigende gevind. Die
onvoorwaardelike verdelings van gerealiseerde volatiliteit soos beraam deur die
vierkantswortels van SSR, ABDE en VARHAC is positief skeef. Die gerealiseerde
logaritmiese standaardafwykings en die verdeling van die opbrengste wat gestandaardiseer
is deur die gerealiseerde standaard afwykings is min of meer normaal verdeel. Hierdie
gevolgtrekking geld vir al die gerealiseerde variansieberamers (ABDE, SSR en VARHAC).
Ook het ons bevind dat die verdeling van die opbrengste gestandaardiseer deur die GARCH
en NIG-GARCH variansieberamers naby normal verdeel is. Die verdelings van die daaglikse
variansie is nie normaal verdeel vir enige beramer nie, maar die verdeling van die logaritme
van die volatiliteite (standaard afwykings) soocs beraam deur die gerealiseerde variansie
beramers is wel normal verdeel, terwyl dit nie die geval is vir die GARCH en NIG-GARCH
beramers nie. Ons maak dus die gevolgtrekking dat ons resuliate en bevindings soos
gebaseer op Suid-Afrikaanse effektebeurs data, met Andersen et al. (2001) se afleidings

saamstem.
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CHAPTER1

INTRODUCTION

1.1 INTRODUCTION

Financial market volatility is central to the theory and practice of asset pricing, option pricing,
asset allocation, portfolio selection, portfolio rebalancing and hedging strategies as well as
various risk management applications. It is widely recognised that, even although most
textbooks assume volatilities to be constant, they vary over time. For example, in financial
return series, the occurrence of volatility clustering and the non-normal distributional
characteristics are well-known stylized facts. This recognition has spurred research into the
distributional and dynamic properties of stock market volatility. Most of what we have learned
from this literature is based on the estimation of parametric Generalised Autoregressive
Conditional Heteroskedastic (GARCH) models, stochastic volatility models for the underlying
returns, realized volatility models or the analysis of implied volatilities from options or other
derivative prices. However, the validity of such volatility measures generally depends upon
specific distributional assumptions, and in the case of implied volatilities, further assumptions
concerning the market price of volatility. In contrast the realized volatility approach is non-

parametric in nature.

Financial return volatility data is influenced by time dependent information flows which result
in pronounced temporal volatility clustering. These time series can be parameterised using
GARCH models. The GARCH model generalizes the autoregressive ARCH model to an
autoregressive moving average model (see e.g., Engle (2003)) and it has been found by
numerous authors that GARCH models can provide good in-sample parameter estimates
and, when the appropriate volatility measure is used, reliable out-of-sample volatility
forecasts (see e.g., Andersen and Bollersev (1998), Barndorff-Nielsen and Shephard
(2001)). Realized volatility estimators have been introduced recently as an alternative
method for estimating daily volatiiity. Realized volatility is 2 methodology that exploits all
available information in high frequency returns (see e.g., Andersen et al. {2001), Ghysels et
al. (2003), Giot and Laurent (2004) and Oomen (2001)). Basically, the approach is to
estimate daily volatility by taking the square root of the sum of the squared intraday returns
which are sampled at very short intervals. In ideal circumstances increasing the sampiing
frequency yields arbitrarily precise estimates of volatility on any given day. Therefore, daily

volatility becomes almost observable via realized volatility. Up and until the introduction of
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realized volatility the two main approaches towards modelling volatility in financial time series
were stochastic volatility models and GARCH models of which the latter is the most popular.

As the value of the numerous volatility estimation techniques available to the researcher to
estimate and forecast daily volatility becomes generally recognized, research attention has
shifted towards the potential gains that may be obtained from using intraday or high
frequency data as an information source for the estimation and forecasting of daily volatility.
Given that financial markets display high speeds of adjustment, studies based upon daily
observations may fail to capture information contained in intraday or high frequency market
movements and until relatively recently the use of daily or equally spaced data was
considered the highest meaningful sampling frequency for financial market data. There are
many reasons for the choice of a lower or daily (end of day close to close) sampling
frequency: to collect, collate, store, retrieve, and manipulate high frequency data is still rather
costly and time consuming and the observations are subject to a wide range of factors such
as intra-day seasonal effects, measurement errors, data gaps etc. A lower frequency
sampling pattern was perhaps dictated by the general view that, whatever drove share prices
and returns, probably did not vary significantly over short time intervals and therefore it was

deemed unnecessary to investigate shorter time intervals.

Hence, it is natural to ask what the impact of a higher sampling frequency such as 5 minute,
10 minute etc. would be and if such a finer sampling frequency would contain more
information about share prices and volatility. A further contentious issue with regard to high
frequency data is the selection of the high frequency sampling interval; namely 1 minute, 5
minute etc. When a very high sampling frequency (e.g., 1 minute or more frequent intraday
returns) is chosen it may lead to the introduction of a bias in the realized volatility estimate of
daily volatility. This is usually the result of market microstructure effects such as bid-ask
bounces, price discreteness or non-synchronous trading (see e.g., Zhou (1996), Andreo and
Ghysels (2002), and QComen (2001)). These factors can distort the quality of the constructed
realized volatility as a proxy for true daily volatility. Hence there is a trade-off between bias
and variance when choosing the sampling frequency and this is the reason that returns are

typically sampled at moderate frequency, such as 5 minute sampling intervals.

An alternative way to handle the bias problem is to use bias correction techniques. For
example a moving average filter was used by Andersen et al. (2001) and Bandi and Russell
(2003 a&b) and an autoregressive filter by Bollen and Inder (2002). Research is being
conducted to determine the ‘optimal’ sampling frequency to use. At the moment, sampling
frequencies that range from 5 minute to 30 minute intraday returns are popular for liquid
shares. Andersen et al. (2001) found the 5 minute frequency to be the highest at which the
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properties of the return series are not seriously distorted by irregular quoting and the
discreteness of prices. Oomen (2001) found the optimal sampling frequency for the data set
to be 25 minute retums. Giot and Laurent (2004) found a sampling frequency of
approximately 15 minutes to be optimal for the CAC 40 and S&P 500 stock indices and a
sampling frequency of 1 hour for their study utilising the YEN-USD and DEM-USD exchange

rates).

Not only are the actual price quotations important in the understanding of the structure of
financial markets, but there is also additional information in the duration or time interval
between quotations. A fundamental property of high frequency data is that observations can
occur at non equidistant time intervals. Share trades are not equally spaced throughout the
day, resulting in intraday 'seasonals’ in the volume of trade (see e.g., Engle (2000)). the
volatility of prices and the behaviour of spreads. During some of the time intervals, no
transactions may occur, dictating that even measuring returns may be problematic. These
difficulties are less pronounced when fixed daily data is used but becomes more important

when high frequency data is analyzed.

In Chapter 2 of our study we will investigate and discuss various methodologies to estimate
daily volatility. We wilt focus our attention on GARCH models and describe in detail how
these models may be used to estimate volatility. Specifically the focus will be on the AR(1)-
GARCH(1,1) model assuming Normal inverse Gaussian (NIG) innovations (see e.g,
Barndorff-Nielsen and Prause {2001), Lillestol (2000) or Venter and de Jongh (2002, 2004)).
We continue by discussing the concept of realized volatility and the asymptotic distribution
theary of the realized volatility estimator.

Practical problems with regards to the implementation of the realized volatility estimator and
in particular the bias problem induced by market microstructure noise will be discussed. In
order to correct for the bias problem several procedures have been suggested in the
literature. We will focus our attention on two of these approaches, viz the estimators
proposed by Andersen et al. (2001) and by Bollen and inder (2002). The realized volatility
estimator of Andersen et al. (2001) will be referred to as the ABDE (after Andersen,
Bollerslev, Diebold and Ebens) estimator and the realized volatility estimator proposed by
Bollen and Inder (2002) will be referred to as the VARHAC estimator (Vector Autoregressive
Heteroskedastic and Autocorrelation Consistent estimator).

Our study will be similar to the Andersen et al. (2001) study utilising JSE Securities
Exchange SA share data. However, as far as the scaled returns are concerned we will

investigate alternative volatility estimators for daily return volatilities. Andersen et al. (2001)
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examined realised daily equity return volatilities obtained from high-frequency intraday
transaction prices on individual stocks in the Dow Jones Industrial Average. They found that
the unconditional distributions of the realised variances are highly right skewed, while the
realised logarithmic standard deviations are approximately Gaussian, as are the distributions
of the returns scaled by realised standard deviations. While a number of studies have
examined the characteristics of intraday return volatility in the International markets, to the
best of our knowledge no previous research has been conducted in the South African share

market with regards to high frequency return volatility of individual shares.

We proceed with the Bollen and Inder (2002) study that proposed a new approach to the
estimation of realized volatility in financial markets. The authors’ estimated daily volatility by
utilizing all available transactions (high frequency) data on a specific trading day by paying
close attention to the resulting market microstructure effects (VARHAC estimator). As
previously discussed, aithough the intraday seasonality in high frequency data is of concern
this was not addressed in the construction of the Andersen et al. {2001) and Boilen and Inder
(2002) variance estimates respectively and therefore we did not address intraday seasonality
in this thesis. In particular, the VARHAC estimator (see e.g., Bollen and Inder (2002)) will be
compared with the ABDE and SSR estimator as well as with daily volatility estimators based
on the NIG-GARCH model proposed by Venter and de Jongh (2002, 2004). We conclude
Chapter 2 with a discussion of the other estimators Bollen and Inder (2002) studied, viz. the

simple volatility estimator, the PARK volatility estimator and the GK volatility estimator.

Our ability to analyse the working of financial markets in a high frequency environment is
limited by the availability of high frequency data of a high quality and obtaining such high
frequency data in the South African share market context was an initial hurdie to our study.

In Chapter 3 we discuss the many issues pertaining to the filtering of high frequency data
(erroneous data points, corporate actions etc.), the shares selected for our study and the
construction of the necessary time series in more detail. In order to filter the data of
erroneous data points we first had to identify these errors as well as their causes (e.g.,
human capturing errors and the nature of trading on the exchange). Furthermore it was
necessary to identify market characteristics that influence volatility such as corporate events,
the arrival of news, introduction of a new share settlement system and non-economic world
events such as the 11 September 2001 terrorist attacks. The ultimate aim of this chapter was
to identify outliers or suspicious data points and then to use our knowledge of the market

events that influence volatility to classify the suspicious data points as erroneous or not.



In Chapter 4 we will conduct an empirical study into the behaviour of the estimators of daily
volatility. Before we can start with the empirical study of our various volatility estimators it is
important to ensure that the data has been filtered of all erroneous data points and that the
estimates of volatility are true reflections of actual market movements. We investigate and
discuss the data outliers for the ABDE, SSR and VARHAC variance estimates. We describe
the methodology we followed and we continue with a general discussion on additionai market
events in the South African equity market context that had an impact on the variance

estimates.

In analogy with the Andersen et al. (2001) study we found the unconditional distributions of
the realized variances to be positively skewed (right skewed), while the reaiized logarithmic
standard deviations are approximately Gaussian, as are the distributions of the returns
scaled by realized standard deviations or realized volatilities. This conclusion holds for all the
realized variance estimators studied namely ABDE, SSR and VARHAC. The distribution of
the returns scaled by the GARCH and NIG-GARCH volatility estimates are also close fo
normality. However, the distributions of the daily variance estimates and the log of the
volatility (standard deviations) estimates based on the GARCH and NIG-GARCH models are
not normally distributed. We therefore conclude that our findings in the South African market
context do agree with the claims made by Andersen et al. (2001) for the realized volatility
estimation techniques and that the realized volatility techniques are a much better match to
the criteria as set out by Andersen et al. (2001) than the GARCH and NIG-GARCH volatility
estimates.

In Chapter 5 we summarize the findings of our study and we conclude the thesis with
suggestions for further research.



CHAPTER 2

OVERVIEW OF THE ESTIMATION OF DAILY AND REALIZED
VOLATILITY

2.1 INTRODUCTION

As stated in Chapter 1 the focus of this thesis is on estimating daily volatility with particular
emphasis on using realized volatility-based estimators. Realized volatility estimators have
been introduced recently as an alternative method for estimating daily volatility. Before the
introduction of realized volatility estimators the two main approaches towards modelling
volatility in financial time series were stochastic vofatility models and GARCH models of
which the latter is the most popular.

In Section 2.2, we will focus our attention on GARCH models and describe in detail how
these models may be used to estimate and forecast volatility. Specifically the focus will be on
the AR(1)-GARCH(1,1) model assuming Normal inverse Gaussian (NIG) innovations, see
e.g., Venter and de Jongh (2004). The concept of realized volatility, practical problems with
regards to the implementation thereof, the bias problem induced by market microstructure
noise and the asymptotic distribution theory of the realized volatility estimator will be
discussed in Section 2.3. We will focus our attention on two of these approaches namely, the
ABDE (after Andersen, Bollerslev, Diebold and Ebens) realized variance estimator (of
Andersen et al. (2001)) and the VARHAC (Vector Autoregressive Heteroscedastic
Autocorrelation Consistent) variance estimator (Bollen and Inder (2002)). In Section 2.4 we
will discuss some of the other volatility estimators proposed by Bollen and Inder (2002),
namely the simple volatility estimator, the PARK variance estimator and the GK variance
estimator. We conclude the chapter in Section 2.5.



2.2 GARCH MODELS

2.2.1 Introduction and motivation

Traditionally daily volatility is estimated by utilizing end of day closing prices in order to
compute the daily return time series. In this setting, the intraday or high frequency price
movements are not used in the construction of a daily volatility estimator. One well-known
example of this methodology is the ARCH model of Engle (1982) and subsequent ARCH
type models such as the GARCH (Generalised Autoregressive Conditional Heteroscedastic)
models (see e.g., Bollerslev 1986). The ability of ARCH modeis to provide reliable estimates
of equity daily return volatility is well documented (see e.g., Blair et al. (2001), Nelson (1992),
Ederington and Lee (2001) and Nelson and Foster (1995)). More recently, research has
focused on inter temporal dependence models to explain the empirical observation of
volatility clustering. The latter characteristic is a natural application for the ARCH model and
Bollerslev's generalized ARCH model (GARCH). In their unpublished manuscript Rhaman et
al. (2000) show that GARCH models have been applied to a wide variety of financial market
instruments such as stock indices and individual equities. These research papers found that
the GARCH processes showed a better statistical fit to the time series than traditional ARCH
models. GARCH imposes an autoregressive structure on the conditional variance, allowing
volatility shocks to persist over time. This persistence captures the propensity of returns of
like magnitude to cluster in time and can expiain the well-documented non-normality and
non-stability of empirical asset return distributions. Other variants of the original GARCH
model have been developed, with many of these models showing statistical advantages over
the original ARCH model when applied to a particular time series. A vast assortment of
different ARCH and GARCH models are available to analyze statistical data and when
choosing one of the many GARCH models available today it is important to select a model
that is most applicable and statistically reliable when modeliing and forecasting daiiy
volatility. Bollerslev and Wright (2001) state that the estimation of daily GARCH models is
one of the most popular approaches to volatility forecasting available to the researcher.
Mandiebroth {1963), Fama (1965) as well as Bollerslev et al. (1992) indicate that the rates of
return implicit in the time series of share prices are time dependent. The evidence shows that
ieptokurtosis, skewness and volatility clustering characterise the distribution of daily share
returns. Several recent studies provide evidence that the GARCH methodology is capable of

capturing these characteristics.



Stochastic volatility models present another approach to the modelling of volatility. These use
continuous time diffusion type processes specified via stochastic differential equations. In
practice, however, financial series are mostly observed in discrete time. Ignoring this
difference between the time specifications of model and observations when fitting diffusion
stochastic volatility models can result in inconsistent estimators. Model fitting when following
the stochastic volatility approach is a matter of ongoing research, which does not seem to
have yet culminated in routinely available and recommendable methodology. A good recent
entry into this literature is provided by Ait-Sahalia (2002). On the other hand, the GARCH
approach proceeds from the discrete time nature of observed time series but makes the
simplifying assumption that current volatility is at most a function of past data. This makes it
relatively easy to determine the likelihood function when fitting GARCH models to observed
time series so that the standard inference tools of maximum likelihood estimation become
available. However, the underlying innovation density must be specified to make this
possible. Since there is no universally accepted choice of this density, the GARCH approach
also has open issues of its own to which much research has been devoted. Progress on
resolving these issues is urgently needed since routine application of GARCH models in the
financial industry is becoming increasingly important, stimulated by findings such as those of
Berkowitz and O'Brien (2002), namely that in banking, profit and loss modelling and VaR
estimation, using GARCH models permits comparable risk coverage while requiring less
regulatory capital than when using structural bank VaR models. In this thesis we will estimate
GARCH modeis assuming a Normal Inverse Gaussian (NIG) innovation density. This
approach, described in detail by Venter and de Jongh (2004) will be discussed next.



2.2.2 Modelling volatility using GARCH models

Formally, let Y;.%,,...,}; denote a time series and we describe it in terms of a GARCH

model of the form

:y,+\/EZ, fort=1,2,....,T, (2.1)
where p, represents an expected (or structural) component, \/E is the volatility and Z, the

innovation at time ¢. In our context }.Y,.....Y, will be a series of log returns, ie.

