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Abstract

This thesis is aimed at investigating the possibility to model the risk of stocks in financial
markets and evaluating the adequacy and effectiveness of univariate GARCH models such as the
symmetric GARCH and a few other variations such as the EGARCH, TARCH and PARCH 1n
modelling volatility in monthly returns of stocks traded on the Johannesburg Stock Exchange. This
is further used to investigate the importance ot GARCH modelling n portlolio construction using
Improved Sharpe Single Index Models. The data used for model estimation has been randomly
selected from different sectors of the South African economy. GARCH models are estimated and
validated for the data series of the randomly selected 15 JSE stocks. Conclusions are drawn
regarding the different GARCH models, best lag structure and best error distributions for
modelling. The GARCH (1,1) model demonstrates a relatively good forecasting performance as
far as the short term forecasting horizon is concerned. However, the use of alternatives to the
more common GARCH (1,1) and use of non-normal distributions is not clearly supported. Also,
the use of higher order GARCH models such as the GARCH (1,2), GARCH (2,1) and GARCH
(2,2) 1s not clearly supported and the GARCH (1,1) remains superior overall to these models. The
results obtained from this thesis are of paramount importance in portfolio construction, option
pricing and formulating hedging strategies. An illustration of the importance of the GARCH (1,1)
model in portfolio construction is given and conclusions are drawn regarding its usefulness in

lmproving our volatility estimations for purposes of portfolio construction.
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Chapter 1. Introduction

1.1 Background to Study

The measurement of risk on specific assets has become increasingly important in recent
times. Risk can be divided into three broad subcategories namely strategic risks, operational risks
and financial risks. However, in this thesis we focus on financial risks, more precisely stock
market risk, which is classified under tinancial risks. Calculating stock market risks has become
increasingly important for portfolio selection, pricing derivatives and hedging strategies. In a
broad sense companies as well as investors want to have good control of the risk inherent in their
mvestments. In the financial market this is of even greater importance as stock markets are
increasingly volatile as a consequence of globalization. One of the inherent hazards of investing in
financial markets is the risk of a major event or occurrence causing a sudden large shock to stock
prices and volatilities. There are many recent examples of event risk such as the stock market
crash of October 19, 1987 in which the Dow index fell by 508 points; the October 27, 1997 drop in
the Dow index by more than 554 points, and the flight to quality in the aftermath of the Russian
debt default where swap spreads increased on August 27, 1998 by more than twenty times their
datly standard deviation, leading to the downfall of Long Term Capital Management (LTCM) and
many other highly-leveraged hedge funds. Each of these events was accompanied by major
increases in market volatility which had a downside on financial markets. Hence the increasing
interest in the modelling of financial market risk for purposes of portfolio construction as well as

many other financial applications.

The notion of efficient markets has made it increasingly difficult to forecast the volatility of
stock markets with certainty. However, several models have been suggested to try and predict
tuture volatility including GARCH models, although forecasting of volatility cannot be achieved
with certainty. Furthermore, volatility models aimed at predicting stock return volatility have
lately received a lot of attention in the literature since previous research work has shown that stock
return variances as well as the covariances of stock returns are not constant over time but evolve

over time (Bollerslev 1986).
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1.2

Construction

Aims and Objectives

The overall objective of this thesis is:

To investigate the possibility to model with some reasonableness the risk of stocks in
tinancial markets and to what extent this can be achieved using univariatc GARCH models

for purposces of portfolio construction.

The aims of this thesis are:

To determine whether prior to estimation, the residuals of the data sets exhibit a normal
distribution, any autocorrelation, unit roots, or any conditional heteroscedasticity (chapter
4.2).

To investigate the capability of the selected univariate GARCH models, namely the
symmetric GARCH, TARCH, EGARCH and PARCH model in forecasting volatility using
the out-of-sample technique and compare their performance (chapter 4.3).

To determine which specific lag (p,¢) structure of the selected GARCH models, best
models the volatility of the stock returns (chapter 4.3).

To determine the best error distribution for modeling the stock returns: normal, student’s /-
distribution or the generalized error distribution (GED) (chapter 4.3).

To determine whether the residuals of the different univariate GARCH models exhibit a
normal distribution, any autocorrelation or any conditional heteroscedasticity afler
estimation (chapter 4.4).

To make a final decision on which model performs best on out-of-sample measures.

To investigate the importance ot GARCH modelling in Portfolio Construction with a look
at the Classical Markowitz Mean-Variance Model, the Single Index Model and the

Improved Single Index Model (Hossain, Troskie and Guo (2005)).
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1.3 Overview of Thesis

Chapter 1- Introduction

This chapter introduces the thesis topic and outlines the background of the study and why the
researcher has shown interest in the subject area. It goes on to state the main objective of the study.
Following this a list of more specific aims of the thesis are stated giving a clearer view of what the

researcher intends to achieve. A diagrammatic overview of the thesis is then given.

Chapter 2- Literature Review - Background to Study

The chapter is a review of available literature on the subject area the researcher intends to
carry out a research on. This chapter starts of by introducing the fundamentals of financial markets
from the perspective of the Efficient Market Hypothesis (EMH). The different forms of market
efficiency are discussed in detail by the researcher. The researcher then discusses the empirical
distribution of financial markets; high volatility, the presence of volatility clustering, fat tails and
leverage effect, amongst others. Furthermore the researcher looks into the statistical properties of
stock returns to be used in the data analysis namely the mean, standard deviation, skewness, and
kurtosis before an in-depth look into the stochastic processes responsible for the behaviour of
stock returns. This chapter is concluded by a look at the different methods in use for estimating

volatility of stock returns; namely the EWMA model. ARCH model and GARCH family models.

Chapter 3 — Methodology

This chapter introduces the method of modelling to be used by the researcher in this case
econometric modelling. The type of financial data to be used 1s discussed; continuous in nature by
taking natural logarithms and the source is the Johannesburg Stock Exchange (JSE). Furthermore,
the researcher discusses the hypothesis tests to be conducted on the stock returns: Arch test to
investigate heteroscedasticity; Ljung-Box-Pierce Q-test — for the autocorrelation test; Unit Root
test to investigate whether the data is stationary and Jarque-Bera test to investigate normality. In
addition to this the researcher discusses the packages that are used to model and estimate

volatility; E-views and MATLAB. The researcher also discusses how one will determine the best
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performing model and that is by assessing the Root Mean Square Error, Mean Absolute Error,

Mean Absolute Percentage Error (MAPE) and Theil Inequality Coefticient (TIC).

Chapter 4 — Market Data Analysis & Results

This chapter basically presents the results of the different tests discussed in chapter 3. The
moments of the return series, that is mean, standard deviation, skewness and kurtosis are
presented. Plots of series data, namely price plot, squared returns plot and autocorrclation of
returns and squared returns plots. Results of the Arch test, Ljung-Box test, Jarque-Bera test and
Unit Root test prior to estimation are presented. Furthermore, results of the estimation procedure
for GARCH, EGARCH, PARCH and TARCH as well as estimates when alternative distributions
such as the student’s t-distribution and generalized error distribution (GED) are presented and
compared. Following this, parameter estimates for the selected GARCH model specification are
then presented. The researcher then has a validation section where tests arc performed to judge
whether ARCH effects and autocorrelation have been removed or not. Tests are also performed to

see if the given assumptions about the model are fulfilled i.e. are the standardized residuals =z

normally distributed.

Chapter 5 — GARCH Modelling & Portfolio Construction

This chapter shows us the importance of GARCH modelling of volatility of stock returns in
Portfolio Construction. The researcher makes use of Sharpe’s Single Index Models together the
covariance matrix envisaged by Hossam, Troskie & Guo (2005b), which results in the Improved
Sharpe Single Index Models. Previous work by Hossain, Troskie & Guo (2005b) has shown that
the covariance matrix they put forward produces superior results to the one suggested by Sharpe
(1970). The researcher plots efficient frontiers for Model 1: Improved Sharpe Single Index Model
(with volatility modelled with AR terms onlv) and Model 2: Improved Sharpe Single Index Model
(with volatility modelled with AR terms and a GARCH (1,1) process) and compares them to the
Classical Markowitz Mean-Variance Efficient Fronticr. The researcher analyses the similarities
and difterences with the Markowitz model drawing conclusions about the usefulness of GARCH

modelling in portfolio construction.
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Chapter 6 — Conclusion

This chapter draws conclusions based on the different GARCH models and how well each of
them models volatility of stock returns. Also the chapter offers a commentary on any visible
parameter instability and states the final model chosen by the researcher. Further to this the
researcher then also points towards possible further study on the subject area. The researcher also

draws conclusions on the usefulness of GARCH modelling in Portfolio Construction.
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Figure 1.3.1 Overview of the Thesis

Modelling of Volatility of Stock Prices using GARCH models

v
Introduction to Financial Stock Markets & Market Efficiency
v v v
Volatility Empirical Distribution Statistical Properties
of Stock Returns of Prices & Returns

,

Stochastic Processes in Discrete Time

+

Models for Estimating Volatility

v v v
EWMA ARCH GARCH model tamily
v
System ldentification Procedure
v v 2 v

Data Set Set of Models Criterion of Fit Model Validation Process-

Hypothesis tests

|

Toolboxes for Estimation & Data Analysis
L2

Data Analysis

v
Pre — Estimation: Graphical Plots, Moments of return series Hypothesis tests

Estimation of Parameters: Determination of best GARCH model;
Determination of best lag structure and best distribution for modelling of
volatility using the chosen GARCH model

v

Model Vahidation — Hypothesis tests: Ljung’s Q-test for Autocorrelation. Engle’s ARCH
test for heteroscedasticity and the Jarque Bera test for normality after estimatioon

v
Use of GARCH modelling of volatility of stock returns in Portfolio Construction

v

Conclusion: Summary & Assessment of GARCH modelling: Discussion of Possible Future
Studies on the modelling of financial stock data




Modelling of Volatility of Stock Prices Using Garch Models & its importance in Portfolio 7
Construction

Chapter 2. Background to GARCH Modelling

The modelling of volatility has been the subject of vast empirical and theoretical investigation
in recent times by academics and practitioners. There are several motivations for this interest but
arguably. volatility is one of the most important concepts in finance. Volatility as measured by the
standard deviation 1s used, as a crude measure of the total risk of financial assets; Value-at-risk
(VAR) models for measuring market risk require forecasts of volatility and the Black Scholes
model a benchmark in financial markets, requires the input of volatility of stock market prices for
option pricing. Volatility is generally unobservable and hence must be estimated. The modelling of
volatility has become increasingly important in the ever volatile global asset markets hence the
need for good modelling techniques. Since risk is inherently related to volatility, expected future
volatihty is a major factor in portfolio construction. Good models of volatility can be used to
investigate any relation between current prices and expected risk. Since it is impossible to forecast
volatility with any certainty, modelled conditional variances are used instead, for example, in
portfolio construction, derivative pricing and hedging. risk management, market timing, and

market making.

Given that the data to be used in modelling volatility is financial stock data one needs to
understand how financial markets function hence in the next section the researcher gives a brief

account of previous investigations into the behaviour of stock markets.

2.1 Introduction to Financial Stock Markets and Market
Efficiency

Brealy and Myvers (1981) attributed the concept of efficient markets to a chance discovery by
Kendall. who in 1933 met with the Royal Statistical Society to discuss one of his papers concerning
the behaviour of stock and commodity prices. Specifically, Brealv and Myers (1981) stated
that, "Kendall s purpose hud been to separate out regular price cvcles, but to his surprise he could
not find any such cvcles. Each series appeared to be a wandering one, almost as if once a week the
Demon of Chance drew a random number...and added it to the current price to determine the next

week's price.” Kendall was in fact making the suggestion that price changes are independent. It
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should also be noted that Louis Bachellier (Cootner 1964) in a doctoral thesis in 1934 also detected

the random behaviour of commodity prices.

In recent times numerous researchers have applied various statistical efficiency tests resulting
in increased support of the random walk concept, notably Fama (1965). As evidence supporting the
random walk concept accumulated, the focus of attention shifted to the kind of market process
producing such results. leading to the theory of efficient markets in which prices adjust rapidly to

new information.

Roberts (1967) defined three forms of market efficiency: weak form, semi-weak form and
strong form efficiency.

*  Weak form — in this case current prices fully reflect the information contained in the record
of past prices. In other words it is impossible to form a trading strategy that performs better
than average, using the information of historical prices.

*  Semi-strong form — in this form of market efficiency. current prices fully reflect published
information. Therefore attempts to acquire and analyse public information will not yield
superior results.

* Strong form — in this form prices reflect not just public information but also all privileged

information that can be acquired by fundamental analysts of the company and economy.

Having discussed previous literature on how financial stock markets function, the researcher
gocs on to define volatility and how crucial it is in todayv’s globalised financial markets in the

section below.

2.2 Volatility

Volatiline of an asser is « measure of how uncertain we are about futiire asser price movements
(Hull 2006). Also, one can detine volatility as a statistical measure of the dispersion of returns for a
given security or market index. In other words, volatility refers to the amount of uncertainty or
risk about the size of changes in a security's value. Volatility can either be mecasured by using the
standard deviation or variance between returns from that same security or market index. Generally

the rule of thumb is that, the higher the volatility, the riskier the security. A higher volatility means
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that a security's value can potentially be spread out over a larger range of values. This means that
the price of the security can change dramatically over a short time period in either direction. A
lower volatility means that a security's value does not fluctuate dramatically, but changes in value

at a steady pace over a period of time.