= In(P)- In(P_,) where P, denotes the price of the share at time t. It is
=1

assumed that x4, and A, are at most functions of the past observations 1.}, .....Y, | and
these functions may involve a number of parameters. (By fitting the GARCH model to a

financial series of daily returns an estimate for 4 , the daily conditional variance, may be

obtained. This will be illustrated in detail in the next section.) Further, Z,.Z,.....Z, are

assumed independent random variables with common density function (the “innovation

density”) g which is a unit density in the sense that its expectation is zero and its variance is

one. This restriction is necessary to ensure identifiability of the parameters in the model. For
example, note that, conditional on 1} .},.....Y , we have that Var(\/_ Z)=h_. The

innovation density may possibly depend on a number of further parameters also and we
represent all the parameters needed in the model by a vector 8. The log of the likelihood

function may then be written as
1,(8)=7. . Nogte((¥, - u)/\Jm )i ~Slog (h)]1, (2.2)

and the maximum likelihood estimate of # is found by maximizing (2.2) over #. To do this
we must make an explicit choice for the innovation density g. In much of the GARCH
literature the unit normal density g = ¢ is chosen, but there is now abundant empirical

evidence that this normality assumption is often violated in practical financial contexts
especially when dealing with high frequency (e.g., daily) series. Figure 2.1 provides an
illustrative example. The tick by tick log return series for Anglo American PLC (AGL) on 11
Sep 2001, the day of the terrorist attack on the World Trade Centre, is depicted in the graph.
Inspection of the graph reveals normal-like activity until news of the attack became known.
The returns start to vary significantly, giving rise to, especially, large negative returns. if we
would want to model this process with a GARCH model, a heavy tailed, negatively skewed

innovation density model is appropriate. Unless we are sure that the true innovation density
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2.2.3 The NiG-distribution
The NIG-distribution can be parametrized in many ways. The most common specification is

the (a, By, & ) parameters. its parameter space is
O<|Bl<a.-w<p<x.5>0 (2.3)
and interms of { = s\a’ — ﬁz and the function g(x) = v1+ x> the NIG density is

aexp(c+ Bz — 1)K, (aﬁq ((z —;1)/5))
7q((z - p)/3)

where K, is the modified Bessel function of the third kind and index 1. Here x and & are

(2.4)

g.\’!(?(a.ﬁ.ﬂ.d) Z) =

location and scale parameters respectively while @ and £ are parameters specifying the
shape of the distribution. In particutar =0 corresponds to a symmetric distribution (see

Lillestol (2000) or the cited references for more details). Barndorff-Nielsen et al. (1985} also

introduced the tail-heaviness (or peakedness) and asymmetry parameters £ and y given by

- - e -2 -
;=(1+é\/az—ﬁ2) =(1+£) " and g = péfa = p& (2.5)
The parameters £ and » are scale and transiation invariant and they may be used as

shape parameters instead of @ and /. Their domain is the so-called NIG shape triangle
Os|z|<;‘<1. (2.6)

For y <0 we get negatively skewed distributions, for » =0 symmetric and for y >0
positively skewed distributions. The parameter £ controls the tail thickness of the
distributions, with £ close to 0 yielding normal-like tails and £ close to 1 yielding heavier

tails depending on what we do with the other parameters. To serve as the innovation
distribution in GARCH models, we want the mean to be 0 and the variance to be 1. In

general the mean and variance of the NiG-distribution is given by

K, =y+5p/\/l~p2 and &, = 52/c(1- p?) with p = f/a . (2.7)
These equations together with (2.6) may be solved to express (&, 5,44, 6) in terms of
(S, x.Kx,k;) so that we may parameterize the NIG-distribution in terms of (£, 7,x.x,)

rather than the original (a, f, 44, 8). In this new parameter set (£, y,x|,x,) we now take
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x;=0 and x, =1 to get the unit form of the NIG-distribution which depends only on the

shape parameters (£, y) and is skew when y = (0. We will denote it by SUNI/G(E. x).

2.2.4 Estimating volatility using an AR(1)-GARCH(1,1) model

In this thesis we consider only the popular AR(1)-GARCH(1,1) model (see e.g., Hansen and
Lunde (2004a), Olsen (1999)) which has the form of (2.1) with

!

g, =v+eY,, and k= a,+(@Z] +Hh_,. (2.8)

Here v is the process mean, ¢ the AR parameter, a,,a, the two ARCH parameters and f

the GARCH parameter.

Under this model the log likelihcod is:

L (0)=Y, Llogig((¥, - 1)/ Ji )} - Llog (k)] =
Fsinions o (V-4 @0-a, B) = 21 Llogdg (Y, =v=¢Y,_)/ )~ Hlog ()

where h = a,+(a,Z’, + Ph_ and g =SUNIG(E, x)

(2.9)

The MLE estimates (ﬁ,qg,éo,d,,ﬁ,f,j)are then obtained by maximising (2.9). In this way

~

estimates for the structural part i, ~v+¢Y, , and variance h = &, +(&,2°, + f)h,_, (where

Znt denotes the estimated residual (1, - u“@gﬁd'};, )/ \/E at time t) may be obtained. In order to

estimate conditional daily volatility of the returns of a particular share, the closing prices on a
particular day are used to construct a log return series on which the particular GARCH model!
is then fitted.

In Figure 2.2 below we give the price and corresponding log return series of Angio American
PLC (AGL) (one of the shares we selected for our study). The estimated variances resulting
from an AR(1)-GARCH(1,1) fit assuming NIG innovations, are depicted graphically.
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In the NIG-GARCH variance estimate graph in Figure 2.2 there are three distinct periods of
volatility clustering. The first being around the 11 Sep 2001 terrorist attacks in the USA,
followed by the futures close out in Dec 2001 in the South African market and lastly the well
documented leaked draft of the proposed Mining Charter in Aug 2002. When comparing the
graph containing the series of variance estimates with the corresponding price and log return
series, the reason for the distinct volatility clusters becomes clear. In all three cases

considerable movement (volatility) in the prices and returns are clear.
2.2.5 Forecasting volatility

Assuming that the GARCH mode! postulated in the previous section holds, the one period
ahead forecast for volatility is /,., where ﬁm = q, +(o‘:,2§ + B)h, , and Z denotes the

estimated residual (Y, —‘;—@}_1) / \/E at time t}. Once a forecast for the volatility exists, it is

easy to provide forecasts for other risk measures. For example, consider VaR (value at risk)

and ESF (expected shortfall) as risk measures. If the true innovation density is g with

distribution function (, then the true innovation VaR at probability level r is given by
Vak, =Gﬁl(r) and the corresponding expected shortfall by £sf, = r! IM’ xg(x)dx. The

corresponding estimates are given by the same expressions with g and ¢ replaced by their

estimates ¢ and G

Therefore, assuming NIG innovations, the one period ahead forecast for VaR due to

innovation and volatility is \//;mG;_T_'f(r) and the one period ahead VaR forecast for the

return generating process is 13+g5};+\}l;7+,6§_'} {7). The forecasts for ESF may be obtained in

a similar fashion.
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2.2.6 Estimation and forecasting issues

As seen in the previous section, when GARCH estimation techniques are implemented,
“volatility forecasts” can be obtained as an extension of the current model. There are
however practical issues when fitting GARCH medels to financial time series. For instance
one has to specify a parametric model and make certain distributional assumptions, which
need not be correct. Therefore one has to carry out a proper “goodness of fit" test to assess
the adequacy of the fit. GARCH models should also be fit to time series containing “enough”
data points. If the time series does not have enough data points the Maximum Likelihood
Estimates (MLE) obtained might be flawed. In practice it is assumed that at least 250 data

points are required to ensure an adequate fit.

GARCH volatility estimates change every time a new fit is made. For example, suppose that
the same GARCH mode! is fitted to exactly the same time series, with the only difference
being that the one time series is lagged one period. One would want the historical volatility
estimates to be the same at the same time point. However, this is not the case. The
introduction of the new data point causes the historic volatility estimates to change. This is
not a very desirable property of GARCH models, because a newly observed return should
not influence past volatility.
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2.3 REALIZED VOLATILITY MODELS

2.3.1 Introduction and motivation

In the previous section we described how GARCH models might be used to estimate and
forecast conditional daily volatility. An estimate for the volatility of a particular share on a
particular day may be obtained by fitting a GARCH model to a series of daily log returns
obtained from closing price data. We also mentioned that until recently most of what was
learnt regarding financial market volatility was based on parametric GARCH and stochastic
volatility models for the underlying returns, or on the analysis of implied volatilities from
options or other derivative instruments. However, the validity of such volatility measures
generally depends upon specific distributional assumptions (e.g., assuming Normal Inverse
Gaussian distributed innovations) and, in the case of implied volatilities, further assumptions
concerning the market price of volatility risk. As such, the existence of multiple competing
models immediately calls into question the robustness of previous findings. An alternative
approach, based on intraday squared returns over the relevant return horizon, provides
model-free unbiased estimates of the ex-post realized volatility. Recently, Andersen et al.
(2001) investigated the realized volatility approach. Basically, the approach is to estimate
daily volatility by taking the square root of the sum of the squared intraday returns, which are
sampled at very short intervals. In ideal circumstances increasing the sampling frequency
yields arbitrarily precise estimates of volatility on any given day. Therefore, daily volatility
becomes almost observable via realized volatility. The above-mentioned authors also found
that realized volatility behaves like a long memory process and that this feature may be used
to construct potentially more accurate forecasts of daily volatility. Using currency data, Pong
et al. (2004) compared the volatility forecasting ability of four methods, viz. GARCH forecasts
obtained from daily returns, short memory ARMA and long memory ARFIMA forecasts from
high frequency returns, and implied volatilities obtained from option prices. They found that
the methods based on realized volatility provided the most accurate forecasts in general with

the long memory ARFIMA forecasts performing best.
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2.3.2 Realized volatility modelling

Daily realized volatility can be defined as the square root of the sum of the high frequency or
intra day squared returns. Andersen et al. (2001) motivate the realized volatility approach by
the limitations of traditional approaches which were mentioned previously. Naturally they
argue that having more relevant data available should improve the efficiency and accuracy
with which daily volatility may be estimated. The authors' approach to construct a realized
volatility estimator follows similar lines than that of earlier work by French et al. (1987},
Schwert (1990 a&b) and Schwert and Sequin (1991). These authors rely primarily on daily
return observations which they use for the construction of monthly realized share return
volatility. However, these earlier studies did not provide any formal justification for such
measures, which Andersen et al. (2001) provides. This justification, summarised by Hansen

and Lunde (2004b), is presented below.

Let {p(t)},, be a logarithmic price process over a time interval |, and let [a.b]c/be a
compact interval that is partitioned into m intervals of equal length A_ =(b-a)/m. The
interval [a,b], will typically span a trading day, so we refer to

Y, =pl@a+iA,))-pla+iA, —A,) i=1...,m as intraday returns. The realized variance at

frequency m is defined as
V)
[a b = Z
When p(f) is a semi-martingale the RV is by definition a consistent estimator of the

quadratic variation (QV), of {p(t)}k[a 0] (see e.g., Andersen and Bollerslev (1998) and

Barndorff-Nielsen and Shephard (2002)). The stochastic volatility models define a particular
class of semi-martingales. These satisfy a stochastic differential equation of the form

dp(f) = p(t)dt +o(t)dw(t),
where u(f) and o(f) are time varying random functions and @(r) is standard Brownian

motion. The integrated variance for such processes is defined by
V0 = ja (t)dt,

and equals QV for this class of semi-martingales. The IV is fundamental for pricing derivative
securities, see e.g., Hull and White (1987), which makes it a natural poputation measure of
volatility.
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Another popular measure of volatility is the conditional variance (CV) that plays a pivotal role
in ARCH-type models. The CV is defined by

oY

| = var(n, | F.),

ab

where 1, =p(b) - p(a) and F,denotes the information set at time a. So CV,,, is the

variance of the innovation in p(t) over the intervat [a, b], conditional on the information at
time a. The relations between the various quantities are the following: RV is generally

consistent for QV, which (sometimes) equals the /V. Further, £(/V[F,)~ CV with equality if

! ,u(t)}f:a is F. measurable. Thus the RV can be used to approximate these population

a
measures under various assumptions. The empirical properties of the RV have been studied
in various settings by Andersen et al. (2001) and Andersen et al. (2003). A theoretical
comparison between the IV and RV (in relation to the V) is established in Barndorff-Nielsen
and Shephard {2002).

In a multivariate setting and using similar, but slightly different notation, Andersen et al.

(2001) provide the following resuits. Assume that a logarithmic N x1 vector price process p,
follows a multivariate continuous time stochastic volatility diffusion,

dp, = p,dt + Q*dW, (2.10)
where W, denotes a standard N dimensional Brownian motion, the process for the N x N

positive definite diffusion matrices, €, is strictly stationary, and the time unit interval, or

h =1, is normalized to represent one trading day.

Conditional on the sample path realization of , and /4, the distribution of the continuously

compounded h—period returns, r,,,, = p,, - p,. is then

h h
£ !+h,h| O-{EH!'QH:}?:O ~ N [ J'I[_lh-rdr‘ JQHrdr] H (21 1)
¢ 0

tir

where O'{gm,ﬂm}f:o denotes the o -field generated by the sample paths of 4, and Q

forQ<r<h.

The integrated diffusion matrix thus provides a natural measure of the true latent h-period
volatility. This notion of integrated volatility plays a central role in the stochastic volatility
option pricing literature, where the price of an option typically depends on the distribution of

the integrated volatility process for the underlying asset over the life of the option.
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By the theory of quadratic variation and under weak regularity conditions, Andersen et al.
(2001) show that

h
Y aal b jﬂmdf -0, (2.12)
0

j=1...[hiA]
almost surely for all 1 as the sampling frequency of the returns increases, or A -+ 0.
Thus by summing sufficiently finely sampled high frequency returns, it is possible to construct

ex-post realized volatility measures for the integrated latent volatilities. This contrasts sharply

with the common use of the cross product of the # period returns, Lt,nnlt.nn, as a simple

ex post volatility measure.

Although the squared return over the forecast horizon provides an unbiased estimate for the
realized integrated volatility, it is an extremely noisy estimator, and predictable variation in
the true latent volatility process is typically dwarfed by measurement error. For longer
horizons any conditional mean dependence will tend to contaminate the variance measure.
in contrast, as the length of the return horizon decreases the impact of the drift term

vanishes, so that the mean is effectively annihilated.
2.3.3 Problems with the practical implementation of the realized volatility approach

The theoretical results in the previous section effectively state that realized volatility yields a
perfect estimate of volatility in the hypothetical situation where prices are observed in
continuous time and without measurement error. This result suggests that the realized
variance (RV), which is the sum of squared error returns (SSR), should be based on returmns
that are sampled at the highest possible frequency (tick-by-tick data). However, in practice
this leads to the well-known bias problem due to market microstructure noise, see e.g., Zhou
(1986), Andreo and Ghysels (2002), and Oomen (2001). The bias is particularly evident from
volatility signature plots that were introduced by Andersen et al. (2000). Hence, there is a
trade-off between bias and variance when choosing the sampling frequency and this is the
reason that returns are typically sampled at moderate frequency, such as 5 minute sampling.
An alternative way to handle the bias problem is to use bias correction techniques. For
example a moving average filter was used by Andersen et al. (2001) and Bandi and Russell
(2003 a&b) and an autoregressive filter by Bolien and Inder (2002). These estimators
referred to as the ABDE (after Andersen, Bollerslev, Diebold and Ebens) estimator and the
VARHAC (Vector Autoregressive Heteroscedastic Autocorrelation Consistent) estimator will
be the focus of this thesis and will be defined and discussed in detail in the following two
sections. Other bias correction techniques were recently introduced by Zhang et al. (2003)

and Hansen and Lunde (2004b). The first approach considers time independent noise and
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uses a sub-sampling approach, while the latter allows for time dependence in the noise

process and uses a kernel-based approach. We will not investigate these techniques in this

thesis, because we only recently became aware of their existence.

2.3.4. The ABDE realized variance estimator

We now continue by discussing the construction of the ABDE realized variance estimator.
Andersen et al. (2001) construct a 5 minute returns series from the logarithmic difference
between the prices recorded at or immediately before the corresponding 5 minute mark.
Although the limiting result in Equation (2.12}) is independent of the value of the drift

parameter u ,, the use of a fixed discrete time interval could allow dependence in the mean

to systematically bias the volatility measures. In order to purge the high frequency data of the
negative serial correlation induced by uneven spacing of the observed prices and the

inherent bid ask spread, an MA(1) model for each of the 5 minute return series is estimated.

In Section 2.3.2 we used the notation Rv[‘;},’]to denote the realized variance at frequency

m over the interval[a,b]. To simplify notation we use the subscript t to refer to day ¢ and

write RV,(”” in place of RV[:T,',)] where [a,b] represents the hours of day t that the market is

b-
open. In the case of 5 minute intraday retumns, m = ?a =96 assuming the market opens at

a=9 am and closes at b=5 pm. Suppose we denote the resulting 5 minute intraday
return series by {Y,;i=12...Tm } where 7 =690 is the number of trading days and

m =96, the number of 5 minute intraday returns. Prior to the introduction of the new trading
methodology of the JSE Securities Exchange SA in May 2002, the market opened at

P
a=9 am and closed at b=4 pm where m=84 . As previously we have Y, = In(—

),

-1
with P, the price of the trade at time . Then the realized variance RV,on day t is equal to

the sum of the squared intraday returns, SSR, , on day ¢. Therefore we have that the realized

{m
volatility on day tis /SSR, . In our notation RV, = SSR, = ZY,2 , with m =96 because we

i=(e-lym=1
are concerned with 5 minute intraday returns. Suppose we fit an MA(1) model to the return
series {Y;;/=12,...,Tm} as Andersen et al. (2001) suggested in order to purge the high
frequency data series of negative serial correlations. The residuals resulting from the fit are
then used to calculate the realized volatilities. Although standard packages like SAS and
MATLAB provides the residuals from such a fit as standard output we give the mathematical
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details below. Assuming a MA(1) process, let Y, =e, —8e, , + 1, where &;is ith error, & the

moving average parameter and u the mean of the process. Note that the first order

autocorrelation of the MA(1) process is , so that a positive 8 implies a negative first

_ 8
(1+67)
order autocorrelation. After fitting the MA(1) process to the time series of intraday returns, the

estimated errors or residuals from the fit are obtained as

(2.13)

The residuals will now form the new time series {Y,-' =g;; i=12,...,Tm}of intraday returns

which is demeaned and the first order serial correlation removed. The ABDE realized

tm ]
variance estimator on day t is then obtained as ABDE, = 2(Y;)?; for r=1,2,...,T which
i=(£-1ym+1

is the sum of squared intraday residual returns resuiting from the MA(1) fit. Again the ABDE

realized volatility estimator on day ¢ is obtained as /ABDE, .

In Figure 2.3 an example of daily realized variance estimates obtained via the ABDE
variance estimator is shown. The ABDE variance estimator suggests two periods of
noticeable increase in volatility namely, the terrorist attacks in the USA and the well
documented leaking of the Aug 2002 Mining Charter. The two periods of high volatility
corresponds to significant movements in the price and log return series. In comparing the
variance estimates in Figure 2.2 with those in Figure 2.3, the GARCH and ABDE variance
estimators indicate similar volatility clusters. However the volatility experienced around the
Dec 2001 futures close out is not as prominent in the ABDE variance graph as in the GARCH
variance graph. The opposite is true for the Dec 2000 future close out. We could provide the
following explanation. Remember that the GARCH estimates are based on end of day
closing prices and the ABDE estimates are based on high frequency 5 minute data. The high
frequency data was more volatile during the Dec 2000 futures close out period in comparison
to the end of day data, explaining the Dec 2000 volatility cluster in the case of the ABDE
variance estimator. In the case of the Dec 2001 futures close out the end of day time series
was more volatile (close to close moves of 9%) in comparison to the high frequency time

series, contributing to the higher GARCH variance estimates.
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2.3.5 The VARHAC realized variance estimator

The Vector Autoregressive Heteroscedastic and Autocorrelation Consistent (VARHAC)
estimator was introduced by den Haan and Levin (1996) as a parametric spectral estimation
procedure for constructing heteroscedastic and autocorrelation consistent (HAC) covariance
matrices. The VARHAC estimator is based on earlier work by Parzen (see e.g., Parzen
(1983)). Bollen and Inder (2002) used the VARHAC and some other estimators to estimate
daily volatility. The VARHAC realized variance estimator makes use of all transaction (tick-
by-tick) data on a specific trading day.