A common assumption is that the volatility of a stock for example is caused by new
information reaching the market in turn resulting in investors changing their opinion about the
value of the stock. However, research conducted does not support this view and the conclusion

reached by researchers is that volatility is a consequence of trading itself (Roll 1984).

To be able to understand financial stock data one has to first investigate the empirical

distribution of stock returns and hence this 1s investigated in Section 2.3.

2.3 Stylized Facts of Stock Returns

The empirical distribution of financial assets returns exhibit some well-known characteristics
and regularities, generally referred to as stylized facts. A set of properties, common across many
instruments, markets and time periods, has been observed by independent studies and classified as
stylized facts. These have been unearthed as a consequence of statistical analysis of price variations

in various types of financial markets. The stylized empirical facts include among others:
2.3.1 Volatility Clustering

In stock markets, periods of high risk scem to be followed by periods of high risk and for low
risk periods it is the other way around (Hull 2006). This phenomenon is often referred to as
volatility clustering. Volatility clustering implies a strong autocorrelation in squared returns. As
noted by Mandelbrot (1963). “large changes tend to be followed by large changes, of either sign,

and small changes tend to be followed by small changes.”™ A quantitative manifestation of this fact

is that, while returns themselves are uncorrelated, absolute returns l};] or their squares display a

positive, significant and slowly decaying autocorrelation function: corr(l;;‘.!z;ﬁ‘) > 0 for 7 ranging
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from a few minutes to a several weeks. For example when a shock in a stock market occurs, the
volatility is high for the subsequent period. Hence, it is observed in the financial literature that the
intensity of stock price changes can persist for shorter and/or longer time periods: volatility
clustering. In other words, when a stock price has changed a lot today, it is likely that it will change
a lot tomorrow, the day after tomorrow and perhaps even further into the future. Thus returns are
conditionally heteroscedastic i.e.
Var[r |E J# Var[r ] (2.3.1)
The returns r are not independent but their variability depends on recent changes of price as

shown in Eg. 2.3.1.

2.3.2 Heavy tails

The financial series often exhibit leptokurtosis, indicating that their empirical distribution has
fut tails and excess peakedness at the mean, ie., kurtosis exceeds that of a Gausstan distribution.
The non-Gaussian character of the distribution makes it necessary to use other measures of
dispersion than the standard deviation in order to capture the variability of returns, more precisely

higher order moments.

2.3.3 Leverage Effect

One interesting phenomenon in equity markets is that volatility tends to increase more when
the return decreases, than it does, when the return increases. Black (1976) observed that volatility
responds asvmmetrically to the sign of the change in the price of the financial asset, i.e., volatility
increases more after negative changes than after positive changes of the same magnitude, naming
this phenomenon as the leverage effect (also referred as the Fisher-Black effect). As a company's
equity reduces in value the leverage tor the company increases. The reason for this maybe is that
when the equity price falls the debt remains constant in the short term, so the debt/equity ratio
increases. Hence, the company becomes more risky. On the other hand, when the company’s stock
price increases. the leverage decreases. The risk of a stock is therefore dependent on the sign of the

return (Hull 2006). The leverage effect is also a secondary cause of the implied volatility skew in
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equity markets. Furthermore it implies an asymmetry in volatility clustering in equity markets: if
volatility 1s higher following a negative return than it is following a positive return then the
autocorrelation between yesterday’s return and today’s squared returns will be large and negative

{Alexander 2001).

2.3.4 Non-Stationary

Time series of share prices X, and other basic financial instruments are not stationary time

series and possess at least a local trend (Franke 2004). In order to transform the data to a stationary

form, one takes first differences, more often log returns in financial analysis.

2.3.5 Non-trading Periods

Information that accumulates when financial markets are closed is reflected in prices after the
markets open. Fama (1965) and French & Roll (1986) found that information accumulates more
slowly when the markets are closed than when they are open. Variances are higher following
weckends and holidays than on other days, but not nearly as much as would be expected if the news
arrival rate were constant. Studies by French & Roll (1986) on daily returns across all NYSE and
Amex stocks from 1963-1982 for example showed that volatility is 70 times higher per hour on

average when the market is open compared to when its closed.

2.3.6 Forecastable events

Forecastable events of important information are associated with high volatility. Patel and Wolfson
(1984) show that individual firm’s stock returns volatility is high around earning’s announcements.
Furthermore, Baillie and Bollerslev (1991) have documented that there are predictable changes in
volatility across the day. Notably, volatility is typically much higher at the open and close of stock
trading than during the middle of the day. The volatility surge at the opening of trade can be
explained by accumulation of information when the markets are closed and the surge at the close of

trade is not so easily explained.
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2.4 Mathematical characteristics of Prices and Returns

To summarize the statistical properties of prices and returns, firstly visual inspection is done
after graphing the price series and the returns series (log returns). Secondly, the relevant descriptive
statistics for returns are computed (including the Jarque—Bera test which is a normality test.
Following this, we carry out unit root tests: that is the augmented Dickey—Fuller (ADF) to conclude
if the series are stationary. Furthermore, we discuss the autocorrelation of the returns and we test

the presence of conditional heteroscedasticity.

In Section 2.4.1 below we give the moments that will be used to describe the data in this thesis.

The variable .Y is a discrete valued random variable.

2.4.1 Moments

The first way to describe a probability distribution function is by some measure of central
value or location and the key measures of central location is the mean although the median and

mode can be used as alternatives. The mean is the first moment and 1s defined as

w=E(Y)=> x P\ =x) (2.4.1)

Another measure that can help us to describe a probability distribution function is the
dispersion. The most commonly used measure of dispersion is variance. The variance is the central

second moment and is given by
Var(X)=> (x, - E(\) P(X =x,) (2.4.2)

A probability distribution may be symmetric or asymmetric around its mean. A popular
measure for the asymmetry of a distribution is called its skewness. A negative skewness measure
indicates that the distribution is skewed to the left and vice versa. Skewness 1s a rescaled third

central moment and is defined as
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E(X-1))

,‘ (2.4.3)
(Var( X)) *

A variable with positive skewness is more likely to have its values far above the mean value

than far below. Notably, for a normal distribution the skewness is zero.

Further information about a probability distribution function is provided by measuring the
concentration of potential outcomes in its tails. The tails of a probability distribution function
contain the extreme values. In financial applications, it is these tails that provide information about
the potential for a financial ruin. The joint measure of peakedness and tail features is called

kurtosis. Kurtosis 1s a rescaled fourth central moment and 1s

E(X -

2.4.4
(Var( X)) (244

[t is well documented that the kurtosis of a normal distribution is 3. Hence notably, a
distribution with a kurtosis greater than 3 has more probability mass in the tails and 1s described as

leptokurtic.

2.4.2 Association Measures

The autocorrelation and partial autocorrelation functions for the squared process have been
shown to be useful in identifying and checking time series behaviour in the conditional variance
equation of the GARCH form. Granger and Anderson (1978) advocated for the use of the squared
process to check for model adequacy as they unearthed the fact that some of the series modeled in
Box and Jenkins (1976) exhibit auto-correlated squared residuals even though the residuals
themselves do not appear to be auto-correlated. Below we define the autocorrelation function

(ACF) and the partial autocorrelation function (PACF):
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Autocorrelation Function (ACF)

The autocorrelation function (ACF) measures the linear dependence between past and current

returns (Hamilton 1994). Its formulation is shown in £g. 2.4.5 below:

, Cow(X . X
Corr(X, . X )=t et .

Var(X . War(X,)

N

Q]
+
o
~

Partial Autocorrelation Function (PACF)

However, it can be obscrved that in some instances, the correlation between two elements of a
time series with a lag 4 time steps is non-zero. This therefore implies that a return which has
occurred one year ago still influences the return of today, but the influence decreases geometrically

with the time lag. In this instance we use another method to measure the connection between X
and X, which involves filtering out of X, and X,  the linear influence of the random variables
that lie in between, X, ,.....X, ., and then calculating the correlation of the transformed random

variables (Franke 2004). This is called the partial autocorrelation. Hence the use of the partial
autocorrelation function (PACF) which measures the influence of past observations on the current

value of the time series (Rachev 2005). The partial autocorrelation of the /-t order is given by:

(b/z/r = C‘Ol‘l' ( X[ ] )(IH, ‘X/ +h-1 )’ ‘/‘(Mh - [) ( <X ( ‘Y/~l "“"‘Y/>/)f| )) (246)

where P W Z is the best lincar projection of ¥ onZ (Franke 2004).
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2.5 Stochastic Processes in Discrete Time

The theory of stochastic processes in discrete time is an important tool when examining the
fundamental characteristics of financial data. Stochastic processes describe the evolution of a
random variable (in this instance the return of the stock) through time. In other words stochastic
processes describe the relationship between the probability distribution of yesterday's return:
todax’s return and tomorrow’s return (Rachev 2005). Below we discuss various stochastic

processes in discrete time starting with a white noise process:
2.5.1 White Noise

The building block of all time series models is the white noise process given by a sequence

; & } of independently and identically distributed (i7.d) random variables which are usually

assumed to have mean zero and variance ¢ (Hamilton 1994).

E(g)=0 (2.5.1)

E(g)=0" (2.5.2)

A popular candidate for the white noise distribution is the standard normal distribution. A plot
of a white noise process should exhibit no trends or clusters in the realizations which can be

explained by the fact that the observations are independent from each other. (Rachev 2005)

2.5.2  Autoregressive Processes

An autoregressive model is one where the current value of a variable, v depends upon only the
values that the variable took in previous periods plus an error term (Brooks 2002). An
autoregressive process of order one AR (1) is defined by the modet:

X, =c+ fx,_, +oE (2.5.3)

where c and £ can be any real constants and ¢, is a white noise process.
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The name autoregressive comes from the fact that the value of x 1s obtained as an affine

function (i.e. a linear function with an intercept) of x_, plus an error term. An autoregressive

process of higher order AR (n) is defined as:
X, :c'+z,[)’,x,7‘, +oe, (2.5.4)
i=1

[t has been observed that the path of an AR process difters substantially from that of a white
noise process. Highly positive returns are followed by positive returns and vice versa, hence one
can recognize trends and the reason for this is that the realization of current return depends on
strongly on the previous one. Hence, the AR (1) process is useful in order to incorporate possible

dependencies of the current return on several previous returns.

To measure the influence of past returns on current return we use the Autocorrelation function
(ACF) or the Partial Autocorrelation function (PACF). However, it can be observed that in the
general case of an AR (1) process, we obtain non-zero partial autocorrelation for the first n lags and
zero partial autocorrelation otherwise. In contrast to the ACF, the PACF jumps immediately to zero

when the lag exceeds the order of the autoregressive process.

It should be noted in some cases one would like to model financial data in which the ACF
behaves in this way; that is, for the first 1, 2, or m lags one observes autocorrelation and then the
autocorrelation jumps immediately to zero. This concept can be realized by use of a Moving-

Average (MA) process.

2.5.3 Moving Average Processes

The name "moving average™ comes from the fact that the next return is given by a weighted
average ot today’s and the ¢ previous observations of the white noise process (Brooks 2002). The
dynamics of a moving average process of order m, (MA (¢) process) is given by:

o
x _[HZ(),EJE, 0, (2.5.5)

=1
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2.5.4 Choice of AR or ARMA Model

To decide which AR or ARMA model to consider in modelling a particular return series one

should use the autocorrelation function (ACF) and partial autocorrelation function (PACF) plots to

determine how best to model the return series. Tuble 2.5.1 below provides a general guideline on

how one can decide which model to use based on the autocorrelation function (ACF) plot.

Table 2.5.1 Choice of AR or ARMA model

Shape of ACF

Indicated Model

Exponential, decaying to zero

Autoregressive model - Use the partial autocorrelation plot to identity the

order of the autoregressive model.

Alternating positive and

negative, decaying to zero

Autoregressive model - Use the partial autocorrelation plot to help identify

the order.

One or more spikes,

rest arc essentially zero

Moving average model - order identified by where plot becomes zero,

Decay, starting after a few lags

Mixed autoregressive and moving average model.

All zero or close to zero

The data used is random.

No decay to zero

The series is not stationary
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2.6 Discrete Stochastic Volatility Models

It 1s necessary in most instances, when modelling financial return data to incorporate time-
varying conditional volatility and correlations. This arises because of the recognition that
volatilities and correlations are not constant. During some periods, a particular volatility or
correlation may be relatively low, whereas during other periods it may be relatively high. Hence
the use of the exponentially weighted moving average (EWMA) model, autoregressive conditional
heteroscedasticity (ARCH) model and generalised autoregressive conditional heteroscedasticity

(GARCH) models.
2.6.1 Exponentially Weighted Moving Average (EWMA) model

The exponentially weighted moving average (EWMA) model hinges on the idea that more

weight should be given to more recent data, specifically a more recent volatility observation, o,
with weights ¢ decreasing exponentially as we move back through time. To be more

precise ¢r, | = Acr,, where A1is a constant between 0 and 1 (Hull 2006). Manipulating the simple

|
model given in E¢g. 2.6.1 will lead to the fundamental updating equation for the EWMA method

shownmn Eg. 2.6.2.-
i
o = Z(z,u[/ (2.6.1)
[Nt

oF = Aot +(1- A, (2.6.2)

where,

m
a, , 1s the amount of weight given to the observation i days ago andz a =1.

i1
i, is defined as the continuously compounded return during day ¢ (between the end of day

t—1and the end of day:), that 1s:

i =In— (2.6.3)

and,

l mn R
>l (2.6.4)
i=1

2
a, —
ni
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The first term in the equation A, determines the persistence in the volatility: irrespective of

what happens in the market, if volatility was high yesterday it will still be high today and the

.

second term (1—A)u, determines the intensity of the reaction of volatility of market events: the

(-1
smaller / s, the more the volatility reacts to the market’s information in yesterday's return
(Alexander 2001). The EWMA approach has the attractive feature that only two values have to be
stored for each volatility estimate, namely the current estimate of the variance rate and the most
recent observation. It also adapts to market changes because of the functional form of the equation.
Large changes in «, | will directly affect the volatility estimate.