As motivation for the VARHAC estimator of daily realized variance, Bollen and Inder (2002)
considered some stylized facts with regards to the properties of high frequency returns,
which lead the authors to propose a set of assumptions for the data generating process for

high frequency returns.

They mention that previous studies highlighted the following characteristics of high frequency

day returns:

o Andersen and Bollerslev (2001) found that the number of transactions per 5 minute
interval is highly seasonal and strongly related to the 5 minute volatility pattern.
Admati and Pfeiderer (1998) developed a theoretical model in which concentrated
trading at certain times is the result of strategic trading behaviour of both informed
and liquidity traders.

o Roll (1984) showed that price fluctuation between the bid and ask spread induces

first order autocorrelations into the high frequency return series.

e Hasbrouck and Ho (1987) after researching the autocorrelation structure of a
number of securities, found that the pattern consists of large negative
autocorrelation at first lag, followed by positive autocorrelation of decreasing
magnitude that are statistically significant. The positive autocorrelation at lags
greater than one may be due to traders’ working orders (buying and selling on
behalf of clients, executing hedges for their options etc.).
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From the above, Bolien and Inder (2002) conclude that each trading day is characterized by
both predictable (seasonal) and unpredictable periods of volatility in response to news
arrivals, etc. Each trading day may be characterized by a different auto-correlation structure,
since autocorrelation in high frequency returns appears to be closely related to periods of
concentrated trading. The existence of auto-correlation at lag lengths greater than one
(strong microstructure effects) would invalidate the suitability of volatility estimators based on
daily or high and low data input parameters. An alternative approach would be to allow for
the latter properties of high frequency data and to incorporate all available high frequency
data as in the VARHAC estimator proposed by Den Haan and Levin (1996).

Bollen and Inder {2002) describe the VARHAC estimator as follows. Assume #, returns are
observed in a trading day t (where n, maybe, for example, the number of 5 —minute returns
or transaction returns on day t). Define r;, = n/°r,, so that the daily return can be written as
h=3 ", =n">" . The goal is to estimate the variance of the daily returns

parameter o} = E[r?]. The latter parameter can be expressed as a function of the high

I 2
of -E[rf]—EH r] ]

1 n; iy

o} = Elr\r,) (2.14)

na s

frequency data, i.e.

which can be written as

where o/ represents the spectral density of r;,at frequency zero.

One of the concerns of Den Haan and Levin (1996} was to estimate parameters underlying
the data generating mechanism for a process{l{};_i. In particular they are interested in

estimating

r

1<
S;, = ?Z
=1

where ¥, and ¥, are N dimensional vectors. Suppose , we simplify their notation and iet N=1

E[V V], (2.15)

’=

then V, is a scalar. If we let V, :r,f, and T = n, (by comparing equations (2.14) and (2.15))

then S, is equal toa’ ).
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We can further appeal to the literature on spectral density estimation to guide us in our

estimation ofcrf. Den Haan and Levin (1996) argue strongly for the use of the VARHAC

estimator. Before the estimator can be adopted it is necessary to verify whether r, satisfies

the assumptions required for valid use of the estimator.

The following conditions must be met in order to implement the VARHAC estimator (Den
Haan and Levin Section 3.2 (1996)):

Conditions:

Let {V,}, _ be amean zero sequence of N — vectors, which satisfy the following conditions:
A. sup,,, E[VV,] < +oo;

B. I(0)=lim_ UTY " EIV,V,]is positive definite, and ;

C. z;, SUPy, |E{V:Vt.+;] ], <t

These conditions allow V, to possess a degree of heterogeneity and autocorrelation, and they
provide sufficient conditions for the valid estimation of S, using the VARHAC estimator. In

order to generalise the assumptions to high frequency returns the authors rewrote the

conditions, with reference to r;,.

Modified Conditions :

Assume r;,is a mean zero sequence of scalars satisfying:
2 .
A. sup,, ntE['r;',r} < o0

B. of =lim 3" Elr4]>0, and;
C. Z; SUP,¢ | EI7,7 ] ], < +oo..
We now discuss the above-mentioned modified conditions:
» Condition (A) requires that high frequency returns have bounded variance,

» Condition (B) rules out the possibility of too many values having zero variance.
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e Condition (C) controls the degree of dependence across observations, it implies that
the I;, are asymptotically independent, and that the sums of the autocovariances are

bounded. No further restrictions are placed and these conditions allow for a wide
range of possible heteroscedasticity and autocorrelation in high frequency returns.
The autocorrelations are not restricted to be constant across time — the only

constraint is the absolute summable restriction in condition (C).

The key advantage of the weak set of canditions on r;, is that they are consistent with the

theory regarding time series behaviour of high frequency returns. Such conditions allowr,, to

be unequally spaced transaction returns. Unequally spaced data produces another potential
source of heteroscedasticity, and also cause auto variances to vary across observations.
Neither of these impiications leads to a distortion of the assumptions stated in Equation

(2.16). Following den Haan and Levin (1998} we can apply the VARHAC estimator to obtain
a consistent estimator foro-f, which incorporates all of the available high frequency

information. The VARHAC estimator is constructed as follows:
Step 1: Lag order selection for each day

Consider a series of observations on transaction returns {r, .r,,,....s, ,} for a specific trading

day {, and furthermore assume the researcher has data available for S such trading days
{i.e. 1<t < S). For each of the S days of data, the following AR(K) model is estimated by least

squares:

K A
Za LK) + €, (K) for i=K+1.. (2.16)

for each possible lag order K = 1,...,f(. For K =0, set é,.,(O) =

Now calculate the Schwarz BIC;

> e (K)
BIC(K. 1) = In| =51 L In(m)K

(2.17)
nf nf

For each day, the optimal lag order K, is chosen as the value of K which minimizes

BIC(K.,1).
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Step 2: Calculate the estimate of o

For each day, the selected lag order K, and estimates of c;k,:(Kt)and ;,;f(K,) from Equation
(2.16) can be used to compute the VARHAC estimate:

IS 5
no

[1—3&&4&)}

VARHAC, = (2.18}

where

The estimator defined in Equation (2.18) will be referred to as the VARHAC variance

estimator VARHAC, . We will sometimes drop the subscript ¢ for notional simplicity.

In Figure 2.4 we graphically depict the VARHAC variance estimator for Anglo American PLC
(AGL) from 22 Jun 2000 — 07 Mar 2003. Once again the two periods of noticeable volatility
can be ascribed to the 11 Sep 2001 terrorist attacks in the USA and the well documented
leaking of the Aug 2002 Mining Charter. Both the realized variance estimators (VARHAC and
ABDE) in Figure 2.3 and 2.4 and the GARCH variance estimator in Figure 2.2 depict similar
volatility clusters for Anglo American PLC (AGL). For these specific volatility clusters the
ABDE variance estimates are larger than the VARHAC variance estimates which, in turn, are
larger than the GARCH variance estimates. In Section 4.2 we discuss the characteristics of
the realized variance estimators and the market factors contributing to the higher variance
estimates in more detail. As mentioned previously, the GARCH variance estimations are
based on end of day closing prices and would not reflect the “inter market” moves (between
close to close) as the realized variance estimates that are based on high frequency data

would.
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2.4.6 Estimation and forecasting issues

When a realized volatility estimation technique is used to estimate volatility a different
technique is usually used to forecast volatility. The most popular technique is currently

autoregressive fractionally integrated moving average modeis (ARFIMA).

Oomen (2001) calculated and analysed realized volatility by employing minute by minute
data on the FTSE 100 index. Oomen found that in order to implement the “sum of squared
returns approach” to calculate realised volatility, a careful check on serial dependence in high
frequency returns was necessary in order to avoid biases in the resulting measure for
average daily return volatility. Motivated by several test statistics for the presence of long
memory, Oomen modelled the realised volatility time series as an ARFIMA model and found
lagged returns and trading volumes to be significant regressors. In a simulation study the
forecasting performance of the ARFIMA model for daily realised volatility was assessed and
the authors found that the ARFIMA model outperformed conventional GARCH models. It
should be noted that the ARFIMA mode! requires more input data than the GARCH models
and that the GARCH model’s ability to account for persistence in the volatility process makes
it a reasonable and easier alternative to the data intensive and complicated ARFIMA model

for realised volatility.

Hol and Koopman (2002) explored the forecasting of values of high frequency time series in
conjunction with a variety of volfatility models (realized volatility, GARCH and stochastic
volatility) on the S&P 100 index. The authors found that for forecasting horizons ranging from
one day to one week the most accurate out of sample volatility forecasts were abtained with
the realised volatility and extended stochastic volatility models. Although the GARCH model
extended with intraday volatility appeared to perform well when its forecasts are evaluated on
the basis of regression methods, other evaluation criteria indicated that it tends to
overestimate volatility. As the GARCH (1,1) model also suffers from this problem the authors
conclude that in the absence of intraday volatility information the stochastic volatility model is
the preferred model for forecasting volatility.
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2.4 SOME OTHER VOLATILITY ESTIMATORS

In the following section we will discuss some of the other volatility estimators proposed by
Bollen and Inder (2002) in their article. We will not be pursuing these estimators in our
empirical analysis, however in the following Sections 2.4.1-2.4 3 we will discuss the reason

as to why these estimators have been eliminated from the study.
2.4.1 Simple volatility estimator

Bollen and Inder (2002) begin by assuming the daily return Y, =In(p,) - in(p,_,) where p, is
the closing price on day t and ¥, is a drawing from the normal distribution with time varying
volatility:

Y, ~N(0.07). (2.19)
The first and most basic estimator is based upon the observation that the expected value of
the folded normal distribution is given by E{] Y, |} = a,\/m . Bollen and Inder (2002) defined

the Simple Volatility Estimator as:

O (simple t}y = =.
2 ,
N/ T

X

(2.20)

The Simple Volatility Estimator is based on only one observation to estimate each day's
volatility, suggesting that the estimator will be highly inefficient in comparison to the other
estimators selected for our study. The simple volatility estimator for the share AGL for the
period 21 Jun 2000 — 7 Mar 2003 is depicted in Figure 2.5. Similarly to our more complex
volatility estimators the simple volatility estimates also increased noticeably for the share
Anglo American PLC (AGL) around the time of the 11 Sep 2001 terrorist attacks, during the
Dec 2001 futures close out as well as at the leaking of the Mining Charter in Aug 2002.
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2.4.2 PARK variance estimator

Extreme value estimators make some use of the information in the high frequency data such
as the high, low, opening and closing prices. Define H, as the highest price and L as the
lowest price on day t. Parkinson (1980) developed the PARK daily variance estimator, based
upon the assumption that high frequency prices follow a geometric Brownian motion process.
The corresponding PARK daily variance estimator under this assumption is defined as:

2 (In(H) - (L))
G(PARK)t = 4In(2) .

(2.21)

In Figure 2.6 we show the PARK variance estimator for the share AGL for the period 21 Jun
2000 — 7 Mar 2003. In contrast to the other estimation techniques discussed previously the
PARK estimator is much more volatile and we therefore decided to discard the PARK
variance estimator. Furthermore, we refer the reader Section 2.4.3, where after personal
communication with Dr Bollen, the decision was made to discard the GK estimator, which is
more efficient than the PARK estimator and therefore the PARK estimator should also be
discarded.






2.4.3 GK variance estimator

Garman and Klass (1980) proposed an estimator, which they claim is more efficient than
PARK. The corresponding estimator assuming a geometric Brownian motion price process

shall be referred to as the GK variance estimator and is defined as:

2

o oxre = 0.5(n(H, 1L,))2 -~ 0.39(n(p, I p,_,)\. (2.22)

Similarly to the Simple and PARK variance estimator, the GK estimator is also an inefficient
estimator of realized variance based on high frequency data. This is because the high and

low prices of a share are not a very accurate reflection of trading and, therefore of volatility.

In our analysis (Figure 2.7) we found that the GK variance estimator returned negative
volatilities on some trading days. The reason being that the difference between the previous
day's close to the current days closing price was greater than the difference between the
high and low prices on that particular trading day. The latter volatility characteristic is counter
intuitive and it was necessary to recheck our GK volatility estimator calculations. We
confirmed that we applied the GK variance estimator in Equation (2.22) as Bollen and Inder
had stated. In e-mail correspondence with Dr Bollen we explained our findings and he
confirmed that they had seen similar occurrences of a negative GK variance estimator in
previous studies. We therefore decide to also exclude the GK variance estimator from our
study.
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2.5 CONCLUSION

We have discussed several theoretical measures for volatility of which quadratic variation
(QV), integrated variance (IV) and conditional variance (CV) are the most popular. Realized
variance is a consistent estimator for QV and can approximate IV and CV under various
assumptions. GARCH modeis are typically only concerned with CV. In this chapter we have
also discussed the GARCH and NIG-GARCH model proposed by Venter and de Jongh
(2002) and showed how these models may be fitted to daily data to provide estimates and

forecasts of daily volatility. We have also proposed three realized volatility methods which

use intraday data to estimate daily volatility, namely /SSR , JABDE, and \JVARHAC .
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CHAPTER 3

HIGH FREQUENCY DATA FILTERING

3.1 INTRODUCTION

Traditional studies of financial markets have relied on price observations drawn at fixed
intervals, usually end of day (close to close). This sampling pattern was perhaps dictated by
the general view that whatever drove equity prices and returns probably did not vary
significantly over short time intervais and therefore it was deemed unnecessary to investigate
shorter time intervals. Not only are the actual price quotations important in the understanding
of the structure of financial markets, there is also additional information in the duration or
time interval between quotations. A fundamental property of high frequency data is that
observations can occur at non-equally spaced time intervals. Equity trades are not normally
equally spaced throughout the day, resulting in intraday "seasonals” in the volume of trade,
the volatility of prices, and the behaviour of spreads. During some of the time intervals, no
transactions may occur, dictating that even measuring returns may be problematic. These
difficulties are less pronounced when fixed daily data is used but becomes more important
when high frequency data is analyzed. Given that financial markets display high speeds of
price movements/adjustment, studies based upon daily observations may fail to capture
information contained in intraday or high frequency data and market movements. With the
development of computer technology, data availability is becoming less of a problem for
researchers and the last few years has seen a rapid development of econometric and

statistical techriques applicable to financial market data.

In this chapter we provide the necessary foundations we had to complete in order to
construct a reliable time series to utilize in the calculation of our various volatility estimators.

Before we could design a data filter to purge erroneous data points we first had to identify
these errors as well as their causes (e.g., human capturing errors and the nature of trading
on the exchange). Furthermore it was also necessary to identify market characteristics that
influence volatility, such as corporate events, the arrival of news, introduction of a new share
settlement system and non-economic world events such as the 11 Sep 2001 terrorist attacks.
Once these events had been identified we could design a data filter in order to filter
erroneous data points from our South African data. While a number of studies have
examined the characteristics of intraday return volatility in the international markets (refer to

Chapter 2), to the best of our knowledge no previous research has been conducted in the
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South African equity market with regards to high frequency return volatility of individual

shares.

Before a high frequency time series can be statistically analysed the following processes
(depicted in Figure 3.1) should take place. We will use this process to motivate the layout of

the chapter:

e Firstly, high frequency data of a reliable quality must be obtained. At the time of our
study it was extremely difficuit to obtain high frequency data for the South African
equity market, as data wasn't easily available to the researcher (we obtained the data
used in our study from a market participant). In Section 3.2 of this chapter we begin
with a discussion of the underlying characteristics and trade mechanics of
international financial markets and specifically South African equity markets. In
Section 3.3 we describe the subset of six South African ALSI 40 shares selected for
our study. We conclude the section with a discussion on the format of the data files

and some descriptive statistics for the subset of six shares.

¢ Once the high frequency data had been obtained it was necessary to filter the data of
potentially erroneous data points that could have affected the resulting volatility and
the reliability of the statistical results. in Section 3.4 we discuss the various factors
identified in our study that would impact volatility, namely erroneous data points in the
time series, random market events (corporate actions, macro economic news
announcements), once-off events (such as the change in trading methodology on the
JSE Securities Exchange SA (JSE) and the introduction of STRATE) as well as
extreme market events (terrorism etc.). We continue in Section 3.4 by discussing the
different aspects the researcher had to keep in mind when filtering high frequency
data and the data filtering methodology we applied in filtering erroneous data points

for our subset of six shares in more detail.

e Once the data had been filtered it was necessary to construct the time series as
specified by the model chosen to analyse the data. The construction of the time
series applicable to each of the different approaches chosen to calculate daily
volatility (refer to Chapter 2) will be discussed in Section 3.5.
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[ Obtain high frequency data |
|

[ Filter data of potential data outiiers |
l

[ Construct resulting time series |
esu

[ 1 1 i :
[ 5 minute time series |  |_ All high frequency data | | Endof day]closmggnces )
| |
SSR VARHAC GARCH
ABDE NIG-GARCH

Figure 3.1: Data gathering and filtering process followed before the researcher can begin

analyzing high frequency data.

3.2 INTERNATIONAL AND SOUTH AFRICAN FINANCIAL MARKETS

Markets across the world use different trading methodologies to facilitate trading, e.g.
trading floors with traders shouting sell and buy orders, whereas other markets utilize
automated screen trading. In this section we will discuss each of these trading
methodologies in more detail as well as the potential data capturing errors that can occur
within each.

3.2.1 Iinternational markets

Trading system

The following major trading methodologies can be identified:

Dealing on a trading floor market is done by means of open outcry. Traders meet each other

face to face and “shout” their buying and selling prices out loud on a physical trading floor.

in a Screen quotation tefephone trading market, buyers and sellers negotiate a financial
transaction over the telephone. The screen (usually a Reuter's or Bloomberg's screen) is
used to advertise potential non-binding prices. Screen quotation usually takes place in
informal markets such as the bond and foreign exchange markets.
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In a “Screen trading only” system, firm quotes are made on screen and transactions are
finalized by telephone. Screen trading requires a central clearing house. Currently the South
African bond market utilizes both an automated screen trading system (BATS) as well as the
screen quotation telephone system (Reuter's or Bloomberg's). Although the screen market is
a major improvement on screen telephone trading it is still regarded as an interim step

between floor and automated trading systems.

In an Automated trading system environment all trading is fully automated and executed from
a trading screen platform. Buyers and seller transact using the central automated trading
system of the exchange. Examples of automated trading systems in a South African context
are TALX or Hermes (equity platforms), ATS (derivative platform) and BATS (bonds).

The trading mode! employed by the exchange will have an effect on the record keeping
quality of the particular exchange’s daily trading data, namely whether the trading data is
being captured manually (human intervention) or automatically (by sophisticated computer
systems). Each of the above mentioned trading methodologies will have their own data
capturing “issues” and potential data errors. In Section 3.2.1 we will discuss some of these
issues briefly (the focus of the chapter being the identification of South African data errors

and issues).

In open outcry markets such as the Chicago Board of Trade and the New York Stock
Exchange, participants “voicing” bids and offers generate trades on physical exchanges and
trained pit reporters located on the trading floor report executed trades. The various trained
pit reporters will manually enter the various hand signals and verbal quotes that confirm trade
bid and offers into hand held devices which are routed to servers. Due to the manual process
of capturing trades into hand held devices the following error may occur; namely: Software
running on the hand held devices reduce, but do not eliminate, the possibility of multiple
reporters entering the same trade (e.g., trade dupiication). The trade reporters may enter
incorrect prices and quantities. For example, decimal errors may occur, i.e. a share may
trade at $100 and be entered at $1000 or $1 in the hand held device.

In telephonic and screen-only trading markets all trades will be reported at the end of the
trading day and manually captured by each market participant into their respective in-house
trading systems. Due to the nature of trading, maintaining a database of all trades in the
market will be a probiematic task. As mentioned in the previous section, with any process

where human intervention is necessary, data capturing errors could occur.
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In electronic markets, such as the JSE and the London Stock Exchange, the buy and sell
orders are matched electronically. All electronic exchanges keep records of transactions
consummated on the exchange, the price, volume and the counterparties involved and time
of the deal. Data is collected electronically in sequence and released to data vendors and the
various market participants. Aithough the trades are entered electronically, data transmission

errors such as decimal places and incorrect trading prices may still occur.

High frequency data

All electronic trading international exchanges keep records of transactions consummated on
the exchange (e.g., price, volume and counterparties involved, time of the deal). The
exchange will publish almost all of the trade information (sometimes at a cost). The names of
the counterparties are generally regarded as private and potentially commercially sensitive
and will not be included in the data sets. Our ability to analyze the working of financial
markets is limited by the availability of relevant historical high frequency data. Market
microstructure studies depend on access to high frequency data as well as the use of
information technology to store and process the data sets. High frequency data is available
for most of the international derivatives and stock exchanges, e.g., Chicago Board of Option
Exchange, Chicago Mercantile Exchange. Researchers can purchase historical high

frequency data on the internet from websites such as www.tickdata.com (historical intraday

data of the international commodity and equity markets) and http://cbotdataexchange.if5.com

(the Chicago Board of Trade is a global commeodity futures exchange trading treasury bonds,
corn, soybean, wheat, gold, silver and more).

There are many exchanges for which such detailed information isn't easily available to
researchers. While traditional trading venues involve personal interactions between traders
either on exchanges or by telephone, the advent of technology permits the development of
electronic exchanges devoid of such interactions. Moreover, with only two exceptions, all
new derivative exchanges established since 1996 are fully automated and, increasingly, new
stock exchanges are similarly structured (see e.g., Goodhart and O'Hara (1997)).
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3.2.2 The South African equity market
Before we start our research with regard to the estimation of the volatility of a small subset of
shares on the JSE, it is important to gain an understanding of the mechanics of equity

markets in general as well as the market events that have had an effect on volatility.

Equity market structure

Depending on whether current or new capital is being issued, South African equity markets
can be conceptually divided into two components, namely primary and secondary markets.

e A primary market deals with the creation or termination of shares. Transactions in the
primary market affect the size of the available equity market. Examples of transactions in
the primary market would be new listings, rights issues, share splits, winding up of
existing companies and the buying back by a company of its own shares. In our study,
two of the shares selected were impacted by a share split and had to be adjusted

accordingly. We will discuss the process in more detail later in the chapter.

» A secondary market engages in the trading of existing shares. Transactions in the
secondary market affect the flow of money through the market. They also impact share
prices and thus market capitalization {market value of the total shares in issue), as well

as market liquidity, but do not affect the size of the share pool.

South African equity market participants

There are different market participants active in the South African equity market and their
different trading styles will have an effect on the information content/profile of trades. The
market participants can be classified as foliows:

e Brokers or Agents operate solely as agents for buyers and sellers. They do not speculate
on price movements in the market as they concentrate solely on their roles as agents for
which they receive a commission. Clients place orders at specific levels with their brokers
and the brokers will execute the deal at the same level or better depending on the
market. The deals may have an effect on volatility as the trades may have been executed
at a predetermined level requested by the client
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e Proprietary traders (merchant banks, institutions, pension funds) trade for their own
account. Proprietary trading includes prearranged deals (i.e. deals arranged on the
telephone in order to execute the delta associated with an option trade) and these could
give rise to periods of time when financial markets are particularly active and volatile, At
other times the opposite may be true and the market may be extremely quiet. Proprietary
trading and its effect on volatility is difficult to identify due to the anonymity of the trading
parties.

Trading system

The JSE utilizes an automated trading system methodology and all trading is fully automated
and executed from a trading screen platform. Buyers and sellers transact using the central
automated trading system of the exchange. Large investors (who are exchange members})
can therefore deal on their own behalf and aren't reliant on brokers to find them a "best
price”. In contrast, clients who are not members of the stock or derivative exchanges and
market participants who would like to trade anonymously will still have to utilize the services

of a stock broker or derivative exchange member to trade on their behalf.

High frequency data availability

Obtaining high frequency data for the South African equity market was an initial hurdie to our
study. In the South African equity market, outside vendors such as Reuters, I-net bridge and
Bloombergs provide access to high frequency data, but due to the large volume of
transactions the information is only stored for a limited period. Data vendor high frequency
data is usually stored for a period of 3 months or “set number of data entries” depending on
the liquidity of the share. The other alternative is to keep a record of all transactions on an in-
house server, which is a rather costly and not very feasible solution for the researcher. The
JSE, in contrast to their international counterparts, does not keep a database of high
frequency equity data and thus availability of high frequency data in the South African equity
market was an initial hurdle to our study (we obtained the data used in our study from
HSBC). The Centre for Business Mathematics and Informatics, North-West University
(Potchefstroom Campus), has subsequently started maintaining a high frequency historical
database of the South African equity market.
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3.3 SHARES SELECTED FOR THE STUDY

The aim of the present study is the estimation of daily volatility utilizing high frequency data
and in order to obtain these estimates it was important to select a subset of shares that are
actively traded in the South African equity market. Due to the iarge amount of data involved
in a high frequency data study it was necessary to select a small subset of shares for our

study. We selected a subset of six shares based on the following critenia:

e Firstly, the shares had to be liquid (actively traded) with a high average daily turn-
over.

« Secondly, they had to represent different market sectors such as mining, banking
(refer to Table 3.1).

o Thirdly, they had to be included in the FTSE/JSE Top 40 (ALSI 40/TOPI).

Even within the same trading mechanism (exchange) there can be large differences in the
trade outcomes for different shares. When estimating volatility, an area of concern is the
pricing of infrequently traded shares. On the JSE the constituents of the FTSE/SE Top 40
(ALSI 40) are traded in a different sector to the mid cap shares. Due to the infrequent trading

nature of the mid cap shares compared to the ALSI 40, these were not included in the study.

All shares selected have a high market capitalisation (number of shares issued muitipiied by
the market price) and form part of the JSE All Share 40 Actuaries Index (ALSI 40). In practice
the ALSI 40 constituents make up the majority of trade value on the Exchange on any
particular day. Furthermaore, ALSI 40 futures and options on futures are listed on the South
African Futures Exchange (SAFEX) thus making arbitrage and hedge trading possible across
the equity and derivative markets.
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Table 3.1: Subset of six shares selected for the study from the JSE Securities Exchange SA All
Share 40 Index (ALSI) 40).

Share Code | Share name Trading Sector

AGL Anglo American PLC Other Mineral Extractors and Mines
Wm' B Other Mineral Extractors and Mines

BVT Bidvest Limited Ord Business Support Services T

HAR Harmany GM Co Limited Gold Mining -—(

RCH Richmond Securities AG Household Appliances and Housewares

SBK Standard Bank Group Limited | Banks

In Table 3.2 we list the average, median, minimum, maximum and quartile statistics of the
number of trades per day applicable to the subset of six shares selected for our study. For all
the shares selected for our study the median of the number of trades per day is above 99
and we can conclude that they are actively traded on a daily basis. AGL has the highest
number of trades per day, foliowed by RCH, HAR, BIL, SBK and, {astly, BVT. In our study we
have included trading days which are considerably less active than others, for example 24
Dec 2000-2003 and 31 Dec 2000-2003 which are traditionaily halfday, hence have lower
trading volumes than normal.

Table 3.2: Average, median, minimum, maximum and quartile statistics for the number of
trades per day applicable to the subset of six shares selected for our study

~ Jae Jen  [evi nar [row  [sBk |

Average | 323 183 110 | 149 207 194 |
Median | 329 176 __ | 105 99 210 181
Q1 190 136 86 45 164 | 141
Qa7 219 125 228 272 236

: =

Min 7 10 6 ﬂ 4 16 4

| Max | 882 509 335 | 586 629 501

Some interesting statistics on the price return distribution for subset of six shares selected for
our study are given in Table 3.3.
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Table 3.3: Price return trading statistics (mean, standard deviation, minimum, maximum and
kurtosis) for the subset of shares {AGL, BIL, BVT, HAR, RCH and SBK) applicable to our study
for the period 21 Jun 2000-07 Mar 2003.

Share Std
Code Mean dev Min Max Kurtosis | Skewness
AGL 0.00000 | 0.0018 | -0.1094 0.1114 § 202.31 0.21931
BIL 0.00000 | 0.0025 | -0.0604 0.1621 | 181.52 2.48590

BVT 0.00000 | 0.0019 | -0.0339 | 0.0425 | 30.81 0.17594
HAR 0.00001 | 0.0033 | -0.1147 | 0.1420 | 164.24 0.77934
RCH 0.00000 | 0.0020 | -0.0869 |0.0433 | 37.15 -0.33980
SBK 0.00000 | 0.0018 | -0.0984 | 0.0394 | 92.57 -1.03600

From Table 3.3 we note the following'

e The share with the greatest range between minimum and maximum is HAR and the

share with the smallest range between minimum and maximum is BVT.

e Secondly all shares selected for the study display highly leptokurtic behaviour (with a
kurtosis greater than 3)

e The return distributions for AGL, HAR, SBK and BIL are all skewed to the right. In
contrast, RCH and BVT are the only two shares skewed to the left.



Example of tick data utilized in the study

Qur primary data set consists of share codes, date and time of transaction, trade code,

value, volume and price and trade number for the period 21 Jun 2000 - 7 Mar 2003. The JSE

transmits the data in the following format:

Table 3.4: Example of tick data used in the study.

ShrCode |Date Tcode (TotalValue |TotalVolume [Price [TradeNo
{Rand) {Cents)

AGL 00/12/29 15:53 |MB 407200 1000 40720 6935

AGL 00/12/29 15:54 |MB 81440 200 40720 6960

The fields used in Table 3.4 are described as follows:

o ShrCode: - Share code (e.g., AGL, BIL, refer to Table 3.1)

» Date: - Date and time stamp

» Tcode- Transaction code (refer to Tabie 3.10 for a full breakdown of all transaction
codes used by the JSE)

e TotalValue — Total Rand value of trade

= TotalVolume — Total volume assigned to the trade

e Price — Share price (quoted in South African cents)

e TradeNo — Unigue trade code (identifier) assigned to each trade
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3.4 DESIGNING A DATA FILTER

In order to design a data filter to fiter out erronecus points in our time series it was
necessary to develop a good understanding of the data as well as the events (normal and
extreme) in a South African equity market context that would have had an effect on volatility,
as well as gain an understanding of the underlying mechanics and requirements of a data
filter in general. In Section 3.4.1 we discuss the characteristics of data filtering in general (i.e.

not specific characteristics applicable to the South African study).

In a South African equity market context we identified three categories/classes which have
an important impact on volatility. Firstly, “everyday” market events such as corporate actions,
data capturing errors and news releases. Secondly, certain “once-off’ market events such as
the introduction of STRATE and the change in trading methodology on the JSE. Lastly, our
sample of data included the 11 Sep 2001 terrorist attacks, which we classified as an extreme
market event. Later in this section we will discuss each of these categories/classes with
practical examples from our study in more detail. We conclude the section with a summary of
the methodology applied to build a data filter for the shares selected for the South African
study.

3.4.1 A general introduction to data filtering

The importance of correct data, and hence the emphasis on filtering erroneous and
“suspicious” data, has nisen in recent years. Advances in technology have made analysis of
large sets of high frequency data more accessible to market participants. Before the analysis
of the constructed time series can be undertaken all erroneous data points must be filtered
out of the original time series. The latter process calls for a good understanding of the
underlying market as the “wrong trading prices” may compromise the results of the statistical

analysis by introducing artificial price movements (volatility).

One of the most difficult aspects of filtering high frequency data is identifying erroneous and
‘suspicious” data points. There may be obvious erroneous data points, such as decimal
errors, and there are borderline errors such as losing a fraction of the decimal. The removal
of obvious erroneous data points is an easy problem to solve, but the complexity lies in the

handling of borderline errors and “suspicious” data points.
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Tick data consists of all trades concluded in the market. These trades are associated with a
time stamp showing exactly when the transaction occurred. The information is kept in its raw
form by exchanges and data vendors and has to be processed before any reliable statistical
analysis can be performed. An effective data filter should create a time series for historical
research that eliminates erroneous data points in the trader’s or researcher’s base unit

without eliminating important statistical information from the time series.

There are various approaches/strategies a researcher can follow with regards to the

treatment of erroneous data points, namely:

e *“Search and replace/delete”, once an erroneous tick (price) is identified. The erroneous
tick could be replaced with the last known vaiue or deleted from the time series. When
deleting an erroneous tick (price) the researcher has to decide if the erroneous tick's
volume shouid be assigned to the data point before the erroneous tick or should the

volume associated with the erroneous trade be eliminated all together?

e Some data contributors send test ticks (not actual trading data) to the system when the
market isn’t liguid. Care should be taken, as these ticks may appear “valid” to the filter (if
weekends and public holidays haven't been fiagged in the filter) and therefore could be
incorrectly included in the study. If at the open or close of the trading day no trading has
taken place the researcher needs to make the decision if the last trade price is to be

used in the time series. An example applicabie to our study is given in Table 3.6 below.

Furthermore the filter employed should have the following characteristics:

e It should be computationally fast. This requirement excludes aigorithms starting from
scraich at each new incoming tick and therefore has to be sequential and iterative. For

large data sets computation time is crucial.

e There is a limit to the number of erroneous ticks in succession that can be fittered. A
neighbourhood of trades or a filtering window is needed to perform a check with regard
to the feasibility of a trade and how many erroneous ticks will be allowed. In other words,
is the change in price due to an erroneous data point or is the change in price due to an

actual change in price (e.g., looks suspicious but should not be filtered out)

e The cause of data errors is rarely known; therefore the validity of a quote is judged
according to its plausibility given the statistical properties of the series and common
sense.
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For a specific share several trades may take place at the same time stamp but be
executed at different levels. The filter has to take this characteristic into consideration. in
order to simplify the large amount of high frequency data applicabie to our study, a
decision was made to amalgamate trades that took place simultaneously. If more than
one trade took place at the same time e.g., at 9:01, the VWAP (volume weighted
average price) for all the trades was calcuiated. Later in Section 3.4 the latter process

and examples applicable to our study wiil be discussed in more detail.

One of the most important tasks when preparing data for analysis is the process of
generating a time price series from the ariginal data file/source. The definition of data
outliers or erroneous data paints is also dependent on the time series used; a higher
frequency data error may be insignificant to a trader using hourly data. In Figure 3.2 we
graphically depict a high frequency tick data price series compared to a 5 minute price
series for AGL. The “5 minute” data series was compiled using the Andersen et al.
(2001) nearest neighbour methodology (refer to Section 3.4). If the latter methodology is
utilized the noticeably higher price between 9.15 and 9.20 in Figure 3.2 would have been
excluded in the Andersen et al. (2001) & minute price series. The 25 minute price series
sequence contains a “data outlier” when used by a tick trader, which wouldn’t have had

an impact on a lower frequency trader.
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scrubbing the time series in such a manner as to produce a time series that removes outliers

but is still statistically reliable (see e.g., Fatkenberry (2002)).

While data filtering should take place at the tick level, filter parameters should remain a
function of the trader’s base unit (tick, hourly, daily data) of analysis. Data may appear to be
fiitered of all erroneous data points at a higher frequency, but by focusing intc a finer time
interval the data may contain erroneous information that is unusable for reliabie research. In
order to have reliable data it is necessary to filter data at its finest granularity. Depending on
the volume of data being filtered, the researcher may utilize a computer algorithm or decide
to filter the time series manually. When using a computer aigorithm to filter out erroneous
data points the following factors must be taken into consideration:

« Time efficiency — especially if large volumes of data must be filtered

e The accuracy of the resulting time series is debatable. Computer algorithms utilize
programming rules to “scrub” data. As an exampie - if the "data outlier” is more than “X
percent” away from a previous data point the data point will be removed. If the algorithm
doesn't lake the preceding data into consideration the latter rule may lead to over or
under scrubbing the resulting data series.

3.4.2 Designing a data filter for the South African study

In order 1o keep the human touch and intuition with regards to the identification of “suspicious
data” points and the filtering of erroneous data points in the data series for the shares
selected for the study, a decision was made that the data would be fittered manually. We
begin by summarizing the market characteristics/events that have an important impact on
volatility, namely every day, once off and extreme market events (which don't occur on a

daily basis).

Every day market events

e Data capturing errors such as decimal place errors (trades captured in Rand and not
cents will dramaticaily alter the volatility estimates and characteristics of the time

series).