However, the EWMA method is only an estimation method and additional assumptions have
to be made to turn it into a forecasting model. One has to use statistical methods to estimate 4 in
order to minimize the root mean forecasting error, unlike in GARCH models for example where
maximum likelithood estimation is an optimal method that always gives constant estimators. So
consequently one can conclude that statistical methods are not necessarily the best method to

estimate / and hence the EWMA model is not the best for modeling and forecasting stock price

volatility.
2.6.2 Autoregressive Conditional Heteroscedastic (ARCH) model

The ARCH model was first introduced by Engle in 1982, An ARCH model is a discrete time

stochastic process {g,} of the form:

£ =zp, (2.6.5)

!
where. the =, 's are ii.d overtime, £(z,)=0, var(z, )= 1. and p, is positive and time-varying.

Usually p 1s further modeled to be an autoregressive process. In other words returns are
assumed to be generated by a stochastic process with time-varying volatility. The basic idea of
ARCH models is that (i) the asset return z is serially uncorrelated, but dependent and (ii) the

dependence of =, can be described by a simple quadratic function (Pena, Tiao & Tsay 2001).
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According to Engle (1982). an autoregressive conditional heteroscedasticity model considers
the variance of the current error term to be a function of the variances of the previous time period's
error terms. The ARCH process introduced by Engle (1982) explicitly recognizes the difference
between the unconditional and conditional variance allowing the later to change over time as a
function of past errors leaving the unconditional variance constant. ARCH relates the error
variance to the square of a previous period's error. This model is employed commonly in modeling

financial time scries that exhibit time-varying volatilitv clustering.
As the name suggests, the model has the following properties:

= Auto-regression - the use of previous estimates of volatility to calculate subsequent or future
values and hence volatility values are closely related to each other.

* Heteroscedasticity - probability distributions of the volatility vary with the current value.

In order to clearly introduce ARCH processes, let us assume that we have a time series of

asset price quotes p for each time steps. We calculate the fractional change in the price of the

asset between time step ¢ and ¢ +1 using

u =Ll (2.6.6)
p{l

Furthermore. we are required to determine the long-running historical volatility (e.g. over

several years) denoted by /, . We have seen that the volatility rates fluctuate about this mean long-

running mean volatility, therefore, it seems reasonable to incorporate this quantity in the ARCH

model.

Formally, an ARCH (¢) process may be expressed mathematically as
ol =y, 4> aE], (2.6.7)
i=1

th

where, &, 1s the volatility at the ¢ time step, y and ¢, are weighting factors that satisfy



Modelling of Volatility of Stock Prices Using Garch Models & its importance in Portfolio 21
Construction

il

Y a =1 (2.6.8)
i=1

Here m: denotes the number of observations of &, , used to determine g, .

The most common ARCH (¢)process used to model asset price volatility dynamics is the

ARCH (1) model where,
ol =)V, +as’, (2.6.9)
or,
o] =V, +(1=p)e, (2.6.10)
using the above relation.

Several models using the ARCH process formulation have been successful in modelling
different economic phenomena as documented in Coulson and Robins (1985) and Domowitz and
Hakkio (1985), just to mention a few. However, common to most of these models, is the
mtroduction of a rather arbitrary lincar declining lag structure in the conditional variance equation
to take account of the long memory found in empirical work, since the estimation of a free lag
distribution will in more cases lead to violation of the non-negativity constraints (Engle 1995).
Hence, this resulted in the development of GARCH models to allow for a more flexible lag

structure.

Notably as the lag increases in an ARCH model, it becomes more difficult to estimate
parameters because the likelihood function becomes very flat. Also, ARCH models often over-
predict the volatility, because they respond slowly to isolated large shocks to the return series
(Pena, Tiao & Tsay 2001). Adding to this the inadequate dynamics in an ARCH model with only a

tfew lags, the use of standard ARCH models for financial volatility estimation is not recommended.
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2.6.3 Generalized Autoregressive Conditional Heteroscedastic

(GARCH) Model Family

In light of the need to allow for both a longer memory and a more flexible lag structure

Bollerslev (1986) later proposed a more generalized form of the ARCH (¢) model appropriately
termed the GARCH (p,¢) model. In the ARCH (¢)process the conditional variance 1s specitied as

a linear function of past sample variances only, whereas GARCH (p,g) process allows lagged
conditional variances to be included as well. This in many ways can be said to correspond to some

sort of adaptive learning mechanism. The GARCH (p,¢) model may be written as
a5 /, e t[ I
ol =y 4y sl +Y po), (2.6.11)
i=1 =L

pand ¢ denote the number of past observations of wu_ando, , respectively, used to

estimate o, . The GARCH (p,¢) process has the following properties:

E()=0 and FEui]T)=0 (2.6.12)

- =l L'/r - —_— ki - !7 nl (, 2
Var(u,))= Fo? = - A - and L’ar(z//‘ 3, =0 =7F, +Za,u;, +Z/)’/G/1/ (2.6.13)
i=1 /=1

Thus the GARCH (p,q) process possesses the desired properties stated below:

=  (Constant unconditional mean and variance.

= (Constant conditional mean but time-varying conditional variance.

It should be noted that The GARCH (p,¢) model reduces to the ARCH(g) process
when p =0. At least one of the ARCH parameters must be non-zero (g > 0). Variations of the

GARCH model family are discussed below:
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GARCH (1,1) model

[n the case where p = ¢ = 1 the model becomes
ell ~N(0.67 ) (2.6.14)

letting »I', = @ then,

o =wt+as |+ po, (2.6.15)
where

@>0,a>0, >0 and «+ £ <1 suffices for wide-sense stationarity.

For the GARCH process to exist. ® > 0, a > 0 and f > 0 are sufficient conditions for the
conditional variance to be positive. The ARCH coeflicient, ¢ measures intensity of reaction of
volatility to market movements, and the GARCH effect, f measures the contribution to long run
persistence, namely «+ /. Several statistical properties have been established for the GARCH
(p,¢) process in order to define the moments of the unconditional shock. Ling and McAleer (2002)
establish all the moment conditions for the general class of models, GARCH (p,¢), and relate the
moment conditions to the statistical properties of the models. The implications of the non-
existence of moment conditions, such as the possible inconsistency of parameter estimates and
invalid inference, are frequently ignored in the empirical literature on modelling volatility using

GARCH processes.

The necessary and sufficient condition for the conditional variance to exist for the GARCH

(1,1) model, guaranteeing that the GARCH (1,1) process is strictly stationary is given by:
a+ <1 (2.6.16)

.. . { . ~ . - . . .
The conditional variance (2" moment) is sufficient for consistency of the (quasi-) maximum

likelihood estimator, while the 4™ moment is sufficient for asymptotic normality.
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Threshold ARCH (TARCH) model

This model due independently to Zakoian (1994) and Glosten, Jaganathan and Runkle (1993)
accounts for the asymmetric etfect of “news™. The basic idea of the TARCH models is to divide
the distribution of the innovations into disjoint intervals and then approximate a plecewise linear
function for the conditional standard deviation and the conditional variance respectively (Franke
2004). If there are only two intervals, the division is normally at zero: that is the influence of

positive and negative innovations on the volatility is differentiated. The TARCH (p,¢) model is

given by:
14 i) R /
ol =0+ acl vy Bel > el I, (2.6.17)
i =1 =
where.
_ lif ¢ <0
e , (2.6.18)
0 otherwise

In the TARCH model, good news; & , >0 and bad news: & <0, have different effects on
the conditional variance. When y, # 0, we conclude that the news impact is asymmetric and that
there is a presence of leverage effects. When 7, =0 for allk, the TARCH model is equivalent to
the symmetric GARCH model. The difference between the TARCH and the Exponential -

GARCH (EGARCH) models is that in the former the leverage effect is quadratic while in the

latter, the leverage effect is exponential.

It should also be noted that GARCH is a special case of the TARCH model where the
threshold term is set to zero. To estimate a TARCH model. one specifies the GARCH model with

ARCH and GARCH order and then changes the Threshold order to the desired value.
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Exponential - GARCH (EGARCH) model

The exponential general autoregressive conditional heteroscedasticity (EGARCH) model by
Nelson (1991) is another variation of the symmetric GARCH model. This is a form of an
asymmetric GARCH model. One limitation of the symmetric GARCH (1,1) model is that it
restricts the shocks to the model to have the same eftect on the conditional variance whether the
shocks are negative or positive. This may or may not be a reasonable assumption but one would
like to be able to test this. The positivity constraints on the parameters can also be viewed as

restrictive, since it rules out cyclical behavior in the conditional variance.

A number of researchers have found evidence of asymmetry in stock price behaviour; that is
negative price shocks seem to increase volatility more than positive shocks (Pagan & Schwert

1990). The EGARCH can be used to test for the presence of the leverage effect.

The key advantage of the EGARCH is that since £¢. 2.6.20 describes the log of o, the
variance itself ¢’ will be positive regardless of whether the coefficients . «, £ are positive. This

makes numerical optimization simpler and allows flexibility of dynamic models for the variance
(Hamulton 1994). The idea is to loosen the positivity constraints from the standard GARCH but

still keep the non-negativity constraint on the volatility for the conditional variance. Formally:

r 4
logo, = o, + Za,g(:/ )+ Z/)’ log o) (2.6.19)
i=1 7=I
where,
g(z)=0z,+y |z |-£|z | 1sthe conditional variance (2.6.20)

o.a.f.0 and v are coefficients, and

=G 1s a standard normal variable. (2.6.21)

However the model is difficult to use for volatility forecasting because there is no analytical

form for the volatility term structure.
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The Power-ARCH (PARCH) model

When one talks of volatility the appropriate measure is the standard deviation rather than the
variance as noted by Barndorff-Nielsen and Shephard (2002). Most of the ARCH-type of models
discussed so far deal with the conditional variance in the specification. A GARCH model using the
standard deviation was introduced independently by Taylor (1986) and Schwert (1989). The
conditional standard deviation as a measure of volatility is modeled instead of the conditional
variance. This class of models is generalized by Ding. Granger & Engle (1993) with the Power -

ARCH specification. The PARCH specification is given by.

o *(0+Zﬁ/ ,/+Za \

v (2.6.22)

where

o> 0,|;/1‘ Slfori=12...tandy =0 fori>t.andt < p (2.6.23)

[t should be noted that in the PARCH model, y = 0 implics asymmetric effects. The PARCH

model reduces to the GARCH model when & =2and », =0 forall i.
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Chapter 3. Financial Econometric Methodologies

3.1 Introduction

This chapter deals with the methodology used in conducting this research as well as the
various rescarch instruments used by the researcher. Methodology can be defined as an operational
framework within which the facts are planned so that their meaning may be seen more clearly
(Leedy 1991). This master thesis is concerned primarily with financial econometrics. The focus is
on the modelling and forecasting of the volatility of stock returns hence we are interested in

prediction of the first and the second moments, particularly the second moments.

3.2 System Identification

System identification deals with the problem of building mathematical models of dynamical
systems based on observed data from the systems (Ljung 1987). The construction of a model from

data involves three basic entities:

3.2.1 The Data Set

As is standard procedure when modeling stock returns, the continuous approach is also used
in this master thesis when converting between stock prices and return. Let the stock price be

denoted § then the expected drift rate in S should be assumed to be S for some constant
parameteru . This implies that in a short period of time, Ar the expected increase in S ispuSAs. If
volatility of stock price is always zero, then this model implies that ast — 0,

l
%:puh (3.2.1)

and by integrating the differential equation between 0 and 7', we obtain

S, =S, (3.

[
OS]
~—
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To convert between return and stock prices we will use £¢. 3.2.2 as is illustrated in Hull

(2006). The data for the 15 JSE stocks is monthly data and the return is calculated by:

R = log[ﬂj (3.2.3)
p/—l

Natural logarithms of the monthly data were used in the analysis as taking natural logarithms
e y 3 & 8

linearises any type of polynomial and scales both large jumps and small jumps in data removing

scale differences, hence proportional changes are modelled as compared to modelling actual

changes.

Plots of the particular stock data are then presented together with tables containing interesting
and 1mportant statistical facts about the 15 JSE stocks. Several hypothesis tests are performed to
see: whether or not correlation exists in the squared return, whether or not the returns are
stationary (unit root test), whether the returns follow a normal distribution (Jarque-bera test) and to
see 1f heteroscedasticity exists (ARCH test). The different hypothesis tests are discussed below in

Section 3.2.4:
3.2.2 The Set of Models

A GARCH model consists of two equations: the Conditional Mean equation and the

Conditional Vartance equation.