» Macro economic news releases - news is a very broad concept and therefore difficult

to quantify. News can range from a phone call to a chient, economic forecasts of the

research department of a bank, general economic and political news as well as major



53

economic news announcernents (the transparency of the news announcement will
have an effect on the share price).

e Many markets impose iimits (voiatility bands) on the amount (percentage) assets
prices can change within a trading day to prevent the market from overreacting and,

hence, to dampen votatility in the short term.

o Corporate events (e g, rights issues, splits and consolidations) have the effect of
dramatically altering the price at which a share trades. In the case of a share split it
was necessary to back-adjust the time series to incorporate the share split otherwise
incorrect volatilities will be created.

e The relationship between volume and volatility is important due to the information
content associated with volume. Also, volume and the underlying associated price

movement thereof is thought 1o be a good estimator of volatility.

Once-off market events

e The JSE introduced a new electronic settlement system and custody system known
as Share Transactions Totally Electronic (STRATE)} in 2001. The move to the
STRATE system involved many fundamental changes from the paper based
settiement system (where settlement took place once every seven days), to a roliing
5-day electronic settiement system.

e Introduction of a new trading methodology on the JSE. in May 2002 the JSE
introduced a new trading methodology, as well as a new trading platform (e.g., TALX)
to replace the previous trading system (JET). The trading model provides for
continuous automated trading, open and opticnal intraday and closing auctions, static
and dynamic price monitoring as well as an auction or VWAP (volume weighted

average price) closing price calculation.
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Extreme market events

e Non-economic world events such as terrorism and war also had an impact on local
and international financial markets. Financial markets worldwide displayed
considerable turmoil in the weeks following the terror attacks of 11 Sep 2001.

The statistical distributions and characteristics of the various volatility estimators as noted in
Chapter 2 will be discussed in more detail in Chapter 4. In Sections 3.4.3 to 3.4.5 we will be
discussing the above mentioned characteristics and their infiluence on volatility in more detail.
3.4.3 Every day market events

3.4.3.1 Data errors in the time series

in the next section we note and discuss examples of data errors we found in the South
African study:

Data errors due to the trading methodology foilowed by the Exchange

In electronic markets (JSE, London Stock Exchange) the buy and sell orders are matched
electronically. All efectronic exchanges keep records of transactions consummated on the
exchange, the price, velume and the counterparties involved and estimates of the time of the
transaction. Data is coilected electronically in sequence and released to data vendors and
the markets. In a South African context all the orders are entered electronically and data
transmission errors may still occur as traders manually enter prices into the trading system

and as a result decimal place errors ocour.

Data transmission errors

High frequency data strings are commercially transmitted by the exchange or data vendors
as a parcel of real time information to data users. The data users are mostly professionals
who know the context as well as if and when erroneous data is transmitted (trade out of
sequence or at an incorrect price); the professional users will immediately understand and

implicitly filter the data by using the information they have available.

The situation changes if the users are researchers or when computer algorithms extract

information from high frequency quotes. Iif erroneous trades are used the results of the study
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may be tainted and not valid. Most researchers have found that high frequency data contain

erroneous data and data filtering is necessary, in order to ensure reliable results.

The source of errant data points is difficult to assess. The root of the problem can be traced
to the speed and volume at which the data is generated as well as human intervention
between the point of trade and data transmission. Erroneous data strings originate from the
process inherent to trading. Various scenarios can arise in which trades are reported out of
sequence, cancelled, repiaced or repotted in error. To identify the latter may not always be a
simple task and the data preceding the erroneous data point must always be taken into

consideration.

There are many causes for data errors. Human errors include isolated erroneous ticks,
multiple erroneous ticks in succession, decimal errors, transposition errors, typing errors and
the loss of the decimal portion of a number. Table 3.5 gives exampies of decimal place errors
from the unfiitered HAR time series used in the study. If the incorrect data points aren’t

fitered with care the resuiting volatility analysis will be compromised and unreliable.

Table 3.5: The table contains examples of two decimal place errors for Harmony GM Co Limited
(HAR) on different trading days (the data points are consecutive trading points).

" Date Data point 1 | Data point 2 Data point 3
27 Dec 2002 | 156.70 156 15600
I ~ T Decimal place error

7 Feb 2003 | 1206 1254 [ 12130 |

) Decimal place error

Figure 3.3 depicts examples of data outliers, which may be due to human efrors or decimal
place errors. There were numerous data outliers or data transmission errors that had to be
investigated and filtered. The extreme data outlier on 28 Jan 2003 was caused by a decimal
place error; the trader erroneously typed in the price as R1300 where it should have been
entered as R130. The same explanation holds for the lower outliers; instead of typing a price
of R130 on 30 Jan 2003, the trader entered a price of R0.13. The time series stil includes
the 4:1 split on 8 May 2001, which will be discussed in the Section 3.4.3.2.
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Although it is evident from both theory and stylized facts that the intensity of information flow
impacts the level of market volatility, it is in general difficult to explicitly identify the
information arrival process underlying systematic intraday patterns. The latter has been well
researched and numerous studies have been performed regarding the effects of public news
releases. Ederington and Lee (2001) found that regularly scheduled US macroeconomic
news releases lead to significant time-of-day and day-of-week patterns in the volatility of US
Treasury and Foreign Exchange futures,

In confrast, Cutler et al. (1989) find little association between the largest daily price changes
in the US stock markets and readily identifiable economic news. Mitchell and Mulherin (1994)
show that the number of Dow Jones announcements is only weakly related to the US stock
market volume and volatility, while Berry and Howe (1994) report no significant relationship
between US equity volatility and the total number of Reuters news releases.

Ederington and Lee (2001) compared scheduled and unscheduled news announcements in
the interest and foreign exchange markels. Unscheduled news announcements showed
higher volatility persistence than scheduled news announcements. Foreign exchange
markets, in contrast to the bond markets, display pronounced intraday volatility pattems, but
have smaller, yet still significant volatility responses to macroeconomic announcements (see
e.g., Andersen et al. (2000)). The findings of a U-shaped volatility pattern and a rather low
sensiivity to macroeconomic releases seemed ubiquitcus across US data studies in the

equity markets.

Andersen and Bollersev (1898), in their study of the foreign exchange market, take the first
step towards characterizing the expianatory power of iniraday patterns, macroeconomic
news releases and long term volatility factors. Tests for significant volatiiity responses to
specific events are reliable only if the researcher can control appropriately for the intraday
pattern. The intraday pattern may only be extracted with precision if one accounts for
scheduled macroeconomic announcements. A large quantity of information regarding the
curent state of voiatility is contained in high frequency data, but the relationship with the

intraday pattern as weil as macroeconomic news releases should be taken into account.
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Volatility clustering is refated to both the arrival and transmission of news It has been argued
that items of news that have a large impact on prices have a tendency to be clustered
together, as do items that have a small impact on prices (see e.g., Antoniou et al. (1998)).
The role of transmission of news in explaining volatility clustering relates to market dynamics.
Differences in investor's expectations may take some time to be eradicated and some
traders may have access to insider information which may fiter into the market at different
stages.

The timing of news announcements may also have an impact on volatility. Some news
announcements are specifically released outside of normal trading hours and this tendency
reflects the market expectation that particular releases are likely to have a disruptive impact
on the market. On the other hand, the market may be aware of news releases beforehand
and price the effect of the news in the current market price, thus incorporating the potential
price expectations. Some examples are: news announcements with predetermined fixed

dates e g., CP|, interest rate adjustments and the release of financial statements.

in our study we found it difficutt to specifically attribute higher and lower volatility estimates io
macro economic news events It is not humanly possible to “back date” potential price
movements and link the price movement to a “phane call” or research forecast of a bank if
the researcher doesn't have access to the infformation. However, knowledge of events like

these may aid significantly towards identifying outlying observations as errors or not.

Effects of price limits

Many markets impose limits (barriers) on the amount (percentage) by which assets prices
are allowed to change within a trading day to prevent the market from overreacting and,
hence, to dampen volatility. Examples of financial markets that impose price limits are
Austria, Belgium, France, italy, Japan, Korea, Malaysia, Mexico, the Netherlands, South
Africa, Spain, Switzerland, Taiwan and Thailand (see e.g., Cho et al. (2003)).
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Share price limits have two attributes that decrease the price volatifity:

e The limits literally set a ceiling and floor within which the price can move in a trading day.

e Price limits provide a cooling off period (limits market participant over-reaction, but does
not interfere with trading activity}.

Fama (1989) argues that price limits can have adverse effects on the equity market:

o The Volatility Spillover Hypotheses states that price limits will increase the volatility on
subsequent trading days because the limits prevent one-day price changes and
immediate corrections.

e A second potential problem with price limits is a delay in price discovery. in the Delayed
Price Discovery Hypotheses Fama (1989) argues that trading price constraints prevent
trading prices from reacting to new information arrivals as well as reaching new levels of

equilibrium.

e Thirdly, if the share pnice hits a limit, then the share becomes less liquid and the trading
will be heavier on the following days Lee et al. (1594) found that trading halts increase
both the volatility and volume for the New York Stock Exchange when trading resumes.

» The Magnet Effect (Farma, 1983) suggesls that prices accelerate towards the limit, as it
gets closer to the limits. There are two reasons proposed for the magnet effect. illiquidity
and behavioral investors.

e The Cool-off Effect (Fama, 1989) is the opposite of the Magnet Effect. Price limits may
cause a halt in trading and the market will have time to reassess the fundamental value
to counter the overreaction, if there is any in the market.

In the South African equily market as well as the agricuitural derivative markets the price limit

principle has been applied:

e The JSE implemented equity volatlility trading bands in May 2002. The volatility
auction penod can be described as follows:
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"An auction call period which occurs during automated trading when an order is entered
that would execute at a price that is a percentage, as specified by the JSE from time to
time, or more away from the reference price”. It and when the share volatility band is
triggered an automatic auction period will occur and trading will be halted for a period of
10 minutes only (see JSE Equities markets and trading functionality overview).

e The Agricultural Products Division of the JSE applies the following methodology to daily
price limits (see JSE Notice to members, A043, 2003):

‘If one or more White and Yellow maize contracts trade at the predetermined price limnits
(up or down) for two consecutive days, the aaily price limit will be extended from R45 per
ton to R65 per ton and will remain at extended limits until the daily price movements on
all like contracts is equal to or below R45 per ton. ©

An interesting possibility for future research would be to investigate if the imposed price
limits do have the desired effects of prevention (market overreaction) and dampening of
volatility. The latter effects may not always be in the market's best interest as artificial
volatility levels are introduced and market participants may be forced to execute deals at
unrealistic market levels.

The interaction of voiume and volatility

The traded volume of an instrument is not uniformly distributed over the trading day as
certain periods of the trading day will be more liquid (actively traded) than others. These
variations in volume are due to the release of economic figures (macro economic news
releases), market padticipant activity (orders in the market by institutions etc) and

unexpected clusters of information.

Volume of a trade is, loosely speaking, inversely related to the time between trades and the
underlying share price movement on a specific day is dependent on whether the volume is
high or iow. In other words, if a market piayer has a large size order 1o execute and there is a
lack of liquidity in the market it would possibiy create a problem of price slippage due to the
lack of liquidity. For a trader the distribution of volume through the trading day 18 important.
Firstly because of the information content associated with volume and, secondly because,
volume and the underlying associated price movement is thought to be a good estimator of
volatility. The indication of market depth (volume)} might assist the trader in executing orders
at better levels (see e g., Lequex (1997)).
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Volatility may be significantly higher at certain periods in the trading day, e.g., at the opening
in the morning session of trading and at the close in the afterncon leading to a U shaped
volatitity pattern. On the New York Stock Exchange the volume of deals, the volatility of
equity prices and the spread between bid and ask quotes all broadly follow a U shaped
pattern. Ail three variables are at the highest point at the opening, fall to lower levels during
the mid-day and rise again towards the close. Andersen et al (2000) show that the Nikkei
225-index volatility is significantly higher at the opening in the mornings and the close of the

afternoon sessions than during the morning and mid afternoon sessions (doubie U shape).

The temporal intra-day pattern is not easily explained theoretically (using a basic mode! that
splits agents in the market into informed, uninformed and market makers). One expects
uninformed liquidity traders, with discretion over the timing of their trades, to trade in time
periods when trading costs are low. Given the resulting market depth and subsequent
liquidity, privately informed traders would aiso want to trade in such intervais in order to
remain anonymous. Nevertheless more information is subsequently revealed and the prices
become more volatile (see e.g., Goodhart and O’'Hara (1897)). In the financial markets
greater volatility is associated with two factors, namely the “revelation” of information, as weli

as market uncertainty.

Similarly Piccinato et al. (1998) found that intraday tick activity in Euro futures displays a U
shape as well as evidence of a day of week effect (similar to that documented for stock
indices). Another interesting finding was that Euro futures trading activity displayed the
fowest trading volumes on Mondays and the highest trading volumes on the last two working

days of the week.

Prior to the implementation of STRATE the JSE settled all equity trades on a fixed day of the
week (Tuesdays) for the previous weeks trades (Monday to Friday). An interesting aspect for
future research would be to analyze if a day of week pattern or a “U shape pattern” would be
applicable o South African equities. Two different timelines would be applicable to this study:

« The trading period prior to the implementation of STRATE. If a day of week effect is to be
studied in the South African equity market care should be taken when analyzing data

before STRATE was introduced.

o The frading period after the implementation of STRATE.



65

3.4.4 Once-off market events

In this section we will discuss two events that have had an important impact on the volatility
calcutations in our study. Due to the infrequent nature of these events they can be classified
as once off occurrences, namely the introduction of STRATE and the change of trading
methodology on the JSE.

3.4.4.1 The introduction of STRATE

The JSE introduced the new electronic settlement and custody system known as Share
Transactions Totally Electronic (STRATE) in 2001. The move to the STRATE system
involved many fundamental changes from the paper based settiement system (where
settiement took place once every seven days). STRATE achieves secure, electronic
settiement of share transactions on the JSE on a rolling T+5 (trade day + 5 business days)
basis. All paper shares were dematerialized (conversion from paper share certificates to an
electronic record keeping system) in different stages (starting in 1999 and compleied by the
beginning of 2002} and settlement now takes place on a contractual rolling settlement (T+5)
basis. The dematerialization dates applicable to the shares selected for our study are shown
in Table 3.9
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Table 3.9: An example of the dematerialization schedule for the subset of shares selected for
the study.

JSE Code Share Dematerialization date

AGL Anglo American PLC 22 Oct 2001
Bit | BHP Biliiton PLC 21 Jan 2002

BVT Bidvest Limited Ord "~ 3 Sep 2001 ]
"HAR Harmony GM Co Limited 25 Ocl 1999 ’ —‘
| RCH Richmond Securities AG 15 Oct 2001

SBK ' Standard Bank Group Limited | 24 Dec 2001

Prior to the introduction of STRATE, the physical settlement of the net trades (buys and selis
of each stock) concluded from a Monday to a Friday of each week took place on the
subsequent Tuesday. If a market participant did not wish to take physical delivery of stocks
traded they would ensure that they buy and sell the same quantity of each stock during the
week. Due o the increased trading activity by market participants managing this process on
Fridays, trading activity would increase therefore we would expect higher volatilities on these

days.

3.4.4.2 Change in trading methodology JSE Securities Exchange SA

In May 2002 the JSE introduced a new trading methodology, as well as trading platform to
replace the previous trading system (JET). The new trading model is very similar to the
European Alliance Market maodel (1999) and is the preferred model for the operation of an
order book to support trading in liquid securities. The trading mode) provides for continuous
automated frading, open and oplional intraday and closing auctions, static and dynamic price
monitoring as well as auction or VWARP (volume weighted average price) closing prices (see
e.g., JSE equities market and trading functionality overview (2003)).

The new trading methodology included the introduction of a volatility auction period as weill
as a variety of new trade types that replaced the previous trade types. There are certain
times when unusual events occur in auction call periods and to minimize their impact and to
ensure optimal price formation and execution the events need to be brought to the attention
of the market. This will be achieved by the JSE through impiementation of auction call

extension periods. There are two types of auction extensions:
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e |i the execution price lies outside a predetermined tolerance level a price monitoring
extension that lasts for a period of 5 minutes will be implemented in order to increase the

likelthood that the price movement may be reduced to more acceptable prior levels.

o If market orders within the order book are not executable or only partially executable at

the end of an auction call period, the call period could be extended for an additional two
minutes.

The effect of the volatility auctions must be taken into account when studying volatility of the
individual shares and it may be necessary to divide the study into two categories e g., before
and after the implementation of the new trading methodology. The official trading hours (after
May 2002) of the JSE are 09h00 to 17h00 and prior 1o May 2002 the market opened at
09h00 and closed at 16h00. The trading day is divided into phases to facilitate liquidity, price
formation and market integrity through volatility interruptions. The JSE trading system (hew
frading methodology) operates on every business day according to the following standard
periods and times:

Market opening period (08h30 to 08h35)

s Opening auction call period (08h35 to 09hQ0)

» Automated trading period {09h0Q to 16h50)

¢ Intraday auction call period for selected securties {12h00 to 12h13)

e Closing auction call period (16h50 to 17hQ0)

¢ Runoff period (17h00 to 18h00)

» System close (18h00)

The JSE uses various trade types to define different trading activities in their database, .9,
trade type “OX’ describes aptions exercises and “MB” is the main board indicator. For a full
breakdown of all different trade types used please refer to Table 3.10. For the purpose of our
study the decision was taken to only include MB (main board) trade types prior to May 2002
and AT (Automatic trades) after May 2002. The reasons being as follows:
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Table 3.10: JSE Securities Exchange SA (JSE) equity trade types used for trade reporting.

Code | Description JSE definition

AS Asset swap A transaction, which complies with all the asset swap
requirements of the SARB.

AT Automatic trade Automatic trade.

BB Broker to broker trade Broker to broker trade.

BT Block trade A transaction where a broking member trades as an agent
in a single security where the transaction has a minimum
value of RS Million, and compromises at least 100% of the
average daily value.

CF Corporate finance trade A transaction which must be entered into in writing; require?
public notification in the press; and complies with the
requirements of fransaction categones of the listing
requirements of the JSE.

CT Correction trade If the price entered on an order which results in an error is
10% or more away from the previous reference price or if
there were no trade on that day, the previous business day's
closing price.

LC Late cancellation trade If conducted after hours must be reported to the JSE trading
system within 15 minutes of the market-opening period the
next day.

LP Late purchase If conducted after hours must be reported to the JSE trading
system within 15 minutes of the market-opening period the
next day.

LS Late sale If conducted after hours must be reported to the
JSE trading system within 15 minutes of the
market-opening period the next day.

LT Late trade A transaction where a broking member trades after hours
with a professional market participant, as agent ar principal
in fulfillment of:

1) an order already entered into the JSE trading system
which reflects a reasonable price at which the client wishes
to trade.

2) an order received prior to the end of cloesing auction call
period or an order received after hours.
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Code Description JSE definition

MB Main board Main board.

oC Overseas counterparty Overseas counterparty.

oL Odd lot Share quantities less than 100 shares.

OoP Off order book principal trade | A transaction where a broking member trades as a principal

in a single security where the transaction has a minimum
value of R500 000; and compromises at least six times the

normal market size.

0OX Option exercise Exercising an option.

PF Portfolio trade A transaction where a broking member trades as an agent

in a portfolio of shares.

ST Special terms trade Special terms trade.

ut Uncrossing / auction trade A transaction matched automatically in the JSE trading

system during auction matching.

NX Namibian stock exchange Trading in Shares listed on the Namibian Stock Exchange.

Nature of trading and different trading classifications

The nature of trading can cause various scenarios wherein trades are reported out of
sequence. For example, equity OTC options are deals that are concluded on a principal to
principal or agency to agency basis between the option writer and the buyer. The options
have tailor made specifications and are mostly written on the more liquid shares. Depending

on the contract specification the options may be exercised in cash or equities.

Option exercises may be misleading as they could look like possible data “outliers” as the
strike price of the option may be far from the market trading levels at exercise. The trades
can be identified from the database by the trade type “OX” (Option exercise) or “"OD" (Option
delta) and can therefore be eliminated for the purpose of the study.

The data filter implemented has to be sensitive with regards to the different trading
classifications (option exercises, contra trades, late trades, portfolio trades — piease refer to
Table 3.10 for more examples) and the effect they may have on the data. Due to the
contractual nature of some of the trade types they may distort the data and have a negative

impact on the meaningfulness of the study.

The following table illustrates an AGL time series example of a potential outlier due to a

different trade type.
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Table 3.11 Extract of a high frequency time series data for Anglo American PLC (AGL) on 4 Feb
2002. Note the data outlier (data point 2) — could be an example of an option exercise (different
trade type}.

Date Data point 1 | Data point 2 Data point 3
4 Feb 2002 | 198.40 130.00 197.86

The JSE uses various trade types to define different trading activities in their database, e.g.,
trade type “OX" describes options exercises and “MB" is the main board indicator. For the
purpose of our study the decision was taken to only include MB {main board) trade types
prior to May 2002 and AT (Automatic trades) after May 2002.

3.4.5 Extreme market events that influence volatility

Non economic world events such as terrorism and war aiso have an important impact on
local and international financial markets. Financial markets worldwide displayed considerable
turmoil in the weeks following the terror attacks of 11 Sep 2001 and the pattern of price
changes were typical of crises in many ways: sharp changes in asset prices, increases in
volatility, and changes in correlation patterns (see e.g., Malz and Mina (2001-2002)). Most
globai equity markets were already experiencing losses at the time of the attack and dropped
sharply right after 11 Sep 2001 (refer to Figure 3.7).
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End of Day closing prices for the JSE ALSI 40 Index
for the period 18 Jul 2001-05 Dec 2001
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Figure 3.7: JSE ALSI 40 Index end of day closing prices graph for the period 18 Jul 2001 to
05 Dec 2001. The index level reached the lowest point on 21 Sep 2001 (index level of
6753.065) and only showed signs of recovery at the beginning of Oct 2001.

The market moves during this period in 2001, by comparison with October 1987, were not
that extreme. In Table 3.12 we list the percentage move in the international as well as the
South African equity markets in the week prior to the terrorism attacks as well as two and
three weeks after the attacks. in the beginning of September (one week before the attacks)
International markets were already in decline in comparison to the market ievels in August of
that same year and the terror attacks accelerated market trends that were in place prior to
the attacks. The declines in equity prices were particularly sharp in developed countries and
the equity markets rallied (upward trend) across the globe during the attacks (see e.g., Maiz
and Mina (2001-2002})). The latter authors also state that equity volatility reached a high
during the last week of September, however, with the exception of Germany; volatilities were
lower than those at the peak of the Russian crisis. During the first two weeks after the
terrorism attacks the markets declined to even lower levels in comparison to the opening
levels of September. Only three weeks after the attacks did the international and South

African equity markets begin to recover to the beginning of September market levels.
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Table 3.12: Comparison of market conditions prior to and after the 11 Sep 2001 terrorist
attacks.

11 September 2001 - Terror attacks

Index Market levels in the | First two weeks | Three weeks after the attack in
week preceding after the attacks | comparison to pre attack levels

S&P 500 1 4% 1 another 12 % 1 5 % from pre attack levels

CAC 40 15%

DAX 17 % | over20 % 1 9 % from pre attack levels

MIB 30 J over 20 % 1 7 % from pre attack levels

FTSE100 {[5%

ALS! 40 1B6% 166 % 1 8.2 % from pre attack levels

3.4.6 Summary of the South African data filtering methodology

Using the above factors that influence volatility as a foundation, we set a benchmark for our
six shares in order to determine if a “jump” in price in comparison to the preceding data
(price) point was due to a erroneous data point or to a market event (e.g., corporate actions,
news etc.). Setting up benchmarks for the different shares was no easy task and after
consulting various equity traders the decision was made to use a hundred percentage price
move (price is quoted in cents and not Rands) as a benchmark. We began filtering the data
by calculating a hundred percent price mave from the previously traded price for each data
point in the time series. Every hundred percent or greater data point was investigated and
included in or eliminated from the study based on the following methodoiogy:

e The percentage move error could be caused by the trader entering the price in Rand
and not cents (as reguired by the JSE). We found the majority of the hundred
percentage or greater moves to be due to decimal place errors as discussed
previously. If the erronecus data point was due to a decimal place error e.g., price
entered in Rand and not cents as prescribed by the JSE the erroneous data point

was deleted from the time series.

e Equity corporate actions also had to be taken into account {large price movements
from Friday to Monday when the trading price would include the corporate action
adjustment) and the time series adjusted accordingly. In our data we had two shares
to which a share split was applicable, namely AGL (4:1) and RCH (10:1}. For both
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these shares the share prices preceding the share split had to be adjusted

accordingly.

e We experienced database problems on 13 Mar 2001 and 23 Oct 2002 where almost
no trades were recorded for the subset of six shares. One possible explanation is that
the problem could have been caused by malfunctioning of the in-house data
capturing server. Due to the unreliable nature of the data on these two trading days

the decision was made to exciude the data from our study.

We refer the reader to Chapter 4, Section 4.2 where we compieted one last check to
ascertain if the data had been filtered of all erroneous data points and that any remaining

data outliers were due to market events and not erroneous data points.



75

3.5 TIME SERIES CONSTRUCTION

in this section we will discuss the construction of the various time series utilized by the
different variance estimators discussed in Chapter 2.

General data preparation issues

We made the following assumption in order to simplify data processing. If more than one
trade occurred at the exact matching time stamp e.g., 9.00.01 the VWAP (volume weighted
average price) for all the matching entries was calculated using the following formula:

VWAP = ((P,"V,) + (P,*V.,) + .+ (P * V)MV, (3.1)

where

F, = the price of trade/,

V, = the volume of trade + and V; =)V, the total volume of all trades
t=1

Table 3.13 Examples of Anglo American PLC (AGL}) tick by tick data used in a VWAP
calculation applicable to our study.

Share code | Time stamp Volume | Price

[ AGL 6/21/00 9:27 AM | 100 79.00
AGL 6/21/00 9:27 AM | 200 7945 |
AGL 6/21/00 9:27 AM | 1500 79.45
AGL | 6/21/00 9:27 AM | 300 79.4ﬁ

From Table 3.13 and Equation (3.1) an example of a VWAP calculation applicabie to our
study would be as follows:

VWAP = ((79*100) + (79.45°2000) /2100
= 79.42857

For each entry in our time series where simultaneous trades took place these were replaced
by the single VWAP entry.
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Table 3.14 highlights the different input data series required by the various volatility

estimators discussed in Chapter 2.

Table 3.14: Input data required by each model in order to construct the realized volatility

estimates.
Methodology Input data intervals
SSR estimator 5 minute data intervais canstructed on a nearest neighbour principal.
ABDE estimator 5 minute data intervals constructed on a nearest neighbour principal and a
MA(1) smocther.
VARHAC estimator Ali available high frequency data (tick by tick data)
| NIG-GARCH estimator | End of day closing price data
GARCH estimator End of day closing price data

Data preparation for the ABDE volatility estimator

We begin by discussing the data preparation steps followed in order to prepare the 5 minute
“intra” data time series Andersen et al. (2001) used for the calculation of their realized
variance estimator: Firstly, a 5 minute time series had to be constructed for each share. In
practise high frequency trading data may occur at irregularly spaced time intervais. in order
to perform classicai time series analysis it may be necessary for the researcher to convert
the ireguiarly spaced data to a fixed time interval of their choice (5 minute, 10 minute trade

intervals etc.).

Engle and Sun (2004) note the fallowing three drawbacks when converting irregularly spaced
data to fixed time intervals. Firstly, only a specific subset of data can be used if the fixed time
interval is broad (e.g., hourly spaced data etc.). Important trading information may be lost if
the data falls outside of the chosen time interval. In their study Andersen et al. (2001)
constructed a synthetic 5 minute return series from the 5 minute logarithmic differences
between prices recorded at or immediately before the corresponding 5 minute marks. By
doing so important information contained between the corresponding 5 minute marks
wouldn’t have been included in the synthetic time series. In contrast to Andersen et al. (2001)
Bollen and Inder (2002) utilized all of the available high frequency data points for the
consiruction of the time series necessary to compute the VARHAC volatility estimator. The
latter characteristic makes the VARHAC estimator an attractive alternative as it imposes few
assumptions on the nature of the data generating process for high frequency returns. Lastly,
when converting “irregularly spaced” data to “regularly spaced” data the researcher will lose

some of the original characteristics of the data. As an example, the duration of time between
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trades to some degree can be seen as a reflection of how quickly the market responds to
shocks and news. When choosing trading intervals (e.g., 10 minute or hourly spaced data)
that fit the data too loosely the latter characteristics may be lost in the conversion. Trading
duration bears important information in predicting volatility of retums as it takes a certain
period of time for the trading price to incorporate all the new information of the market.
Existing market microstructure theories model the latter characteristic differently and how
trade duration affects volatility of returns remains an empiricai question (see e.g., Engle and
Sun (2004)).

To create the time series the nearest neighbour interpolation method in MATLAB was used.
The method interpolates to the nearest left hand side data point of the corresponding 5
minute mark. In Table 3.15 and 3.16 a practical example of the construction of the initial 5
minute time series for the ABDE methodology is shown.

Table 3.15: Raw input data used to construct an artificial 5 minute data series for Anglo
American PLC (AGL).

Time Stamp Price (cents)
6/21/00 927 AM | 7942 857143
6/21/00 928 AM | 79845
6i21/00 9:33 AM | 7945.588235
6/21/00 9:40 AM | 7940
' 6/21/00 9:44 AM | 7940
6/21/00 9:45 AM | 7935
6/21/00 9:49 AM | 7930
6/21/00 9:50 AM | 7930
6/21/00 9:53 AM | 7930
6/21/00 9:54 AM | 7930
6/21/00 9:56 AM | 7930
6121100 9:57 AM | 7930




78

Table 3.16: Resulting 5 minute time series for Anglo American PLC (AGL) using the nearest
neighbour method in MATLAB.

5 minute series Price (cents)
6/21/00 9:30 AM 7945
6/22/00 9:35 AM 7945 588235
6/23/00 9:40 AM 7940
| 6/24/00 9:45 AM 7935
6/25/00 9:50 AM 7830
6/26/00 9:55 AM 7930
6/27/00 10:00 AM 7930

Secondly, we followed the Andersen et al. (2001) methodology to purge the high frequency
returns of negative serial correlation induced by the uneven spacing of the data points, by

implementing a MA(1) model for each of the 5 minute return series.

Andersen et ai. (2001) found in their study that when spurious dependence introduced by
non-synchronous trading was present, all the estimated moving average coefficients would
be negative. In our study we found that, with the exception of BVT, the latter characteristic
did not appiy to our shares. The estimated parameters of each of the MA(1) modeis fitted to
the shares selected for our study are shown in Table 3.17 (for a related discussion we refer
the reader to Section 2.3.4 and Section 4.3.1)

Table 3.17: List of MA(1) equations used to calculate the 5 minute return series for ABDE.

Share Code & H

AGL 0.130000 | 0.000010

BIL 0.106320 | 0.000010
| BVT -0.019600 | -0.000002

HAR 0.101345 | 0.000020

RCH 0.093060 | -0.000006

SBK 0.053970 | 0.000001

The ABDE volatility estimator was calculated from the residuais of the MA(1) fit.
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Data preparation for the VARHAC volatility estimator

For the VARHAC volatility estimator all available high frequency information was utilized in
the construction of the input data series. No further data manipulation was necessary. The
tatter characteristic makes the VARHAC estimator an attractive alternative as it imposes few

assumptions on the nature of the data generating process for high frequency returns.

Data preparation for the GARCH and NIG GARCH volatility estimators

in order to prepare the necessary input data for the NIG.GARCH model the closing prices for
the subset of six shares selected for our study was downloaded from Reuters for the period
of 21 Jun 2000 — 7 Mar 2003. The time series was not constructed from the raw data
because the JSE follows a complicated end of day procedure to derive the closing prices on
a specific trading day. Therefore we felt there was no need to recreate the already existing
Reuters data.
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3.6 CONCLUSION

In this chapter we discussed the necessary ground work we had to complete in order to
construct a reliable time series to utilise in the calculation of our various volatility estimators.
The process of constructing a reliable intraday return series is complex. We gave the reader
an overview of the factors that drive the observed price process. In order to filter the data of
errors we need to recognise the factors that can generate the erroneous data points as well
as market events contributing to volatility and suspicious data points. The latter process of
fitering the data of potential erroneous data points was a time consuming and labour
intensive task which had to be performed in order to obtain good quality high frequency data.
Once the data had been filtered we could proceed with the preparation of the different time
series formats (e.g., 5 minute etc.) required by the different volatility estimators discussed in
Chapter 2.

We proceed in the next chapter with a discussion of the statistical and distributional
characteristics of the different volatility estimators. Our main objective is to determine
whether the Andersen et al. (2001) findings aiso apply to JSE shares. In paricular, the
VARHAC estimator will be compared with the ABDE estimator as well as with daily volatility
estimators based on the NIG-GARCH model proposed by Venter and de Jongh (2002,
2004).
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CHAPTER 4

EMPIRICAL STUDY CONCERNING ESTIMATORS OF DAILY
VOLATILITY

4.1 INTRODUCTION

Andersen et al. (2001) examined realized daily equity return volatilities obtained from high-
frequency intraday transaction prices on individual stocks in the Dow Jones Industrial
Average. They found that the unconditional distributions of the realized variances are highly
skewed to the right, while the reaiized logarithmic standard deviations are approximately
Gaussian, as are the distributions of the returns scaled by realized standard deviations. In
this chapter we investigate the above-mentioned findings by using high frequency intraday
transaction prices on six individual shares listed on the JSE Securities Exchange SA (JSE).
Our main objective is to determine whether their findings ailso apply to a South African equity
environment. Our study will be similar to theirs, but will use our JSE data. However, as far as
scaled returns are concerned we will investigate alternative realized volatility estimators. In
particular, the VARHAC estimator, advocaied by Bollen and Inder (2002), will be compared
with the ABDE and SSR estimator as well as with daily volatility estimators based on the
GARCH and NIG-GARCH model proposed by Venter and de Jongh (2004). The theory
underlying these methods was described in detail in Chapter 2. In the subsequent analysis
we will use the filtered high frequency intraday transaction price series constructed in
Chapter 3.

Before we can start with the statistical analysis of our various volatility estimators it is
important to ensure that the data has been filtered of all erroneous data. In Section 4.2 we
investigate and discuss the data outliers for the ABDE, SSR and VARHAC variance
estimates. We describe the methodology we followed and we continue with a general
discussion on additional market events in the South African equity market that had an impact
on the variance estimates. We conclude the section with a summary of erroneous data points

and illiquid trading days we identified that had to be removed from the study.
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In Section 4.3 we investigate if the Andersen et al. {(2001) claims hold true in a South African
equity market context: Firstly, we investigate if a MA(1) model did indeed purge the data of
negative serial correlation. Secondly, we research the first claim by Andersen et al. (2001)
i.e. that the distributions of the returns scaled by realized standard deviations are Gaussian,
followed by their second claim, i.e. that the unconditional distributions of the realized
variances are highly right skewed, while the realized logarithmic standard deviations are
approximately Gaussian. The characteristics of the return series as well as the scaled returns
for various volatility estimators for the six shares selected will be discussed in more detail in
this section.

In Section 4.4 we discuss the role of volatility and the impact it can have for a derivative
trader managing options. We illustrate the sensitivity of an option to it's volatility with a
practical example of a call option on one of the shares we selected for the study and the
effect that changes in volatility can have on the profit and loss and risk management of a
derivative portfolio. We conclude the chapter in Section 4.5 with a summary of our findings in

comparison to Andersen et al. (2001).
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4.2 TESTING THE ACCURACY OF THE DATA FILTER

In Chapter 3 we discussed the underlying characteristics of equity markets as well as the
various market events that have an impact on volatility. We also discussed the important task
of identifying “suspicious” data points and filtering these out. Because we chose to filter the
data manually (i.e. by hand) it was important to perform one last check to ensure that all
erroneous data points had been removed. In this section we will discuss the process followed
to ensure that any remaining variance outliers (higher and lower estimates of variance) were
indeed true reflections of actual market events. We proceed as follows: Firstly, we will
discuss the scatter plot methodology applied in order to establish if the data had been filtered
efficiently. Secondly, we discuss the erroneous data points we identified that hadn’t been
removed by the filtering methodology employed in Chapter 3. We conclude the section with
some examples of variance estimates that seemed “suspicious” at a first glance, but on

further investigation turned out to be valid variance estimates due to actual price fluctuations.

Scatter plot analysis

We calculated the SSR, ABDE and VARHAC realized variance estimators for the six shares
selected for our study for the period 22 Jun 2000 — 07 Mar 2003. We then compared scatter
plots of the ABDE and SSR variance estimates and the ABDE and VARHAC variance
estimates for each share selected in our study (note that due to the fact that the ABDE and
SSR variance estimates are so similar it wasn't necessary to compare the VARHAC to both
the ABDE and SSR variance estimates). For each of the scatter plots we identified
suspicious or outlying volatilities and then investigated their “correctness” in detail, by
scrutinising the underlying intraday return series. in Tables 4.1 - 4.4 we present the ABDE

and SSR scatter plots for the six shares seiected.
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variance estimates were calculated from the first trade of the day to market close, not

incorporating over night news events etc.