Conditional mean equation

The first 1s the conditional mean equation. This can be anything but since the focus of
GARCH model is on the conditional variance equation it is usual to have a very simple conditional
mean equation. All the second moment modeling the researcher will undertake in this thesis is
done under the assumption that markets are efficient. The Efficient Market Hypothesis (EMH)
states that an investor expects a risk free return and additional premium for taking on risk and that

all information available up until today is already included in the price. Hence, based on the
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assumption that stock markets are efficient as envisaged by many researchers in the past including
Fama (1965) and Roberts (1967), many of the GARCH models used in practice take the simplest

possible conditional mean equation which is given by the formula:

R =u+e (3.2.4)
where
R . is the return on the particular day,
4, , the drift is the average of all past returns,

g, . Is the mean deviation return, i.e. compensation for unpredictability of stock markets.

3, denotes the information set at time ¢, which encompasses X, and all the past realizations
of the process X, . It should also be noted that the errors ¢, are serially uncorrelated but dependent
and the dependence of & can be described by a simple quadratic function of the lagged values
ofe, , specifically ¢ |.g ,....Care should be taken not to use too many parameters in the

conditional mean equation as this will most likely result in convergence problems; hence the

simple model above is most appropriate.

Conditional Variance equation

The second equation in a GARCH model is the conditional variance equation. To model the
second moment (conditional variance) one can use any of the GARCH models discussed

previously in Section 2.5 since the conditional variance equations are specified in different forms.

3.2.3 Determination of Best Model — Criterion of Fit

The assessment of model quality is typically based on how the models perform when they
attempt to reproduce the measured data and this in essence implies the criterion of fit should be
based on how well the model can forecast the observed volatility of stock returns. Several criteria

have been proposed for selecting time series models in the literature among them the Akaike
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Information Criteria of Akaike (1979) and Bavesian Information Criteria (BIC) of Schwarz
(1978). In this master thesis we look at these information criteria and also further evaluate the
performance of out-of-sample volatility forecasts from different GARCH models using the error of
estimates observed in the estimation to assess performance and fit of the models. The goal of this
master thesis is to determine the best GARCH model for modelling volatility of stock returns and
this will be achieved by evaluating the forecasting performance of various GARCH models when
different error measures and utility functions are used and when the true data generating process
(DGP) 1s in fact a GARCH process. We check whether a practitioner can have a good assessment
of the accuracy of volatility forecasts using the following measures: The root mean squared error
(RMSE). the mean absolute error (MAE), the mean absolute percentage error (MAPE), the Thetl
Inequality Coefficient (TIC) and the log-likelihood. In statistics, the MSE, MAE, MAPE and TIC
of an estimator are some of the many ways to quantify the amount by which an estimator differs
from the true value of the quantity being estimated. The model exhibiting relatively lower error 1n
estimation compared to the others, best models the volatility of the stock returns. A detailed

discussion of the different forecast measures is given below:

Root Mean Squared Error (RMSE)

The RMSE provides a quadratic loss function and so may be particularly useful in situations

where large forecast errors are disproportionately more serious than smaller errors. A RMSE of

zero means that the estimator 0 predicts observations of the parameter ¢ with perfect accuracy.
While particular values of RMSE other than zero are meaningless in and of themselves, they may
be used for comparative purposes. Two or more statistical models may be compared using their
RMSEs as a measure of how well they explain a given set of observations: The unbiased model
with the smallest RMSE is generally interpreted as best explaining the variability in the

observations. The RMSE 1s calculated by

Ny 2 ,
RMSE:%Z(J/ ~a) (3.2.5)
1+

=N
where,
i, is the number of steps ahead that we want to predict, in our case i is always equal to 1,

o, , is the forecast volatility, ¢, is the "true” volatility £ and N is the total sample size.
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Mean Absolute Error (MAE)

The Mean Absolute Error (MAE) is a quantity used to measure how close forecasts or

predictions are to the eventual outcomes. The MAE is calculated by

Nty

1
MAE = —
’ i+1,;‘

5

o, -0

(3.2.6)

Mean Absolute Percentage Error (MAPE)

Mean absolute percentage error (MAPE) is measure of accuracy in a fitted time scries value

1n statistics, specifically trending. The MAPE is calculated by

1 N—1
MAPE = —
i+1 ,Z\

(o) *“O—l_

X (32.7)
(ox}

Theil Inequality Coefficient (TIC)

A Theil Inequality Coefficient (TIC) of 1 implies that the model under consideration and the
benchmark model are equally mmaccurate, while a value of less than 1 implies that the model is
superior to the benchmark. It i1s a scale invariant measure that lies between 0 and 1 where 0

indicates perfect fit. The TIC is calculated by:

_ i ‘ (3.2.8)

3.2.4 Model Validation

After, considering the discussed criterion of fit in Section 3.2.3 above, one can make a choice
on a particular model, which is the one that best describes the data according to the chosen
criterion. The task now will be to test if the model 1s good enough and this is known as model

validation. We assess the model performance by conducting out-of-sample forecasts and
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comparing to the actual observation in the volatility of the given stock over the given period. In
assessing our model, several possible reasons can be sited for model deficiency and these include
that maybe:

* The data set was not informative enough to provide guidance in model selection.

*  The numerical procedure failed to find the best model according to the given criterion.

» The criterion was not determined properly.

*=  The model set was not adequate as it did not describe the system sutficiently.

In this section we conduct roughly the same hypothesis tests conducted in the pre-estimation
stage to see if the autocorrelation in the squared residuals and heteroscedasticity has been removed
from the data series as well as normality tests to validate the model. More accurately the ARCH
test, autocorrelation test and test for normality to determine if the assumptions for the model are

fulfilled, and this is discussed below:

Hypothesis tests and p -values

This section presents the hypothesis tests that will be used in conducting model validation.
Statisticians i most cases want to affirm the validity of assumptions about a specific unknown
parameter. This is referred to as hypotheses testing. For a specific sample, the p-value 1s the

maximal level of significance for which a rejection of the null hypothesis is not possible.

All tests have a corresponding p-value. This p-value, under the assumption of the null
hvpothesis, is the probability of observing the given sample result. At the significance level of
95%, which in our notation corresponds with a critical value of o = 0.05, then we reject the null
hypothesis if the p-value is lower than this critical value. A p-value greater than 0.05, is
insufticient evidence for rejecting the null hypothesis. A rule for rejecting the null hypothesis
which is equivalent to the previously described decision function is given by the following
decision function:

S x =

diif p<a
d,if pza

Below is a discussion of the different hypothesis tests to be conducted for model validation:
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Test for Autocorrelation - (Ljung — Box Pierce Q - Test)

There are a large number of tests of randomness (e¢.g., the runs tests). Autocorrelation plots
are one common method test for randomness. The Ljung-Box (1978) test is based on the
autocorrelation plot. However, instead of testing randomness at each distinct lag, it tests the
overall randomness based on a number of lags. For this reason, it is often referred to as a

Portmanteau test.

More formally, the Ljung-Box Pierce QO - test can be defined as follows.

H.: The data is random (no autocorrelation).

0"

H.:

. The data is not random (there is autocorrelation).

Test Statistic:
T;

Tk

Ql./; = (T(T+2)Z
=

where T is the sample size, 7, 1s the sample autocorrelation coefticient and
mis the maximum lag length.

Significance Level: ¢ =0.05
Critical Region:  The hypothesis of randomness is rejected if
O > Ao
where " is the percent point function of the Chi-square distribution.

If O, is large then the probability that the process has uncorrelated data, decreases. The null

hypothesis for the test is that there exists no correlation and under that hypothesis, Q,, is ¥ with

k degrees ot freedom.
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Test for Presence of Heteroscedasticity (Arch tests)

Engle (1982) derived a test based on the Lagrange Multiplier principle. The Lagrange
multiplier (LM) test can be used to formally test the presence of conditional heteroscedasticity and

the evidence of ARCH effects. The test is based on OLS regression, where the OLS residuals

2

from the regression are saved. u, is thereafter regressed on a constant and its own - lagged
values:
w =C+oqu  +osu s+ o, e,

This is done tfor all samples ¢ = 1... 7. This regression has a corresponding R~ - value. TR, is

then asymptotically y -distributed with m degrees of freedom under the null hypothesis that-u, is

iid N(0;c7).

Test for Stationarity (Unit Root Test)

The Augmented Dickey — Fuller (ADF) unit root test is used to determine if the time series
data is stationary or non-stationary. The test determines if there are any unit roots present in the
data. The presence of unit roots is an indication of the non-stationarity of the time series data. The
Augmented Dickey —Fuller test can be conducted without intercept and trend; with intercept or
with intercept and trend which is the strictest of the tests. Hence, the ADF test with intercept and
trend is represented by the formula:

AX, =(a-1)X, _ +¢
If X is arandom walk, then the coefticient of X | is equal to zero.

The Hypothesis to be tested is as follows:

H.: o=0- Series is Non - Stationary (Has Unit Roots)

0

H, : ¢ #0- Series is Stationary (No Unit Roots)

The test 1s done at a 5% Critical Level
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Test for Normality (Jarque — Bera Test)

The Central Limit Theorem states that a sum of many independent observations behaves like
a normal random variable. This result is often applied to stock market returns for example, that is a
return or change in the stock price is the result of many small influences and shocks and thus the
return can be treated as a normal random variable. With this in mind there is only one condition
which must be fulfilled for the theorem to apply: The individual random variables must possess
finite variances (Rachev 2005). Hence to answer the question whether the data 1s generated by a

normal distribution, the Jarque — Bera test of normality was developed.

The test statistic is given by the expression below:

n

JB:gyz+~n~(k;—3)z

where

l i Y o-X . )
v = _Z( “—)" , is the sample skewness
o

i=l
T x ~,; ) )
K= —Z (=)' | is the sample kurtosis
n‘g o

1

n—1

' =

i - :
Y (x,~x)" . is the sample variance

1

The mtuitive feeling about this test is that the larger the Jarque-Bera value 1s, the lower the

probability is that the given series is drawn from a normal distribution. The test statistic of the
Jarque-Bera test is y” -distributed with 2 degrees of freedom and the null hypothesis is that the

series 1s normally distributed. The null hypothesis is a joint hypothesis of the skewness being zero
and the excess kurtosis being 3, since samples from a normal distribution have an expected
skewness ot 0 and an expected excess kurtosis of 3. As the definition of the Jarque-Bera shows,
any deviation from this increases the Jarque-Bera statistic. To accept the null hypothesis of

normality say at the 5% level, the p-value given should be greater than 0.05.

Below is an illustration of the how we have gone about system identification in the form of a

system identification loop as proposed by Ljung (1987):
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Fig 3.2.1 System ldentification Loop
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3.3 Toolboxes for Estimation & Data Analysis

Over the years different software has been developed to conduct GARCH model estimation.
The formulations are generally consistent although different software has different features,
functionality and drawbacks. Brooks, Burke & Persand (2001) present several different GARCH

ges and compare them. Amongst their findings is the fact that there

fel

estimating software packa
could be large differences between estimated GARCH parameter values from ditferent toolboxes.
Hence it is of paramount importance to choose an appropriate toolbox to use. The researcher in
this thesis has decided to use basically two computer software packages: E-views 5 and MATLAB

7.

As a consequence of its simple and systematic approach to pre-estimation of the data, the
rescarcher will use MATLAB 7 for this purpose. However, the estimation and forecasting will be
done in E-views 5, a statistical computer software package geared for statistical purposes only
although it has the fault of not being able to estimate MA models for GARCH estimations. It
should be noted, however that AR models will be sufficient for this master thesis. Several different
error distributions are available in E-views 5 including the normal, student-# and generalized error
distribution amongst others. Also, a number of different models are available, both for the
conditional mean and the conditional variance, as well as a number of tests and forecast

possibilities.
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Chapter 4. Market Data Analysis & Results

4.1 JSE Data Used in The Thesis

Monthly price values of 15 stocks listed on the Johannesburg Stock Exchange (JSE) are used
for the empirical tests. The data represents monthly prices from January 1991 to February 2008.
Estimation for two different periods is conducted, that is for a longer period; January 1991 to
February 2008 and for a shorter time period; January 1991 to February 2003 to ensure consistency
and reliability of results obtained. Results for the longer period; January 1991 to February 2008 are
presented in this chapter whereas results for the shorter period; January 1991 to February 2003 are
presented in Appendix C for purposes of comparison. The decision to use monthly price values
was influenced by the fact that portfohio selection and adjustments of portfolios for risk by fund
managers is not conducted on a daily basis as this would incur absurd transaction costs. Hence, the
researcher assumes that on average the fund manager significantly adjusts their portfolio based on

monthly changes in volatility.

The Cluster sampling technique is used to pick the fifteen JSE stocks. The JSE stocks are
clustered into their respective sectors with reference to the different sectors of the South African
economy. Fifteen return series from the JSE namely Tongaat Hulett, KWV Beleggings, Nuworld,
Tiger Brands, Impala Platinum, Barloworld, Omnia, Sable, Liberty Group, Hudaco, SABmiller,
Anglo-American, Rainbow Chicken, FirstRand and SASOL were selected by the researcher to

illustrate the modelling and estimation of volatility of stock returns using GARCH models.

4.2 Pre-estimation

All the 15 data serics for the period January 1991 — February 2008 constitute of 206 data
points. each data point representing the monthly price of the given stock. For purposes of
estimation and validation of the models, data points Jan 1991-February 2006 are used for

estimation and data points March 2006-February 2008 are used for validation purposes.
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4.2.1 Plots for the Return Series

To summarize the statistical properties of prices and returns, firstly visual inspection is done
afier gpraphing the prices {levels) and the returns senies, Graphical plots o the price series as well
as other specific relurn series plots alse give a visual on the behaviour ol the specihied data over
the chosen period. Fignre 4.2.0 mives the price plots, pooand Fig 4.2.2 pives the return plots # for
the 15 ISE stocks. The figures show the long min movement of monthly pand r, over the past 18
years, The price series for all the four series p, show an upward trend, Below in Fig. 4.2} are the

price serics [or each ol the 15 stocks:

Fig 4.2.1 Manthly Price Plots for the 15 JSE Stocks
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slocks # . One observes thal the relurn series » 15 stable around the mean. Below in Fig. 4.2.2 are

plots of the return sertes for each of the 15 stocks, Tangaat Hulett, KWWY Gelegeings, Nuworld.

Tiger Brands, Impala Platioum, Barleworld, Ompia, Sable, Liberty Group, Hudaco, SABmiller, Anglo-

However, taking log differences of the price changes pives us the return series [or each of the

Construction

Amenican. Rainbow Chicken, FirstRapd and SASOL. respeciively.
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Fiy 4.2.2 Monthly Log-Returny for the 15 JSE Stecks
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inovation process and firther (o this the data exhibits trends which mdicate the presence of
autocorrclation, The data exhibiis long range dependence as past observations appear to have a
persistenl unpact on future realizations. Graphcal presentation of the autocormelaton ol the
sguarcd residuals s presented m Fig 4.2.5 below providing further support 10 the notion as we

abserve that there 15 o igh persistence in the sceond moment for al feast 10 lags.

Fig 4.2.3 Sqirared Returns of the 15 JSE Stocks
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4.2.2  Moments of the Return Series

Following this, the celevant desceriptive stacistics For the retums are computed including the Jargue

- Bera test statistic. A theorctical iroduction 1o these measures was civen m Section 3,24, These



Modelling of Volatility of Stock Prices Using Garch Models & its importance in Portfolio 472
Construction

moments are presented in the Tuble 4.2.] below. The deseriptive statistics shown in the table
below give us a general picture of what the distribution of the raw return series is like. The
moments namely, the mean, standard deviation, skewness and kurtosis enable us to describe the

probability distribution of the financial return series.

Table 4.2.1 Descriptive Statistics and Jarque-Bera test statistic

Mean Median Max. Min. Std.Dev. Skewness Kurtosis Jarque-Bera Probability
Hulett 0.010589 0.016024 0.340366 -0.32952 0.091837  -0.280519  4.108069 13.11194 0.001422
KWV 0.013613  0.005333 0.339868 -0.31845 0.085395  -0.113248  5.317026 46.06924 0.000000
Nuworld 0.020845  0.003391 0.592051 -0.38137 0.127893 0.241294 5787984 68.04884 0.000000
Tiger Brands 0.009642  0.011679 0.237515 -0.26897 0.075442  -0.198536  3.698286 5.484785 0.064416
L EIERYELLUTONE 0.019717  0.01655  0.321981 -0.38705  0.122354 -0.004446 3.38024 1.229626 0.540742
Barloworld 0.011227  0.011103  0.218200 -0.30169  0.088095  -0.312981 3.623911 6.639305 0.03616>
Omnia 0.015971  0.012528 0.584934 -0.33647 0.107687 0.453834 7.038269 145.6175 0.000000
Sable 0.008406  0.000000 0.526093 -0.69315 0.143468  -0.906664 9.17062 351.6000 0.000000
Liberty 0.008236  0.009215 0.192849 -0.39246 0.077683  -0.781494 6.12463 103.7531 0.000000
Hudaco 0.009397 0.000000 0.244197 -0.33647 0.091217  -0.244466  4.683426 26.12031 0.000002
SABmiller 0.010302  0.016324 .256361 -0.29199 0.072901 -0.337493 498118 37.23577 0.000000
VLGN TSVl 0.014175  0.017681  0.384624 -0.30714  0.09473 0.059879 5.066306 36.41367 0.000000
RETLILAS TN 0.000994  0.000000 0.622530 -0.78412 0.1535213  -0.612481 7.279176 168.4010 0.000000
FirstRand 0.021419  0.02060 0.280302 -0.43415 0.083485  -0.541246  7.016222  147.0655  0.000000
SASOL 0.015679  0.01261  0.350052 -0.24467 0.098305 0.057985 3.506917 2.298521 0.316871

The sample moments for most the 15 stocks indicate that the empirical distributions have
heavy tails and sharp peaks at the center compared to the normal distribution, with the exception of
Tiger Brands, Impala Platinum and SASOL which according to the Jarque-Bera test are normally
distributed. At the 5% level, the p-value for the Jarque — Bera test is 0.05 and anything less than
this p-value indicates a leptokurtic distribution. Notably the kurtosis is considerably larger than
three for all the stocks, which is the expected kurtosis 1t the return series was drawn from a normal
distribution. save that of Tiger Brands, Impala Platinum and SASOL. Financial markets have been
observed to exhibit this phenomenon and hence, several leptokurtic distributions have therefore
been proposed as more descriptive models than the normal. a leading example being the student’s

t-distribution.
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4.2.3  Hypothesis Tests

Before any probability distribution model is fitted to data, the underlying assumptions of the
model] have to be verified empirically. Most importantly one has to determine that the data being
modelled is stationary to ensure that no problems with spurious regression will be experienced. To
test for whether the data is stationary one has to conduct the unit root test. Furthermore, almost all
of the popular models of stock returns require that returns be independent random variables, and

many also require that they be identically distributed i.e. iid .

Unit Root test

Since non- stationarity can be a possible source of nonlinearity in stock returns, we compute
the Augmented Dickey Fuller (ADF) test to draw conclusions about the stationarity of the returns.
The unit root test is conducted with both trend and intercept where the null hypothesis is that there
1s a unit root. The results of the ADF test strongly reject the null hypothesis in each of the 15
stocks. It 1s conclusively observed that all the return series for all the 15 stocks in Tuble 4.2.2

below, do not have a unit root either at the 5% level indicating that the data is stationary.

Table 4.2.2 Unit Root Test for the 15 JSE Stocks

Augmented Dickey Fuller test
ADF t-statistic Critical t-statistic at 5% level

Hulett -12.74392 -3.432115
KwWV -14.10554 -3.432115
Nuworld -13.21427 -3.432115
Tiger Brands -14.70943 -3.432115
Impala Platinum -15.56041 -3.432115
Barloworld -13.74583 -3.432115
Omnia -13.00320 -3.432115
Sable -15.62101 -3.432115
Liberty -14.18154 -3.432115
Hudaco -11.80965 -3.432115
SABmiller -14.17150 -3.432115
Anglo-American -14.88369 -3.432115
Rainbow Chicken -14.27378 -3.432115
FirstRand -10.70807 -3.432115
SASOL -15.62873 -3.432115
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Autocorrelation Tests

Plots of the autocorrelation correlograms are shown below starting of with plats for the relum
series of each of the 15 stocks. It can be noted generaily that the ACF plots [or the retum sencs
show no significant autocorrelstion. The spikes at each lag clearly iie within the bounds on the

awtocorrelation plots [or the return series shown below m Fre 4.2.4,

Fig 4.2.4 Autocorrelation Plots for the Return Series of the 15 JSE Stacks
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However, the autocorrelation plots for the squared return series of each of the 15 slocks in Fig
4.2.5 below show significant autocorrelation. This indicates heteroscedasticity, which in other
words can be described as the variance of the crrors not being constant but varymg with time
hence the need to implement GARCH modelling.

Fig4.2.5 Aurocorrelution plots for the Squared Return series of the 15 JSE Stocks
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For a true while noisc process, the ACF of the empirical residuals £,.7=1.2,... and the ACF

of the squared empirical residuals should both be zero; if there are moving average components
left in the data, the first would sigmfcantly different from zero whereas in the presence of
GARCH cffeets, the latter would be significant. Visual inspections of the autocorrelation plots for
the squarcd returns support the notion of heterescedastieity as they show the presence of GARCH
effects whereas the ACF plots for the empirical residuals are not significantly different from zero.

The Ljung-Box tests for the empiricul residuals of the return series as well as the empirical
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residuals of the squared returns further confirm the results observed in the plots in Fig 4.2.4 and

Fig 4.2.5. The test statistic is calculated for up to 20 lags as reported in Tables 4.2.3 and 4.2.4.

Table 4.2.3 Ljung-Box Q test for the Return Series of each of the 15 JSE Stocks

j 0(20) Critical

. O(10) Critical Value=18.3070 | Q(15) Critical Value=24.9958 Value=31.4104

p-value Stat p-value Stat p-value Stat
Hulett 0.8481 5.5948 0.8640 9.2524 0.4962 19.3963
Kwy 0.5407 8.9092 0.8607 9.3108 (0.6495 17.0528
Nuworld 0.1876 13.6902 0.2970 17.3733 0.1157 27.7418
Tiger Brands 0.8003 6.1755 0.6738 12.0690 0.8509 13.5848
Impala Platinum 0.8001 6.1781 0.7468 11.0886 0.8081 14,4284
Barloworld 0.9314 4.3266 0.9920 5.0133 0.9932 7.7877
Omnia 0.2485 12.5738 0.6179 12.7974 0.8777 12.992
Sable 0.3649 10.9065 0.4777 14.6397 0.6109 17.6434
Liberty 0.4949 9.3970 0.5641 13.49352 0.5737 18.2706
Hudaco 0.2093 13.2633 0.4275 153364 0.2547 23.7232
SABmiller 0.6292 7.9967 0.8572 9.3728 0.8418 13.7339
Anglo-American 0.6393 7.8925 0.7469 11.0803 0.8347 13.9172
Rainbow Chicken 0.8234 5.9018 0.4166 15.4919 0.0678 30.1303
FirstRand 0.1498 14.5393 0.3688 16.2016 0.3446 21.9244
SASOL 0.5454 8.8608 0.1290 21.2504 0.2486 23.8592

Table 4.2.4 Ljung-Box Q test for Squared returns of the 15 JSE Stocks

Q(10) Critical Value=18.3070 Q(15) Critical Value=24.9958  (Q(20) Critical Value=31.4104

p-value Stat p-value Stat p-value Stat
Hulett 0.0004 31.9057 0.0000 47.2829 0.0000 59.3611
KWV 0.0053 25.0222 0.0319 266314 0.1031 28.2741
Nuworld 0.1145 15,5120 0.0750 23.4497 0.1575 26.2574
Tiger Brands 0.0003 31.3488 0.0020 356719 0.0103 37.4475
Impala Platinum 0.0442 18.7035 0.0438 234878 0.0035 41.2475
Barloworld 0.0000 759418 0.0000 87.8773 0.0000 90.6816
Omnia 0.0129 22,4568 0.0306 26.7807 0.1041 28.2267
Sable 0.0000 45.6623 0.0000 47.6364 0.0002 50.293
Liberty 0.0022 27.4417 0.0049 32.854 0.0190 32.2154
Hudaco 0.0019 27.8979 0.0089 30.9483 0.0293 33.5531
SABmiller 0.0056 24,8531 0.0372 26.0787 0.0242 34.2943
Anglo-American 0.0150 22.0135 0.0403 23.7739 0.0411 32.2083
Rainbow Chicken 0.0000 83.8200 0.0000 86.2672 0.0000 98.8399
FirstRand 0.0084 23.7300 0.0508 24,938 0.0403 32.2729
SASOL
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Even though the empirical residuals of the returns of the stocks seem to be weakly correlated
and not significantly different from zero over time as shown in Tuble 4.2.3, the Ljung-Box
statistics for up to the 20" lag of the empirical residuals of the squared returns are highly
significant as shown in Table 4.2.4 suggesting the presence of strong non-linear dependence. The
null hypothesis of strict white noise is rejected in all cases, for the squared returns. The conclusion
must be that monthly return series are not independently distributed but show dependence in the

squared residuals supporting the notion of GARCH effects being present in stock return data.

ARCH Test

Engle’s Lagrange Multiplier (LM) test is conducted to formally test for the presence of
conditional heteroscedasticity and the presence of ARCH effects. The null hypothesis A, 1s that
no ARCH effect exists. Evidently if p-values are < 0.2 we reject the hypothesis. The LM test is
conducted for 10 lags, 15 lags as well as 20 lags. The results in Table 4.2.5 below suggests that all
the 15 stock returns exhibit ARCH effects as the null hypothesis of no ARCH is rejected for at

least two particular lags.