VARHAC variance estimates higher than ABDE variance estimates

As stated before we know that there is information contained in the high frequency data used
in the calculation of the VARHAC variance estimates that hasn't been included in the 5
minute time series used in the calculation of the ABDE variance estimates. Therefore, if
significant price changes occur in the “inter’ 5 minute intervals (which are not included in the
5 minute time estimates) one would expect a higher VARHAC variance estimate. From the
scatter plot analysis we identified three markers, namely Y (BVT - 11 Sep 2001), AB (HAR ~
4 Apr 2001) and AC (HAR — 15 Feb 2001) where the VARHAC variance estimates were
significantly higher than the ABDE variance estimates. In the following section we will

present graphs to support this hypothesis.

in Table 4.10 we graphically depict the tick by tick, 5 minute price and corresponding return
series for marker Y, BVT.
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Table 4.16: List of the illiquid trading days that we identified and subsequently deleted from the
study.

Share Date Comment
RCH 27 Dec 2002 The trading day was illiquid, with only 40 |
trades, compared to the other trading days

included in the study (median of the number
of trades for RCH equals 226)

AGL,BIL,BVT HAR, 5 Dec 2000,8 | The trading day was iiliquid, with very few
RCH and SBK Jan 2001, 15 | trades (less than 12 on 13 Mar 2001} or no
Feb 2001,13 | trades for all the shares selected for the
Mar 01 and 6 | study (could be due to database problems)/

L Nov 2001

in the following section we will discuss a few examples of the latter characteristics from our

study:

Firstly, for BIL we found that the high variance estimate on 5 Dec 2002 (refer to Marker X)
was an accurate reflection of market conditions on that day. Although the first trading point of
the day in Figure 4.3 may look like a potential data error, the opening level for BIL (R47) on 5
Dec 2002 was lower than its closing level on 4 Dec 2002 (R49.84). The ABDE variance
estimate (0.005) was larger than the VARHAC estimate (0.0002) (refer to Table 4.13 for
other examples of higher ABDE than VARHAC variance estimates).

Similarly for RCH the higher variance estimate on 17 Sep 2001 (refer to marker AF) was an
accurate reflection of the market conditions on that specific trading day. Although the first
trading point of the day in Figure 4.4 may look like a potential data error the opening level for
RCH (R16.22) on 17 Sep 2001 was lower than the closing level on 14 Sep 2001 (R16.52).
During the first hour of trade the prices continued dropping to lower levels and the rest of the
trading day was characterized by volatile price fluctuations. On this particular day the ABDE
variance estimate (0.003) was higher in comparison to the VARHAC estimate (0.002).

Because the variance on these two trading day were due to market activity they should be

included in our study.
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BHP Billiton PLC (BIL) trading activity on 5 Dec 2002
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Figure 4.3: BHP Billiton PLC (BIL) trading activity on 5 Dec 2002.

Richmond Securities AG (RCH) trading activity
on 17 Sep 2001

1660 .

1640

1620

2 1600

| =

§1580

31560

51540% w

1520 |

1500

1480
O O Hn O T O N TN NO WD OO O
O~ M T O D - N O N T OO m
O O m DO OO — - NG T o+ 00 D

Time

Figure 4.4: Richmond Securities AG (RCH) trading activity on 17 Sep 2001.
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Finally, we can conclude that our data fittering methodology discussed in Section 3.4 was
effective and that the variance outliers still present can be ascribed to valid market events

namely, futures closeouts, festive periods, terrorist attacks etc.

4.3 SOUTH AFRICAN EQUITY MARKET ANALYSIS

In this section we will discuss the claims made by Andersen et al. (2001} and ascertain
whether these claims are applicable in a South African market context. In the first section we
investigate if the MA (1) model applied to the 5 minute log return time as proposed by
Andersen et al. (2001) purges the South African data of first order negative serial correlation.
In Section 4.3.2 we discuss the distributional characteristics of the six South African shares
and we investigate if the distributional claims made by Andersen et al. (2001) in their article
hold true in the South African market context.

4.3.4 Removal of negative first order serial correiation

Andersen et al. (2001) found, that in spite of restricting their analysis to actively traded
shares, that market microstructure frictions, including price discreteness, infrequent trading
and bid ask bounce effects, were stili operative. In order to mitigate these effects, they used
a 5 minute time horizon as the effective continuous time record. Due to the organizational
structure of the market, the avaitable quotes and transaction prices were subject to discrete
clustering of bid-ask bounce effects. These microstructure frictions aren’t important when
longer time horizons such as days, weeks or months are selected but they can distort the
distributional characteristics of high frequency data. In our study the 5 minute return series
was constructed from the logarithmic difference between the prices recorded at or
immediately before the corresponding 5 minute marks. In order to purge the high frequency
returns of the negative first order serial correlation induced by the uneven spacing of the
observed prices and the inherent bid ask spread, Andersen et al. (2001) estimated an MA(1)

model for each 5 minute return series using the full sample of data.

In our study we followed the Andersen et al. (2001) methodology described above. in order
to test the ability of the MA(1) model to adequately purge the 5 minute returns of negative
serial correlation, we constructed two 5 minute return series. Firstly, we used the original
return series and secondly we used the residuals of the return series resulting from a MA(1)
fit to the original series. The lag 1 to 5 autocorrelations for the original return series are given

in Table 4.17. From the table it is evident that negative first order correlation is present,
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especially for AGL, RCH and SBK. Note that the number of points in the return series is
66240 (960*96).

Table 4.17: Lag 1 to 5 autocorrelation values for the six shares selected for our study before a

MA({1) model was applied to the 5 minute time series.

[Lag [ AGL BIL BVT HAR SBK RCH

0.1200 | -0.0001 | 0.0199 | -0.0131 | -0.0504 | -0.0851
00285 | 00000 | 00078 |-00132 | -0.0289 | -0.0371
-0.0126 | -0.0001 |[-0.0085 | 00013 |-0.0349 [ -0.0095
0.0028 | 0.0000 | -0.0027 | 0.0007 |-00128 | -0.0254 |
00018 [-0.0003 [-00098 | 00093 | -0.0062 00014 |

P e

Next we will investigate if the MA(1} model does remove the first order negative serial
correlation in the MA(1) filtered series. In Table 4.18 we summarize the results of the lag 1 to

5 autocorrelations performed on the residuals of the return series resulting of the MA(1) fit.

Table 4.18: Lag 1 to 5 autocorrelation values for the six shares selected for the MA{1) filtered

series.

Lag [ AGL BIL BVT HAR SBK RCH

1 0.0042 | 00050 [0.0002 {00002 | 00018 | 0.0037

2 0.0209 | -0.0438 | 0.0080 | -00132 | -0.0309 | -00382 |
'3 -0.0170 | -0.0282 |-0.0066 | 00012 |-0.0374 | -0.0155

4 -0.0050 | 0.0143 [ -0.0024 [ 00008 |-00152 [ -0.0269

5 0.0002 |-0.0038 | -0.0097 | 0.0094 |-0.0077 | -0.0011

Comparing Table 4.17 (original return series) to Table 4.18 (filtered MA(1) series) it is evident
that negative serial first order correlation (lag 1) induced by the uneven spacing of the data
points has been successfully removed by the MA(1) model (Note that the results in table 4.17
and 4.18 are practically significant). As a concluding remark we refer the reader back to
Table 3.1. It is important to keep in mind that a positive & results in a negative first order
correlation. Further a MA(1) process with a positive ¢ should remove the negative first order

correlation which seems indeed to be the case.
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4.3.2 Statistical analysis

In Chapter 2 we defined realized variance estimators that could be utilized to estimate daily
variance. Andersen et al. (2001) examined realized daily equity return variances obtained
from high-frequency intraday transaction prices on individual shares in the Dow Jones
Industrial Average. They found that the unconditional distributions of the realized variances
are highly right (positive) skewed, while the realized logarithmic standard deviations are
approximately Gaussian, as are the distributions of the returns scaled by realized standard

deviations.

In this section we willi research the first ciaim by Andersen et al. (2001) i.e. that the
distributions of the daily returns scaled by daily realized standard deviations are Gaussian.
We will focus on their second claim, i.e. that the unconditional distributions of the realized
variances are highly right (positive} skewed, while the realized logarithmic standard
deviations are approximately Gaussian. The characteristics of the return series as well as
those of the scaled returns for various variance estimators will be researched. Probability
distributions are characterised by their moments and the comparison of the daily return
distributions of the shares included in our study will be in terms of their moments. We will
limit ourselves to the first four moments; ie. the mean, standard deviation, skewness and

kurtosis.

Our main objective is to determine whether Andersen’s findings also apply to South African
shares. Our study will be similar to theirs; however, as far as the scaled returns are
concerned we will investigate alternative realized daily volatility estimators. {n particular, the
VARHAC estimator will be compared with the ABDE and SSR estimator as well as with daily
variance estimators produced by the GARCH and NIG-GARCH model proposed by Venter
and de Jongh (2002,2004).

Distributional characteristics of the return series

In this section we will be discussing the distributional characteristics of the daily return series

of the six South African shares.
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Table 4.19: The table summarizes statistics of the daily return distributions for the six South
African shares. The sample covers the period 22 Jun 2000 —- 07 Mar 2003.

Share Mean Std dev | Skewness | Kurtosis
AGL 0.000573 | 0.026115 | 0.277421 | 5501888
'—BIL 0.000642 | 0.026422 | 0.258687 | 5.258855
BVT -0.000145 | 0.019792 | -0.540328 | 7.519316
HAR 0.001709 | 0.040662 | 0.023996 | 4.548265 |
RCH -0.000614 | 0.023818 | 0.211115 | 4.439421
SBK 0.000182 | 0.020684 | 0.291057 | 4.1088NM
Mean 0.000391 | 0.026249 | 0.086991 | 5.229439
@ dev 0.000797 | 0.007568 | 0.322580 | 1.237932

In the analysis that follows we will study the distributional characteristics of the daily return
distributions in terms of the estimated moments of the daily return distribution. The skewness
and kurtosis of a normal distribution is 0 and 3 respectively. We will estimate the skewness
and kurtosis for the daily return distribution and then assess how close the estimates are to
the theoretical values assuming a normal distribution. Statistical hypotheses tests to test the
significance of the deviation of skewness and kurtosis from normality do exist. However, due
to the large sample sizes (for AGL. 690 trading days and 66240 data points) the significance
tests will reject the null hypothesis (assuming the normal distribution holds) almost aiways. In
the light of this and the paper by Anderson et al. we have decided to not include statistical
significance tests and rather judge the closeness of the estimated skewness and kurtosis to
the skewness and kurtosis of the normal distribution in a rather qualitative and ad hoc way.

In Table 4.19 we summarize the moments of the daily return distributions and show that the
daily returns for the six South African shares have thicker tails than the normal distribution
and, for the majority of shares (excluding BVT), are also positively skewed. This can be seen
from the mean skewness (0.08) and the mean kurtosis which is 5.22.The kurtosis in the BVT
return series is considerably higher than the measured kurtosis for the other shares selected
for our study. The BVT return series has a smaller standard deviation than the other return
series. The negative skewness and higher kurtosis in the BVT time series can be attributed
to market moves pertaining to 11 and 12 Sep 2001 (terrorist attacks). For illustration
purposes we removed the 11 and 12 Sep 2001 data points and BVT was subsequently
positively skewed (0.08) and the kurtosis reduced to 3.32. Although the effects of the terrorist
attacks were extreme the decision was made not tc exclude the events from the data.
Furthermore the large number of zero log returns cause the return distribution to become

more peaked causing large kurtosis estimates.
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Distributional characteristics of the standardized daily return series

in this section we discuss the distributional characteristics of the standardized return series
for the realized daily volatility estimators and the GARCH volalility estimators. In Table 4.20
we summarize the daily standardized return distributions where the returns were
standardized by the realized volatility estimators ABDE, SSR and VARHAC. The return
sample covers the period 22 Jun 2000 — 07 Mar 2003 for all shares excluding BVT (which
has a smaller sample which covers the period 22 Jun 2000 — 12 Apr 2002). The daily

volatility estimates were calculated as described in Chapter 2.

Table 4.20: The table summarizes the distributional characteristics of the daily returns scaled
by the daily volatility estimates for the ABDE, SS5R and VARHAC for the six South African
shares. The sample covers the period 22 Jun 2000 - 07 Mar 2003.

ABDE
Share Mean Std dev | Skewness | Kurtosis
AGL 0.028767 | 1.010508 | 0.090606 | 2.627027
BIL 0.032171 | 0.841347 | 0661129 | 6.964460
BVT -0.012994 | 0.965753 | 0.121167 | 2.865445
HAR 0.052888 | 1.085885 | 0.098065 | 2662213
RCH -0.001984 | 0.859970 | 0.121794 | 2.794276
SBK 0010169 | 0.884413 | 0.128964 | 2.635494
Mean 0.018169 | 0.957979 | 0.203621 | 3.424819
Std dev_ | 0.024311 | 0.083035 | 0.224631 | 1.736699
SSR
Share Mean Std dev | Skewness | Kurtosis
AGL 0.030227 : 1.017135 | 0.095497 | 2.667703
BIL 0.032492 | 0.940867 0.636317 | 6.723254
BvVT -0.013237 | 0.965537 | 0.118112 | 2.857476
HAR 0.051676 | 1.087496 | 0107317 | 2.661602
RCH -0.008032 | 0.867901 | 0.128634 | 2.760298
SBK 0.010507 | 0.883945 | 0133051 | 2.647123
Mean 0.017272 | 0.960480 | 0.203154 | 3.386243
Std dev | 0.025298 | 0.082682 | 0.242652 | 1.636750
VARHAC
Share I Mean l Std dev | Skewness | Kurtosis
AGL 0.024307 | 1.286061 | 0.096761 | 2.493821
BIL 0.050416 | 1.351754 | 0.739590 | 7.556016
BVT -0.030536 | 1.180870 | 0.023761 2.915030
HAR 0.036456 | 1.682711 | -0.081410 | 4.020711
RCH -0.024430 | 1.136916 | 0.075806 | 2.774167
SBK 0.026146 | 1.135653 | 0.155444 | 2.730878
Mean 0.013727 | 1.295661 | 0.166659 | 3.748437
Std dev | 0.033299 | 0.208339 | 0.292757 | 1.940363

by
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Table 4.20 summarizes the distributional characteristics of the daily returns standardized by
the ABDE, SSR and VARHAC daily volatility estimates. In Table 4.20 BVT is positively
skewed for the various estimators in comparison to the negative skewness as stated in Table
4.19. On both 11 and 12 Sep 2001 when higher volatilty estimates in comparison to the
other days were obtained, standardizing the daily returns by the daily volatility estimates
resulted in a shift in skewness. HAR, in contrast, is negatively skewed for the VARHAC
volatility estimates in comparison to the raw return series (as stated in Table 4.19). The latter
characteristic can be ascribed to the fact that on 3 Nov 2000 a smail VARHAC volatility
estimate was obtained and when the estimate is standardized a large value is obtained
which contributes to the negative skewness (as a test we removed the data point and the
skewness was subsequently positive). Note that a negative return divided by a very small

volatility estimate will result in a large negative standardized return.

Consistent with the findings of Andersen et al. (2001) we found the mean value (over the six
shares} of the kurtosis to be closer to normality (a mean skewness equal to 0 and a mean
kurtosis close to 3). This is true in all three cases (ABDE, SSR and VARHAC). For the
returns standardized by the ABODE the mean kurtosis dropped from 5.22 (for the
unstandardized returns) to 3.42. The mean kurtosis for the SSR volatility estimates reduced
to 3.38 and the mean kurtosis for the VARHAC volatility estimates to 3.74. For almost al} of
the shares selected the mean kurtosis appeared to be considerably lower for the
standardised return series than for the raw return series discussed in the previous section
and closer to 3 and therefore normality (refer to Table 4.21).
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Table 4.26: The table summarizes the distributional characteristics of the GARCH and NIG-
GARCH realized daily variances for the six South African shares. The sample covers the period
22 Jun 2000 — 07 Mar 2003.

GARCH

Statistic | Mean Std dev | Skewness | Kurtosis |

AGL 0.000633 | 0.000272 | 2.450342 | 10.584605

BIL 0.000642 | 0.000318 5.715313 | 53.544178

BVT 0.000364 | 0.000182 | 6.075821 | 55.943438

HAR 0.001606 | 0.001082 2638014 | 11.745660
| RCH 0.000535 | 0.000243 1473137 | 5.412650

SBK 0.000404 | 0.000151 1.503253 | 6.076192

Mean 0.000697 | 0.000374 3.309313 | 23.886787
Std dev | 0.000460 | 0.000352 2.062245 | 24.040352

NIG-GARCH

Statistic | Mean Std dev | Skewness | Kurtosis

AGL 0.000632 | 0.000268 2500292 | 10.941589
BIL 0.000637 | 0.000306 6.094646 | 60.114754
BVT 0.000378 | 0.000252 5403744 | 45.533518
HAR 0.0016844 | 0.001203 2.703530 | 12.273562
RCH 0.000539 | 0.000248 1.652614 | 6.436458
SBK 0.000405 | 0.000142 1.292099 | 5.146295

Mean 0.000706 | 0.000403 3.274487 | 23.407697
Std dev | 0.000472 ; 0.000396 1.998636 | 23.400147

Lastly, in order to compare the variances of the six shares we annualized the average daily
variances for the six shares. The results are shown in Table 4.27. We describe the process

with an example

AGL annualized GARCH value = (/(0.000272 252 )* 100 = 26.16%

Table 4.27: Annualized average daily variance estimates for the different variance estimation
techniques (ABDE, GARCH, NIG-GARCH and VARHAC).

Shares | ABDE | SSR | VARHAC | GARCH | NIG-GARCH
AGL 40.60 | 41.18 30.35 26.16 25.97
BIL 43.58 | 44.08 34.12 28.32 27.76
BVT 35.04 | 35.23 74.38 21.40 25.18
HAR 71563 | 71.54 57.88 52.21 55.07
RCH 4112 | 41.44 32.69 2475 24.97
SBK 47.26 | 47.28 27.28 19.49 18.94
Average | 46.52 | 46.79 42.78 28.72 29.65
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For the ABDE variance estimator an annualized variance of around 46.5 % was found for the
sample of six shares in our study. There is considerable variation in the average variance of
the six shares, ranging from a high of 71.5% for HAR (the most volatile share in our subset)
to a low of 35 % for BVT (similar resuits were obtained for SSR). Although the average for
the VARHAC annualized variance estimates is close to the other two realized variance
estimators, the results for BVT stand in sharp contrast. As expected, if we exclude BVT, the
VARHAC annualized variance estimates for the remaining five shares are lower than the
ABDE and SSR variance estimates and the GARCH and NIG-GARCH methodologies

produced the lowest (due tc the smoothing) variance estimations in our study.
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Distributional characteristics of the realized logarithmic standard deviations

In the next section we discuss the distributional characteristics of the realized logarithmic
standard deviations of the six shares. As mentioned previously the sample covers the period
22 Jun 2000 — 07 Mar 2003 for all shares exciuding BVT which has a smaller sample which
covers the period 22 Jun 2000 - 12 Apr 2002.