Table 4.2.5 ARCH test for the Return Series of the 15 JSE Stocks

‘5 ARCH 1-10 test ARCH 1-15 test ARCH 1-20 test
Prob. F(10,183) Prob. F(15.173) Prob. F(20,163)
Hulett 0.009307 2.435368 0.000259 3.011566 0.000241 2.738907
KWV 0.000003 4.902678 0.000115 3.197587 0.000134 2.852285
Nuworld 0.220232 1.324277 0.178226 1.343646 0.068634 1.539538
Tiger Brands 0.00069 3.251592 0.004585 2.335594 0.035029 1.717837
Impala Platinum 0.093427 1.658956 0.044708 1.755167 0.016912 1.879974
Barloworld 0.000001 5.351751 0.000001 4.219717 0.000004 3.517913
Omnia 0.041469 1.947559 0.118747 1.475782 (.297849 1.157572
Sable 0.000481 3.361324 0.00538 2.2967 0.037945 1.699513
Liberty 0.018693 2215562 0.081379 1387443 (0.236242 1.229657
Hudaco 0.000936 3.158765 0.002274 2.304091 0.010276 1.986957
SABmiller 0.027666 2.085149 0.144619 1.41515 0.068149 1.5612064
Anglo-American 0.024392 2.127318 0.116039 1.482762 0.093364 1.483299
REHLI e 0.000000 7.474416 0.000000 4.973332 0.00000 4.682177
FirstRand 0.011282 2.38025 0.059897 1.674473 0.07678 1.532079

SASOL 0.000665 3.262911 0.001828 2.555982 0.003624 2.203367
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Therefore having established: that the data is stationary, presence of autocorrelation in the
squared returns and the presence of heteroscedasticity through the ARCH test one can go on to
model the volatility of the data. Such behavior can be captured by incorporating GARCH
structures in the model, allowing conditional heteroscedasticity by conditioning the volatility of

the process on past information.

4.3 Estimation

This section focuses on estimating model parameters and examining the estimated GARCH
model. The presence of heteroscedasticity, shown in the previous analysis, indicates that GARCH
modeling is appropriate. In order to evaluate in-sample and out-of-sample results, the data sample
is divided in two parts. One part 1s used for the in-sample models” estimation: the other part is for
the models™ performance out-of-sample evaluation. As stated earlier we consider data points Jan.
1991 — Feb. 2006 to estimate the models for the 15 stocks. For the out-of-sample analysis we use

the remaining observations from March 2006 — February 2008.

4.3.1  Determining the Best GARCH model from symmetric GARCH,
TARCH, EGARCH and PARCH.

To determine the best model we compare all four models, namely the symmetric GARCH,

TARCH, EGARCH and PARCH with the ARMA p and ¢ orders being equal, that 1s p=1
and ¢ =1, using the same crror distribution i.c. the normal distribution. To compare unconditional

and conditional in-sample fitted models, we employ three likelihood based goodness-of-fit criteria.
The first is the maximum log-likelihood value obtained from ML estimation. This value allows us
to judge which model is more likely to have generated the data. The second is the Akaike
information criteria (AIC) and the third is the Schwarz Bayesian Criterion. The distribution with a
lower value for these mmformation criteria is judged to be preferable. Based on the estimation
performance measures such as the R”, AIC and SIC together with the forecasting performance
measures such as the MAPE, MSE, MAE, etc we determine the best model. Below, the
performance measures for the 4 different models for each of the 15 stocks are presented in tabular

form (Tuble 4.3.1 — 4.3.15). The superior performance measures are highlighted in bold.
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Table 4.3.1 GARCH model selection for Tongaat Hulett

Hulett GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 186.4823 186.6122 186.3834 187.4897
AlC -2.203486 -2.192743 -2.189919 -2.181231

SIC -2.051012 -2.02121 -2.018386 -2.000638

Adj. R"2 0.275383 0.270639 0.273377 0.262617
MSE 0.076789 0.076639 0.076667 0.076605
MAE 0.062974 0.062987 0.062974 0.062742
MAPE 174.6769 173.9575 172.9172 174.3674
TiC 0.646027 0.646352 0.649746 0.644939

Table 4.3.2 GARCH model selection for KWV Beleggings

KWV Beleggings GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 173.5348 176.1268 177.7016 176.366
AlC -2.233797 -2.255024 -2.276021 -2.24488

SiC -2.113372 -2.114528 -2.135525 -2.084313

Adj. R*2 0.186176 0.181204 0.180908 0.175787
MSE 0.055953 0.055711 0.055432 0.055672
MAE 0.041661 0.041871 0.041912 0.041734
MAPE 243.8976 2145748 212.431 221.9693

TIC 0.535014 0.556494 0.555086 0.551118

Table 4.3.3 GARCH model selection for Nuworld

Nuworld GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 119.0266 123.4867 1251231 112.071
AlC -1.387832 -1.431084 -1.451539 -1.275887
SiC -1.234074 -1.258106 -1.278561 -1.083689
Adj. RA2 0.102346 0.110213 0.111383 0.109249
MSE 0.083721 0.079828 0.077597 0.07439
MAE 0.070211 0.066397 0.06448 0.06069
MAPE 1390.841 1345.147 1202.75 1072.47
TiC 0.697038 0.694928 0.692158 0.711684
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Table 4.3.4 GARCH model selection for Tiger Brands

Tiger Brands GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 181.791 186.4864 184.844 -
AlC -2.378108 -2.428386 -2.40604 -

SiC -2.235707 -2.265642 -2.243296 -

Adj. R*2 0.091286 0.081097 0.074448 -
MSE 0.056131 0.057185 0.060255 -
MAE 0.049204 0.046858 0.04617 -
MAPE 107.4075 99.21949 117.0701 -
Tic 0.661438 0.69014 0.672092 -

Table 4.3.5 GARCH model selection for Impala Platinum

Impala Platinum GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 117.5419 117.6784 116.6806 120.2007
AIC -1.460558 -1.449045 -1.435741 -1.469343
sic -1.299991 -1.268407 -1.255103 -1.268634
Adj. R*2 0.186374 0.180511 0.180176 0.170957
MSE 0.084762 0.084192 0.081938 0.086679
MAE 0.068767 0.068018 0.066254 0.070062
319.9657 315.9537 302.3008 332.1272
0.687167 0.691557 0.683503 0.697032

Table 4.3.6 GARCH model selection for Barloworld

Barloworld GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 180.3548 183.2348 179.0855 180.0279
AlC -2.298065 -2.323131 -2.267807 -2.267038

SiC -2.137497 -2.142493 -2.087169 -2.066329

Adj. R*2 0.310041 0.298441 0.304703 0.299267
MSE 0.082139 0.08199 0.082741 0.082274
MAE 0.070169 0.070615 0.07148 0.070912
MAPE 167.4161 197.9977 198.9947 196.683
TIiC 0.624538 0.602839 0.606193 0.605212
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Table 4.3.7 GARCH model selection for Omnia

Omnia GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 157.2999 160.0237 158.5031 161.8241

AlC -1.709603 -1.729082 -1.7119 -1.738125

SIC -1.601937 -1.603471 -1.586289 -1.58457

Adj. R*2 0.0543 0.047731 0.048859 0.040383
MSE 0.067388 0.067578 0.067344 0.06788
MAE 0.051026 0.051023 0.050893 0.05113
MAPE 176.7087 173.8494 170.5058 175.9197
TIC 0.687301 0.689786 0.695119 0.686158

Table 4.3.8 GARCH model selection for Sable

Sable GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 115.7609 116.3899 115.5861 116.8807
AIC -1.359512 -1.313817 -1.304074 -1.307645

SiC -1.224973 -1.163225 -1.153483 -1.13823

Adj. RA2 0.011975 -0.007188 0.003805 -0.021255
MSE 0.08261 0.084712 0.084386 0.083344
MAE 0.055158 0.057037 0.057939 0.056407
MAPE 47.40151 55.12572 58.95444 52.83875
0.729479 0.738111 0.71771 0.721358

Table 4.3.9 GARCH model selection for Liberty Group

Liberty Group GARCH(1,1) TARCH(1,1) EGARCH(1.1) PARCH (1,1)

Log Likelihood 231.0262 2321254 231.5168 232.8757
AlIC -2.514259 -2.515368 -2.508568 -2.512577

Sic -2.40742 -2.390721 -2.383922 -2.370124

Adj. RA2 0.168189 0.165141 0.164954 0.159941
MSE 0.059185 0.058552 0.058781 0.058641
MAE 0.045196 0.045036 0.045063 0.045092
MAPE 148.2132 148.0383 147.0674 149.4846
TIC 0.603428 0.5977 0.601059 0.596344
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Table 4.3.10 GARCH model selection for Hudaco

Hudaco GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 168.3663 171.7468 173.4796 172.8403

AlC -2.122435 -2.153552 -2.176204 -2.154775

SIC -2.003595 -2.014905 -2.037556 -1.996321

Adj. R*2 0.204572 0.19749 0.194831 0.191023
MSE 0.071445 0.072305 0.072787 0.072439
MAE 0.056784 0.057319 0.0573 0.057181
MAPE 147.0846 143.7733 138.6511 140.679
TIC 0.562158 0.579617 0.595778 0.587436

Table 4.3.11 GARCH model selection for SABmiller

SABmiller GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 196.8159 197.2979 193.7356 198.7953
AlC -2.514117 -2.507257 -2.460075 -2.513844

SIC -2.374244 -2.347402 -2.300219 -2.334007

Adj. R*2 0.188112 0.182934 0.181701 0.175809
MSE 0.049914 0.0498812 0.04946 0.050153
MAE 0.03608 0.035892 0.034926 0.036405
MAPE 233.0444 226.2287 197.3068 234.4957
TIC 0.569769 0.57109 0.582361 0.565003

Table 4.3.12 GARCH model selection for Anglo-American

Anglo-American GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 163.7573 158.0448 154.4932 155.7173
AlC -1.996697 -2.041426 -1.993105 -1.996154

SIC -1.854296 -1.878681 -1.83036 -1.813066

Adj. R*2 0.272451 0.24554 0.266302 0.257628
MSE 0.068871 0.0658 0.069292 0.068664
MAE 0.056972 0.053633 0.05774 0.056971
218.3718 189.117 227.017 213.8075
0.643799 0.657728 0.636161 0.645939
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Table 4.3.13 GARCH model selection for Rainbow Chicken

Rainbow Chicken GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 87.08226 102.8859 101.5179 94.61627
AlC -0.994874 -1.176514 -1.169729 -1.062776

SIC -0.880994 -1.043654 -1.026868 -0.910936

Adj. RA2 0.11202 0.080623 0.085414 0.10313
MSE 0.101059 0.099602 0.100237 0.102847
MAE 0.077495 0.076215 0.076919 0.079123
MAPE 197.8877 150.3432 158.6468 192.7316
TIC 0.767798 0.838786 0.823289 0.784976

Table 4.3.14 GARCH model selection for FirstRand

FirstRand GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 195.8775 195.9774 195.8329 195.0801
AlC -2.556157 -2.54391 -2.541944 -2.518097

SiC -2.393412 -2.360822 -2.358857 -2.314666

Adj. R"2 0.380308 0.371931 0.379725 0.367906
MSE 0.051647 0.054092 0.052906 0.054486
MAE 0.039889 0.041792 0.040996 0.041927
MAPE 389.4368 405.276 410.0387 399.1397

TIC 0.476635 0.473483 0.466436 0.478357

Table 4.3.15 GARCH model selection for SASOL

SASOL GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)

Log Likelihood 160.7161 162.9382 160.8786

AiC -1.851104 -1.865918 -1.840953

SiC -1.700512 -1.696503 -1.671537

Adj. R*2 0.130354 0.112221 0.122593
MSE 0.077065 0.074613 0.076296
MAE 0.053648 0.052702 0.053582
MAPE 142.8048 129.8759 128.316
TIC 0.721494 0.746571 0.741512
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Above in Tables 4.3.1 - 4.3.15 the Log-likelihood together with Akaike's information
criterion (AIC) as well as the Schwarz Criterion for p=¢=1 are presented. Four different forecast
measures are also presented to determine which model performs best on out-of-sample data. It is
observed that 6 out of the 15 stocks, namely KWV Beleggings, Tiger Brands, Barloworld, Sable,
Hudaco and FirstRand are best modelled by the symmetric GARCH; 4 stocks namely Liberty
Group, Anglo-American, Rainbow Chicken and SASOL by the TARCH model; 3 namely Impala
Platinum, Omnia and SABmiller by the EGARCH model and the remaining 2 namely Tongaat
Hulett and Nuworld by the PARCH model. Evidently, from these results the superior model for
modelling volatility of the stock returns from the selected sample, amongst the chosen GARCH
models, is the symmetric GARCH model as it best models the volatility of the most stocks in the

sample.

4.3.2  Determining Best Lag Structure for the Symmetric GARCH model

Having determined that the symmetric GARCH model best describes most of the stocks in the
sample’s return volatility we discard of the 3 other GARCH models and further investigate the
best lag structure for the standard GARCH model. The best lag structure can be obtained by

altering the ARMA pand ¢ orders of the symmetric GARCH (p,¢). Hence we investigate the

symmetric GARCH under different lag structures namely the GARCH (1,1), GARCH (1,2),
GARCH (2,1) and GARCH (2,2) for each of the 15 stocks. Based on the forecasting ability of each
of these 4 lag structures, we determine the best lag structure for our modelling purposes. Below are
the performance measures for the 15 different stocks based on forecasting ability for each of the 15

stocks presented in tabular form (Table 4.3.16 ~ 4.3.30).
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Table 4.3.16 Symmetric GARCH model selection for Tongaat Hulett

Hulett GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 186.4823 186.7646 186.5187 186.7657
AIC -2.203486 -2.194625 -2.191588 -2.182293

SiC -2.051012 -2.023092 -2.020065 -1.9917

Adj. R*2 0.275383 0.267413 0.270157 0.26272
MSE 0.076789 0.076678 0.076774 0.07668
MAE 0.062974 0.062921 0.062957 0.062925
MAPE 174.6769 174.81 174.4967 174.8182
TIC 0.646027 0.643981 0.646144 0.64401

Table 4.3.17 Symmetric GARCH model selection for KWV Beleggings

KWV Beleggings GARCH(1,1) GARCH(1.,2) GARCH(2.1) GARCH (2,2)

Log Likelihood 173.5348 175.1661 173.5487 175.22714
AlC -2.233797 -2.242215 -2.22065 -2.229695

SiC -2.113372 -2.101719 -2.080154 -2.069128

Adj. RA2 0.186176 0.181136 0.180671 0.175386
MSE 0.055953 0.055634 0.05594 0.055612

MAE 0.041661 0.041661 0.041663 0.041586
MAPE 243.8976 231.7571 243.2467 229.6805
TIC 0.535014 0.543877 0.535262 0.545571

Table 4.3.18 Symmetric GARCH model selection for Nuworld

Nuworid GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2.2)

Log Likelihood 119.0266 119.1581 119.656 120.2471
AlC -1.387832 -1.376976 -1.3832 -1.378088

SIC -1.234074 -1.203997 -1.210222 -1.18589

Adj. R*2 0.102346 0.095718 0.094288 0.087856
MSE 0.083721 0.083493 0.082641 0.082669
MAE 0.070211 0.070048 0.069368 0.069368
MAPE 1390.841 1373.532 1307.044 1295.069

TIC 0.697038 0.69675 0.696596 0.697168
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Table 4.3.19 Symmetric GARCH miodel selection for Tiger Brands

Tiger Brands GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 181.791 181.9461 181.7911 182.8576
AlC -2.378108 -2.366614 -2.364505 -2.365409

SIC -2.235707 -2.203869 -2.20176 -2.182322

Adj. R*2 0.091286 0.085086 0.084759 0.078236
MSE 0.056131 0.06017 0.060258 0.060376
MAE 0.049204 0.049125 0.049206 0.049402
MAPE 107.4075 107.8504 107.3863 110.3851
TiC 0.661438 0.661787 0.661467 0.663276

Table 4.3.20 Symmetric GARCH model selection for Impala Platinum

Impala Platinum GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 117.5419 121.1679 120.7547 121.3583
AIC -1.460558 -1.495572 -1.490063 -1.484778

SIC -1.299991 -1.314934 -1.309425 -1.284069

Adj. RA2 0.186374 0.154842 0.17794 0.169909
MSE 0.084762 0.077547 0.087407 0.088524
MAE 0.068767 0.063178 0.070949 0.071607
MAPE 319.9657 266.5945 336.6269 339.5463

TIC 0.687167 0.675795 0.691885 0.696677

Table 4.3.21 Symmetric GARCH niodel selection for Barloworld

Barloworld GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 180.3548 182.4066 181.8849 182.8621
AlC -2.298065 -2.312088 -2.305131 -2.304828

SIC -2.137497 -2.13145 -2.124493 -2.104119

Adj. R*2 0.310041 0.305864 0.304998 0.299453
MSE 0.082139 0.082345 0.082443 0.082457
MAE 0.070169 0.070591 0.070756 0.070716
MAPE 167.4161 185.2082 182.2717 186.9408
TIC 0.624538 0.629506 0.614549 0.621495
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Table 4.3.22 Synmetric GARCH model selection for Omnia

Omnia GARCH(1,1) GARCH(1,2) GARCH(2.1) GARCH (2,2)

Log Likelihood 157.2999 158.3245 157.8139 158.4961

AlC -1.709603 -1.709882 -1.704112 -1.700521

SIC -1.601937 -1.584271 -1.578502 -1.556966

Adj. R*2 0.0543 0.047184 0.048056 0.041837

MSE 0.067388 0.067477 0.067391 0.067502
MAE 0.051026 0.051298 0.051108 0.0513

MAPE 176.7087 181.4447 178.5878 181.8815

TIC 0.687301 0.681492 0.68496 0.680983

Table 4.3.23 Symmetric GARCH model selection for Sable

Sable GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 115.7609 120.7505 116.1256 118.8095
AIC -1.359512 -1.409382 -1.35157 -1.372619

SiC -1.224973 -1.255623 -1.197812 -1.19964

Adj. RA2 0.011975 0.006549 0.014642 0.008835
MSE 0.08261 0.082511 0.082662 0.082748
MAE 0.055723 0.055158 0.056394 0.056612
MAPE 47.40151 47.37679 52.26628 49.40442
0.729479 0.716693 0.716592 0.712242

Table 4.3.24 Symmetric GARCH model selection for Liberty Group

Liberty Group GARCH(1.1) GARCH(1,2) GARCH(2.1) GARCH (2.2)

Log Likelihood 231.0262 231.0584 231.1188 231.1188
AlC -2.514259 -2.503446 -2.50412 -2.492947

SIC -2.40742 -2.3788 -2.379474 -2.350494

Adj. RA2 0.168189 0.163247 0.162604 0.157832
MSE 0.059185 0.059191 0.059194 0.059195
MAE 0.045196 0.045185 0.045129 0.045138
MAPE 148.2132 147.6008 145.2358 145.5833
TIC 0.603428 0.604522 0.608307 0.607796
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Table 4.3.25 Symmetric GARCH model selection for Hudaco

Hudaco GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 168.3663 172.7982 168.9899 171.2569
AlC -2.122435 -2.167297 -2.117515 -2.134077

SiC -2.003595 -2.02865 -1.978868 -1.975623

Adj. R*2 0.204572 0.19831 0.193676 0.177389
MSE 0.071445 0.071482 0.072347 0.073051
MAE 0.056784 0.056686 0.056854 0.056616
MAPE 147.0846 146.2782 141.4673 137.1637
TIC 0.562158 0.564104 0.584598 0.600153

Table 4.3.26 Symmetric GARCH model selection for SABniiller

SABmiller GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 196.8159 197.5852 196.8363 197.5939
AIC -2.514117 -2.511062 -2.501144 -2.497932

SiC -2.374244 -2.351206 -2.341288 -2.318095

Adj. RA2 0.188112 0.180814 0.182438 0.174963
MSE 0.049914 0.050085 0.049916 0.050104
MAE 0.03608 0.036274 0.0361 0.036277
MAPE 233.0444 237.7858 233.6912 237.6286

TIC 0.563769 0.568039 0.56967 0.567798

Table 4.3.27 Symmetric GARCH model selection for Anglo-American

Anglo-American GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 153.7573 156.0152 153.9278 156.2903
AlC -1.996697 -2.013813 -1.985412 -2.003949

SIC -1.854296 -1.851068 -1.822667 -1.820861

Adj. R*2 0.272451 0.263012 0.266474 0.256805
MSE 0.068871 0.068919 0.069221 0.069496
MAE 0.056972 0.058275 0.057216 0.057896
MAPE 218.3718 231.185 218.7322 230.3692
TiC 0.643799 0.634802 0.646262 0.632384
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Table 4.3.28 Symmetric GARCH model selection for Rainbow Chicken

Rainbow Chicken GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 87.08226 87.33721 87.28852 87.45064

AlC -0.994874 -0.985733 -0.985135 -0.974855

SiC -0.880994 -0.852872 -0.852275 -0.823014

Adj. R*2 0.11202 0.103912 0.103821 0.096039
MSE 0.101059 0.100359 0.100342 0.099857
MAE 0.077495 0.0769 0.076888 0.076468
MAPE 197.8877 194.8325 194.7103 192.3053
TIC 0.767798 0.767643 0.767682 0.767841

Table 4.3.29 Symmetric GARCH model selection for FirstRand

FirstRand GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 195.8775 196.1425 198.7265 196.3976
AlC -2.556157 -2.546157 -2.581312 -2.536022

Sic -2.393412 -2.363069 -2.398225 -2.332591

Adj. R*2 0.380308 0.376909 0.378179 0.372242
MSE 0.051647 0.052091 0.052724 0.053418
MAE 0.039889 0.040265 0.040498 0.041444
MAPE 389.0851 396.3654 390.513 389.4368

Tic 0.476635 0.475205 0.475454 0.470321

Table 4.3.30 Symmetric GARCH model selection for SASOL

SASOL GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 160.7161 160.7326 159.7898 160.7453
AlC -1.851104 -1.839183 -1.827756 -1.827216

SiC -1.700512 -1.669768 -1.65834 -1.638977

Adj. RA2 0.130354 0.124872 0.118371 0.119174
MSE 0.077065 0.07701 0.078239 0.077005
MAE 0.053648 0.053719 0.055258 0.053683
MAPE 142.8048 142.5458 155.6793 142.5626
TIC 0.721494 0.722276 0.700523 0.722215
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Although the GARCH (1,2) model provided better estimation for 3 of the stocks namely,
Tongaat Hulett and Impala Platinum, Sable; whilst the GARCH (2,1)model best described 1 stock,
Nuworld and the GARCH (2,2) model also provided better estimation for 1 stock, Rainbow
Chicken, the results obtained were consistent with what is commonly observed in modelling
volatility of financial data and that is the fact that the GARCH (1,1) specification is adequate to
capture the correlation in the squared returns of the stocks. In the selected sample of JSE listed
stocks used for this research, the GARCH (1,1) model best models 10 out of the 15 stocks,
namely, KWV Beleggings, Tiger Brands, Barloworld. Omnia, Liberty Group. Hudaco, SABmiller,
Anglo-American, FirstRand and SASOL.

4.3.3  Determining Best Distribution for Modelling with GARCH (1,1)

Further to the findings above we would also like to determine if modelling the volatility of the
stock returns using other error distributions which are fat-tailed, instead of the standard normal
distribution, such as the student’s r-distribution and the generalized error distribution (GED) would
improve the model. The real difficulty when looking at financial data is that we do not know what
the exact distribution of the underlying population is. The normal distribution is sometimes
adequate, but can also miss important features. To evaluate whether modelling the volatility of the
stock prices with distributions other than the normal distribution will improve the model, we use
two other distributions namelv the student’s f-distribution and the generalized Error distribution
(GED) on each of the 15 stocks. If indeed there is an improvement in the forecasting ability of the
model then we can conclude for the purposes of this research that the specific error distribution is

superior to the normal distribution in modelling the volatility of the selected sample of JSE stocks.

As we are testing non-Gaussian distributions for the underlying process of returns, we apply
out-of-sample analysis in density forecasts. Thus, rather predicting first and second moments as is
common in the GARCH literature. we focus on density predictions and the overall density
forecasting performance of competing models can be compared by evaluating their conditional
densities at the future observed values. We tabulate the results of the investigation in Tables 4.3.31
- 4.3.45 below and using the same forecasting performance measures as before we select the best

distribution to model the volatility of the stock returns.
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Table 4.3.31 Error Distribution selection for Tongaat Hulett

Tongaat Hulett Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 186.4823 186.593 186.6018
AlC -2.203486 -2.192506 -2.192615

SIiC -2.051012 -2.020973 -2.021082

Adj. R*2 0.275383 0.269012 0.272068
MSE 0.076789 0.076923 0.076704
MAE 0.062974 0.062998 0.062904
MAPE 174.6769 176.2102 173.3607
TIC 0.646027 0.643183 0.648625

Table 4.3.32 Error Distribution selection for KWV Beleggings

KWV Beleggings Normal Distribution  Student’s t-distribution Generalized Error Distribution (GED)

Log Likelihood 173.5348 173.5344 173.5528
AlC -2.233797 -2.220459 -2.220704

SiC -2.113372 -2.079962 -2.080208

Adj. R*2 0.186176 0.180485 0.179899
MSE 0.055953 0.055955 0.056044
MAE 0.041661 0.041668 0.041688
MAPE 243.8976 243.8918 247.5773

TIC 0.535014 0.535018 0.532632

Table 4.3.33 Error Distribution selection for Nuworld

Nuworld Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 119.0266 121.0732 121.9584
AIC -1.387832 -1.400915 -1.41198

SIC -1.234074 -1.227936 -1.239002

Adj. R"2 0.102346 0.11173 0.111295
MSE 0.083721 0.078775 0.080797
MAE 0.070211 0.065202 0.066927
MAPE 1390.841 1279.188 1370.654
TiC 0.697038 0.705577 0.704519
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Table 4.3.34 Error Distribution selection for Tiger Brands

Tiger Brands Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 181.791 181.8309 182.0546

AIC -2.378108 -2.365046 -2.368089

SiC -2.235707 -2.202301 -2.205345

Adj. RA2 0.091286 0.084651 0.084094
MSE 0.056131 0.060325 0.0605

MAE 0.049204 0.049281 0.048502

MAPE 107.4075 107.5997 108.9967

TIC 0.661438 0.660567 0.659174

Table 4.3.35 Error Distribution selection for Impala Platinum

Impala Platinum Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 117.5419 118.6297 118.5853
AlC -1.460558 -1.46173 -1.461137

SIC -1.299991 -1.281092 -1.280499

Adj. RA2 0.186374 0.175193 0.177367
MSE 0.084762 0.086715 0.085913
MAE 0.068767 0.069591 0.069227
MAPE 319.9657 324.134 321.4673

TIC 0.687167 0.703033 0.697574

Table 4.3.36 Error Distribution selection for Barloworld

Barloworld Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 180.3548 180.3467 180.4054

AIC -2.298065 -2.284622 -2.285405

SIC -2.137497 -2.103984 -2.104767

Adj. RA2 0.310041 0.305178 0.304807
MSE 0.082139 0.082143 0.082061
MAE 0.070169 0.701786 0.7004
MAPE 167.4161 167.5727 163.2104
TIC 0.624538 0.624545 0.62364
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Table 4.3.37 Error Distribution selection for Omnia