Table 4.28: The table summarizes the distributional characteristics of the ABDE, SSR and
VARHAC logarithmic standard deviations for the six South African shares. The sample covers
the period 22 Jun 2000 - 07 Mar 2003.

ABDE
Share Mean Std dev | Skewness | Kurtosis
AGL -1650968 | 0.176151 | -0.020977 | 2.840975
BIL -1.592752 | 0.159455 | -0.057112 | 3.978968
BVT -1.753479 | 0.167962 0.072016 3.551921
HAR -1.520065 | 0.223683 | -0.177631 3.371189
RCH -1.631959 | 0.175106 | -0.128911 3.043227
SBK -1.686739 | 0.152297 0.134534 | 3.967720
Mean -1.639327 | 0.175776 | -0.029847 | 3.459002 |
Std dev 0.079826 | 0.025197 0.118382 | 0.469112
SSR
Share Mean Std dev | Skewness | Kurtosis
AGL -1.650604 | 0.179097 | -0.025440 | 2.818908
BIL -1.591047 | 0.160384 -0.048575 3.964222
| BVT -1.753638 | 0.168112 0.074295 | 3.563741
HAR -1.520097 | 0.223695 | -0.177911 3.373174
RCH -1.630923 | 0.175655 | -0.117770 | 3.021237
SBK -1.685875 | 0.151951 0.141775 | 3.979569
Mean -1.638697 | 0.176482 | -0.025604 | 3.453475
Std dev 0.079970 | 0.025169 0.118503 | 0.478696
VARHAC
Share Mean Std dev | Skewness | Kurtosis
AGL -1.768065 | 0.180534 | -0.388038 | 3.636257
BiL -1.745085 | 0.177315 | -0.111000 | 3.592781
BvVT -1.838260 | 0.204963 0.168771 5.285080 |
HAR -1.675604 | 0.248849 | -0.513481 3.513645
RCH -1.746208 | 0.190307 | -0.300758 | 3.212720
SBK -1.794173 | 0177002 | -0.421919 | 3.522805
Mean -1.761394 | 0.196495 | -0.261071 | 3.793931 |
Std dev 0.054588 | 0.027762 0.250824 | 0.745460 |

Table 4.28 gives summary statistics of the logarithmic realized standard deviations. Our
findings are consistent with Andersen et al. (2001) in that the mean skewness in Table 4.28
for the three estimators has been reduced in comparison to the mean skewness in Table
4.24. The ABDE mean skewness for the realized variance was 6.99 in comparison to -0.02
for the mean logarithmic realized standard deviations (similar results were obtained for the
SSR and VARHAC) estimators.
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4.4 THE IMPACT OF VOLATILITY ON THE RISK MANAGEMENT OF OPTIONS

In the following section we introduce the reader to the importance of using the correct
volatility when pricing, valuing and managing a portfolio of options. There we use a practical
example to illustrate the sensitivity of an option to changes in the volatility. The aim of the
section is to illustrate the impact that a change in volatility has on the valuation and risk

management of options.

In theory, good estimators have the foliowing properties:

Firstly, they are consistent i.e. they converge towards the "true” or population parameter
value as the sample used in the calculation increases in size. Secondly, they have a small
standard error; of two unbiased estimators, the more desirable is the one with the smaller
variance (noise). High kurtosis is generally indicative of a heavy tailed distribution and that
the data from such a distribution show a greater propensity for extreme behaviour. The
above is from a statistical perspective. However, what are the requirements of “good”
volatility estimation in a derivatives trading environment, and are these different from the

enumerated attributes? The reality of a trading environment can be summarised as follows:

Derivatives replication (synthesising) is a standard practice, and is alsc the main purpose of
most derivative pricing models (providing hedging ratios). A financial institution that trades
derivative products in the over the counter market (OTC) as well as listed instruments
(exchange traded) has to manage the resulting risks. One of the easiest ways of managing
the risk is by trading the equal and opposite option, an alternative which may not always be a
feasible solution especially in the OTC market where options are tailored to a client’'s specific
need. Therefore it may be necessary for the trader to create the options synthetically in order
to hedge the position with the underlying share. This strategy involves taking a position in the
underlying asset (or future on the underlying asset) so that the delta (defined as the rate of
change of the option price with respect to the price of the underlying asset) of the underlying
position is maintained equal to the delta of the required option. To create a put option
synthetically, the trader should ensure that at any given time a certain proportion of share
delta in the original portfolio should have been sold and the proceeds invested in a risk-less
asset. As the value of the original portfolio declines, the deita of the put becomes more
negative and the proportion of shares sold must be increased. As the value of the original
portfolio increases, the delta of the put becomes less negative and it will be necessary to buy
shares back (see e.g., Hull, 1989).
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Most derivative traders use sophisticated hedging schemes and these involve calculating
measures such as the delta, theta, gamma and vega (also referred to as the “Greeks” of an

option) of the option portfolio they are managing.

The option Greeks can be defined as follows (see e.g., Hull, 1989, p 310-329)

e Delta - defined as the rate of change of the option price with respect to the price of

the underlying asset,

e Theta - rate of change of the option price with respect to the passage of time when all

else stays the same,

e Gamma - defined as the rate of change of the portfolio’s delta with respect to the
price of the underlying asset. If the gamma is small the delta changes slowly and
adjustments to keep the portfolio delta neutral need only be made infrequently.
However if the gamma is large the delta will be very sensitive to the underlying asset

and it is risky to leave a delta neutral portfolio unchanged for any length of time.

e \Vega - rate of change of the value of the portfolio with respect to the volatility of the
underlying asset. Vega is an indication to the sensitivity of the portfolio to small
changes in volatility

in Table 4.32 we illustrate the sensitivity of the hedge model to changes in the underlying
volatility (using a one year, R1 000 000 nominal, at the money (R55.20) strike Harmony call
option with a Black and Scholes pricing model). Suppose the trader bought the option but
has erroneously marked the option at a level of 25 % instead of 45 %.

Table 4.32: Harmony GM Co Limited (HAR) Delta and Vega change implications as the
undertying volatility is changed.

Annualized | Price Delta Gamma | Vega Theta
volatility
25% 6.88560 | 12573 -5632 -3693 223
45% 10.75449 | 12429 -300 -3717 311
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The impact on the option would be as follows:

The option is worth less than when you bought it (lower price)

e In order to keep the portfolio deita neutral it is necessary to buy more of the
underlying share. Normally this may not be an issue except if the share is illiquid or
the trader may be close to the limits implied by the risk department. Furthermore the
trader may not be able to trade the delta due to the fact that the execution of the

hedge may push the trader over his allocated limits.

e The gamma exposure increases to 532 and if a change of R10 in the price of the
underlying asset occurs, there would be a decrease in the value of the portfolio of

approximately R26 800.

e If the option was marked at 25 % the theta earned on the option per day would be
less (R223 per R1 million)

in an ideal world traders would rebalance their portfolios frequently to maintain zero delta,
zero gamma etc. When managing a large and diverse portfolio the latter may not be possible
and the traders may only be able to delta hedge once a day. It is therefore very important to
have accurate estimates of volatility as incorrect estimates can lead to over or under trading

of the Greeks which in turn have an impact on the profitability of a portfalio.

Good replication hedging results in a low variance of daily profit and loss and more
specifically in no extreme profit and losses, i.e. the distribution of the profit and loss for a
well-replicated derivatives portfolio should be concentrated around zero, with very little
propensity for outliers. The general practice of stop-loss limits makes for a high priority as
concerns the frequency of outlying profit and loss. Hedge models perform well when they
accurately capture the dynamics of the underlying asset’s behaviour over time. This implies
that assumptions made about the distribution of returns must be honoured; the parameters
supplied to the model also have to conform (be as close as possible) to actual (empirical)
parameter values. The volatility estimators studied represent an attempt to a closer tracking
of one of the inputs required by most derivatives models, namely volatility. Now, it is
generally preferable to keep hedge errors as small as possibie; this is achieved by having a
hedge model that incorporates the empirical behaviour of the underlying asset and volatility
estimation. A model that estimates volatility accurately is important for various reasons.
Firstly, as illustrated in the above example, the hedge is dependent on the volatility used (the

required hedge for the option will change as the option volatility is changed). Incorrect
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volatility estimates will result in an over or under hedged position with cost and risk
implications. Secondly, if incorrect volatilites are used the profit and loss and risks
associated with the option may not be an accurate reflection of the truth. In the past
inaccurate models and procedures have caused the financial ruin of big financial institutions

(such as Barings or Long Term Capital).

4.5 CONCLUSION

in this chapter we examined the realized daily equity return volatilities obtained from high-
frequency intraday transaction prices on six South African shares. Similar to the Andersen et
al. (2001) study we found the unconditional distributions of the realized variances to be
positively skewed (right skewed), while the realized logarithmic standard deviations are
approximately Gaussian, as are the distributions of the returns scated by realized standard
deviations or realized volatilities. This conclusion holds for all the realized variance
estimators (ABDE, SSR and VARHAC). The distribution of the returns scaled by the GARCH
and NIG-GARCH volatility estimates are also close to normality. However, the distributions of
the daily variance estimates and the log of the volatility (standard deviations) estimates
based on the GARCH and NIG-GARCH models are clearly not normaily distributed. We
therefore conclude that our findings in the South African market context do agree with the
claims made by Andersen et al. (2001) for the realized volatility estimators and that the
realized volatility techniques are a much better match to the criteria as set out by Andersen
et al. (2001) than the GARCH and NIG-GARCH volatility estimates.
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CHAPTER 5

CONCLUSION AND SUGGESTIONS FOR FURTHER RESEARCH

5.1 SUMMARY AND CONCLUSIONS

Accurate measures and good forecasts of volatility are critical for asset pricing, option
pricing, asset allocation, portfolio selection, portfolio rebalancing and hedging strategies as
well as various risk management applications. Most textbooks assume volatilty to be
constant; however in practice this is a very dangerous assumption to make and has lead tc a
research program regarding the distributional and dynamic properties of financial markets.
Given that financial markets display high speeds of adjustment, studies based upon historical
close to close observations (end of day) may fail to capture information contained in intraday
or high frequency market movements and until relatively recently the use of daily or equally
spaced data was considered the highest meaningful sampling frequency for financial market
data. In the financial markets, market participants determine their trading decisions by
observing high frequency or tick-by-tick data, and until recently most of the studies published
in financial literature deal with low frequency (usually end of day close to close), regularly

spaced data.

in the thesis we discussed the process of constructing a reliable high frequency return series
and we gave the reader an overview of the factors that drove the price process that was
eventually observed. In order to fiter the data of errors we had to understand the factors
generating the erroneous data points as well as market characteristics that contributed to the
underlying price series. The latter process of filtering the data of potential erroneous data
points was a time consuming and labour intensive task which had to be perfarmed in order to
obtain good quality high frequency data. Once the data had been filtered we couid proceed
with the preparation of the different time series formats (e.g., 5 minute etc.) as required by

the different volatility estimators we were investigating.

Our study was conducted along the lines of the study by Andersen et al. (2001), utilizing
South African equity data, however, as far as the scaled returns were concerned we
investigated alternative volatility estimators for daily return volatilities. In particular, we
compared the VARHAC estimator (see e.g., Bollen and Inder {2002)) to the ABDE estimator
(see e.g., Andersen et al. (2001)) as well as with daily volatility estimators based on the NIG-
GARCH model proposed by Venter and de Jongh (2004).
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Our findings for all the realized variance estimators studied namely, ABDE, SSR and
VARHAC were consistent with the Andersen et al. (2001) study i.e. the right skewed
distributions of the variances, the normal distributions of the logarithmic standard deviations
and the normal distributions of daily returns standardized by realized standard deviations.
The distribution of the returns scaled by the GARCH and NIG-GARCH volatility estimates
were close to normality. However, the distributions of the daily variance estimates and the
log of the volatility (standard deviations} estimates based on the GARCH and NIG-GARCH

models are clearly not normally distributed.

We can therefore conciude that our findings in the South African market context do agree
with the claims made by Andersen et al. (2001) for the realized volatility estimation
techniques and that the realized volatility techniques are a much better match to the criteria
as set out by Andersen et al. (2001} than the GARCH and NIG-GARCH volatility estimates.

5.2 SUGGESTIONS FOR FURTHER RESEARCH

We conclude the thesis with suggestions for further research:

Optimal sampling frequency

A study could be undertaken to ascertain the “optimal” choice in sampling frequency, e.g., 5
minute, 10 minute etc. in a South African market context with regards to the construction of
the realized variation estimation techniques discussed in this thesis and the effect that the
choice of sampling frequency would have on the distributional and dynamic properties of
these estimators. For previous research conducted with regards to high frequency realized
variance estimators see e.g., Andersen et ai. (2001), Ghysels et al. (2003), Giot and Laurent
(2004) and Oomen (2001).

Sensitivity of the VARHAC estimator

On some of the trading days included in the study the tick by tick data (as utilized by the
VARHAC estimator) was more volatile than the corresponding 5 minute data (as utilized by
the ABDE estimators) and this latter characteristic seems to have contributed to the
VARHAC variance estimates being higher than the ABDE variance estimates. A further study
could investigate the sensitivity of the VARHAC variance estimator to large market moves

and extreme data behaviour.
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Market limits

Many markets impose limits (volatility bands) on the amount (percentage) asset prices can
change within a trading day to prevent the market from overreacting and, hence, to dampen
volatility see e.g., Cho et al. (2003). Fama (1989) argued that price limits could have an
adverse effect on the equity market. In the South African equity market (May 2002) as well
as the agricultural derivative markets the price limit principie has been applied. An interesting
possibility for future research would be to investigate if the imposed price limits do have the
desired effects of prevention (market overreaction) and dampening of volatility. The iatter
effects may not always be in the markets best interest as artificial volatility levels are
introduced and market participants may be forced to execute deals at unrealistic market

leveis.

Economic value of realized volatility in investment

Recently Fleming et al. (2002) attempted to measure the economic value of the realized
volatility and correlation approach in the context of investment decisions. They evaluated the
empirical performance of conditionally mean-variance efficient portfolios that are rebalanced
daily based on estimates of the conditional covariance matrix. They used daily as well as
intraday returns to estimate the covariance matrix and assumed the target expected return to
be constant. The investors that they consider are assumed to follow a volatility-timing
strategy where the weights vary only with changes in the covariance matrix. The basic
assumption is that more precise estimates of the conditional covariance matrix will improve
the performance of the volatility-timing strategies. They found that an investor, implementing
a volatility-timing strategy, would be willing to pay on the order of 50 fo 100 basis points per
year to switch from a daily returns based estimator of the daily conditional covariance matrix
to an estimator based on realized volatility. Moreover, they claim that these benefits are not
restricted to short-horizon investors. In fact they claim that cumulative gains to volatility
timing at the daily level are substantial for performance measurement horizons as long as
one year. Moreover these gains are robust to transaction costs and estimation risk regarding

expected returns. This should be investigated in a South African context.
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Forecasting and Value at Risk

The assumption that financial market volatiiity is predictable has important implications for
asset pricing and portfolio management. Investors seeking to avoid risk may choose to adjust
their portfolios by reducing their commitments to assets whose voiatilities are predicted to
increase or by hedging against the possibilities of such an occurrence. Due to the
increasingly important role played by Value at Risk (VAR) in risk assessment, it is becoming
more important to have a good measure and forecast short-term volatility. Because volatility
is a key input to VAR models, the characterization of asset volatility is of paramount
impartance when implementing and testing VAR models. The literature on VAR modeis has
grown over the last decade mostly due to the popular RiskMetrics VAR specification of JP
Morgan and the risk adjusted measures of capital adequacy enforced by the Basel
committee. VAR has become widely used by corporate treasurers, fund managers and
financial institutions. The South African Reserve Bank also requires local banks and financial
institutions to report VAR figures as a measure to ensure that adequate capital is being held.
A study investigating the feasibility of high frequency volatility estimates in a VAR

environment could be undertaken in a South African context.

Accurate measures and good forecasts of volatility are critical for the implementation and
evaluation of derivative pricing, trading, hedging strategies and risk management. In the past,
conventional ARCH models were used but recently the focus has shifted to incorporate tick
by tick (high frequency) data when forecasting volatility (see e.g., Engle and Sun (2004), Hol
and Koopman (2002)). In this thesis the focus was on the estimation of daily volatility. A
follow up study could also focus on the forecasting performance of the realized volatility
estimators (see e.g., Areal and Taylor (2002), Hol and Koopman (2002), Oomen (2001),
Thomakos and Wang (2003)) in a high frequency environment.

High frequency GARCH

In this thesis we concentrated on the use of high frequency data in a realized variance
framework. GARCH models may also incorporate high frequency data (see e.g., Venter et al.
(2005)). These methods of estimating and forecasting volatilities should be compared with

realized volatility techniques.
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Financial markets

Share correlation is an important aspect of equity trading and further attention shouid be
given to this topic in the South African market (in this study we did not investigate the
distributional and dynamic properties of correlations between different shares (see e.g.,
Andersen et al. (2001), Djupsjobacka (2002) and Giot and Laurent (2004)).

The results and conclusions of this study do not have to be restricted to a South African
equity market context but the application thereof could be investigated for a wide range of
financial instruments traded in the South African financial markets. Previous research (over a

diverse range of financial instruments) in the international markets include:

Indices - see e.g., Ebens (1999), Speight et al. (2000)

Futures - see e.g., Areal and Taylor (2002), Fleming et al (2002), Piccinato et al.
(1998} and Thomakos and Wang (2003)

Currencies - see e.g., Andersen et al. {1999) and Pong et al. (2004)

Debt Instruments — see e.g., Speight and McMillan (2000)

Furthermore a study could be undertaken investigating the following:

¢ The impact of futures trading on the equity market (see e.g., Antoniou et al. (1998))

e A high frequency futures study on the South African agricultural market could be

undertaken.

e Combining high frequency data on derivatives trading and high frequency data on

spot trading, would aliow the researcher to research volatility in several dimensions.
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