Omnia Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 157.2999 158.8906 158.7368
AlC -1.709603 -1.716278 -1.71454

SIC -1.601937 -1.590668 -1.588929

Adj. R*2 0.0543 0.048827 0.047862
MSE 0.067388 0.067262 0.067178
MAE 0.051026 0.050686 0.050518
MAPE 176.7087 161.9469 155.675
TiC 0.687301 0.707287 0.716592

Table 4.3.38 Error Distribution selection for Sable

Sable Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 115.7609 123.0425 265.8484
AIC -1.359512 -1.438031 -3.223104

siC -1.224973 -1.284273 -3.069346

Adj. R*2 0.011975 0.010746 -0.04609
MSE 0.08261 0.08296 0.090126
MAE 0.055723 0.055007 0.055012
MAPE 47.40151 50.428 62.50007

TIC 0.729479 0.747034 0.999999

Table 4.3.39 Error Distribution selection for Liberty Group

Liberty Group Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 231.0262 231.065 231.0496

AlC -2.514258 -2.503519 -2.503348

SiC -2.40742 -2.378873 -2.378701

Adj. R*2 0.168189 0.163824 0.163653
MSE 0.059185 0.059156 0.059173
MAE 0.045197 0.045196 0.045199
MAPE 148.2132 147.8912 148.035
TIC 0.603428 0.604277 0.60402
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Table 4.3.40 Error Distribution selection for Hudaco

Hudaco Normal Distribution  Student's t-distribution  Generalized Error Distribution: (GED)

Log Likelihood 168.3663 168.6495 168.3995
AlC -2.122435 -2.113065 -2.109798

SiC -2.003595 -1.974417 -1.97115

Adj. RA2 0.204572 0.1993393 0.199079
MSE 0.071445 0.071691 0.071547
MAE 0.056784 0.056895 0.056823
MAPE 147.0846 144.4211 146.2442
TIC 0.562158 0.570397 0.565123

Table 4.3.41 Error Distribution selection for SABniiller

SABmiller Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 196.8159 196.8713 196.9145
AIC -2.514117 -2.501606 -2.502179

SiC -2.374244 -2.34175 -2.342323

Adj. R*2 0.188112 0.182746 0.18253
MSE 0.049914 0.049837 0.049861
MAE 0.03608 0.036041 0.036066
MAPE 233.0444 233.058 234.0179

TiC 0.569769 0.570975 0.570765

Table 4.3.42 Error Distribution selection for Anglo-American

Anglo-American Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 153.7573 157.6584 157.4787
AIC -1.996697 -2.036169 -2.033724

SiC -1.854296 -1.873424 -1.870979

Adj. R*2 0.272451 0.264448 0.264389
MSE 0.068871 0.067182 0.065123
MAE 0.056972 0.065573 0.054301
MAPE 218.3718 208.6363 205.8242

TIC 0.643799 0.64368 0.634037
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Table 4.3.43 Error Distribution selection for Rainbow Chicken

Rainbow Chicken Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 87.08226 89.7688 92.13666
AlC -0.994874 -1.015568 -1.044622
SiC -0.880994 -0.882708 -0.911761
Adj. R*2 0.11202 0.084056 0.04489
MSE 0.101059 0.097092 0.093964
MAE 0.077495 0.074269 0.071649
MAPE 197.8877 186.4907 164.1259
TIC 0.767798 0.754436 0.76655

Table 4.3.44 Error Distribution selection for FirstRand

FirstRand Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 1956.8775 194.772 199.1844
AlC -2.556157 -2.52751 -2.587543

SiC -2.393412 -2.344422 -2.404455

Adj. R*2 0.380308 0.378946 0.380669
MSE 0.051647 0.053129 0.051854
MAE 0.039889 0.04111 0.040316
MAPE 389.0851 395.7434 415.8904

TIC 0.476635 0.47419 0.461392

Table 4.3.45 Error Distribution selection for SASOL

SASOL Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 160.7161 160.7119 161.195
AIC -1.851104 -1.838932 -1.844787
SIC -1.700512 -1.669517 -1.675372
Adj. R*"2 0.130354 0.124782 0.123532
MSE 0.077065 0.077062 0.07766
MAE 0.053648 0.053649 0.053673
MAPE 142.8048 142.8173 138.6652
TIC 0.721494 0.721498 0.724182

The Normal distribution provides a much closer approximation to the empirical unconditional

density of 8 out of the 15 stocks. The stocks KWV Beleggings, Tiger Brands, Impala Platinum,
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Sable, Hudaco. SABmiller, FirstRand and SASOL are best modelled by the normal distribution
whilst 2 of the stocks: Nuworld and Liberty Group are best modelled by the student’s ¢
distribution and the other 5 stocks; Tongaat Hulett, Barloworld, Omnia, Anglo-American and
Rainbow Chicken are best modelled using the generalized error distribution. Though there has
been so much research into the usc of other error distributions which are better equipped to capture
the fat-tailed nature of stock returns and evidence to support the use of these distributions, there
was no significant incentive to use alternative distributions as the majority of the stocks in the

sample were best modelled using the normal distribution.

4.3.4  Estimated Parameters

Having determined that the symmetric GARCH (1,1) modelled with the Normal distribution
1s the best model for modelling the volatility of the sample of JSE listed stocks used for this
research for the period Jan 1991 to Feb 2008, we proceed to estimate the variance equation
parameters. The technique used in estimating the GARCH models involves maximization of a
likelthood function constructed under the assumption of a 7id distribution for the standardized

innovations. The estimated parameters are represented in Tubles 4.3.46 - 4.3.60 below.

Table 4.3.46 Parameters for the Variance Equation of Tongaat Hulett

Tongaat - Hulett Coefficient Std. Error z-Statistic Prob.

C 0.000495 0.000716 0.690579 0.4898
RESID(-1)*2 0.065564 0.070729 0.926983 0.3539
GARCH(-1) 0.85588 0.172748 4.954486 0.0000

Table 4.3.47 Parameters for the Variance Equation of KWV Beleggings

KWV Beleggings &Ll iilaltsl! Std. Error z-Statistic Prob.

C 0.001059 0.00102 1.038795 0.2989
RESID(-1)*2 0.152156 0.098953 1.537666 0.1241
GARCH(-1) 0.679235 0.232395 2.922757 0.0035

Table 4.3.48 Parameters for the Variance Equation of Nuworld

m Coefficient Std. Error z-Statistic Prob.
C

0.000532 0.000529 1.00541 0.3147
RESID(-1)"2 0.205492 0.068305 3.008434 0.0026
GARCH(-1) 0.770087 0.071197 10.81633 0.0000
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Table 4.3.49 Parameters for the Variance Equation of Tiger Brands

Coefﬁcient Std. Error z-Statistic Prob.
C 0.000617 0.000632 0.975616 0.3293
RESID(-1)"2 0.108047 0.078241 1.380954 0.1673
GARCH(-1) 0.760596 0.177895 4275522 0.0000

Table 4.3.50 Parameters for the Variance Equation of Impala Platinum

[oofe=1EREURITIN  Coefficient Std. Error z-Statistic Prob.
C 0.005282 0.00642 0.822737 0.4107
RESID(-1)*2 0.116962 0.146238 0.799805 0.4238
GARCH(-1) 0.459377 0.580176 0.79179 0.4285

Table 4.3.51 Parameters for the Variance Equation of Barloworld

Barloworld Coefficient Std. Error z-Statistic Prob.
C 0.000419 0.000596 0.703841 0.4815
RESID(-1)*2 0.090088 0.070571 1.276553 0.2018
GARCH(-1) 0.829932 0.156157 5.314745 0.0000

Table 4.3.52 Parameters for the Variance Equation of Omnia

M Coefficient Std. Error z-Statistic Prob.
C 0.000857 0.000759 1.128773 0.259
RESID(-1)"2 0.154422 0.066085 2.336712 0.0195
GARCH(-1) 0.776406 0.118973 6.525904 0.0000

Table 4.3.53 Parameters for the Variance Equation of Sable

Coefficient Std. Error z-Statistic Prob.
C 0.001804 0.000518 3.485015 0.0005
RESID(-1)"2 0.332475 0.10424 3.189511 0.0014
GARCH(-1) 0.572896 0.074904 7.648391 0.0000

Table 4.3.54 Parameters for the Variance Equation of Liberty Group

Liberty Group Coefficient Std. Error z-Statistic Prob.
C 0.000365 0.000376 0.97178 0.3312
RESID(-1)*2 0.118837. 0.057947 2.050796 0.0403

GARCH(-1) 0.802664 0.123604 ©.493835 0.0000
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Table 4.3.55 Parameters for the Variance Equation of Hudaco

MOefﬁcient Std. Error z-Statistic Prob.
C 0.001338 0.001646 0.813328 0.416
RESID(-1)*2 0.083765 0.056463 1.483543 0.1379
GARCH(-1) 0.707877 0.287978 2.458089 0.014

Table 4.3.56 Parameters for the Variance Equation of SABmiller

oefﬁcient Std. Error z-Statistic Prob.

C 0.000506 0.000474 1.066358 0.2863
RESID(-1)*2 0.182382 0.127287 1.432846 0.1519
GARCH(-1) 0.712737 0.188747 3.776149 0.0002.

Table 4.3.57 Parameters for the Variance Equation of Anglo-American

Coefficient Std. Error z-Statistic Prob.
C 0.000726 0.00072 1.008287 0.3133
RESID(-1)"2 0.061027 0.056009 1.089576 0.2759
GARCH(-1) 0.832723 0.122954 6.772648 0.0000

Table 4.3.58 Parameters for the Variance Equation of Rainbow Chicken

Rainbow Chicken fofsJ3ila I Std. Error z-Statistic Prob.
C 0.000124 0.000421 0.293616 0.7691
RESID(-1)*2 0.11946 0.038566 3.097524 0.002
GARCH(-1) 0.879918 0.045147 19.49009 0.0000

Table 4.3.59 Parameters for the Variance Equation of FirstRand

mcoefﬁcient Std. Error z-Statistic Prob.
C 8.11E-05 0.000247 0.327565 0.7432
RESID(-1)*2 0.078691 0.060554 1.299522 0.1938
GARCH(-1) 0.901982 0.09798 9.205743 0.0000

Table 4.3.60 Parameters for the Variance Equation of SASOL

Coefﬁcient Std. Error z-Statistic Prob.
C 0.000402 0.00047 0.853766 0.3932
RESID(-1)*2 0.0689975 0.059339 1.179246 0.2383
GARCH(-1) 0.886009 0.091653 9.667003 0.0000
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The estimated GARCH parameters are significant within the 5% range with the exception of

the parameters estimated for Impala Platinum.
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4.4 Model Validation

This section focuses on the validation of the chosen GARCH model, which in this case 1s the
GARCH (1,1). Most of the tests performed in the pre-estimation stage are performed again and
these include the Ljung Box O - test to see if the autocorrelation in the squared return has
successfully been removed; the Jarque-Bera test to see whether or not the distribution of the
normalized residuals are normally distributed and the LM Arch test to see whether the

heteroscedasticity has been removed. All these tests will be presented in the following section.

4.4.1 Ljung-Box Q - test

In this section we test the residuals of each of the 15 stocks to observe whether we have
removed all the autocorrelation in the squared residuals. In the pre-estimation stage we observed
that there was significant autocorrelation in the squared residuals and now we aim to find out
whether there still is a significant correlation in the standardized innovations or not. Below in

Table 4.4.1 we tabulate the results observed for 10, 15 and 20 lags where the null hypothesis /7

states that there is no autocorrelation.

Table 4.4.1 Ljung — Box Q test for Squared Residuals after Estimation

Q(10) Critical Value=18.3070 Q(15) Critical Value=24.9958 (Q(20) Critical Value=31.4104

p-value Stat p-value Stat p-value Stat

Hulett 0.975 1.6893 0.9900 3.6023 0.9160 9.7013
KWy 0.473 8.6229 0.801 9.4486 0.825 13.268
Nuworld 0.217 10.7380 0.2630 14.622 0.459 16.933
Tigerbrands 0.207 13.312 0.2370 16.2320 0.217 23,463
Impala Platinum 0.216 11.958 0.346 13.319 0.308 22551
Barloworld 0.2360 10.702 0.2020 15927 0.3930 17.929
Omni 0.209 14.733 0.336 15.638 0.602 16.679
Sable 0.4800 7.5318 0.3030 12.303 0.612 15.727
Liberty 0.021% 19.4860 0.03 25453 0.1200 26.360
Hudaco 0.878 4.4684 0.774 9.8323 0.446 19.177
SABmiller 0.002 24.228 0.013 26.887 0.013 33.837
Anglo-American 0.3050 9.46 0.715 9.7366 0.908 10.666
Rainbow Chicken 0.2300 14.5820 0.2220 17.68 0.2660 13.693
FirstRand 0.886 2.9850 0.483 11.543 0.414 17.6
SASOL 0.5460 5.9425 0.7990 7.8179 0.3760 18.206
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Only Liberty Group and SABmiller still show autocorrelation in the squared residual after
estimation by the GARCH (1,1) model. However, # is accepted in 13 of the 15 cases indicating

that GARCH modeling does remove autocorrelation in the squared residuals.

4.4.2 Engle’s ARCH test for the residuals after Estimation

We conduct Engle’s ARCH test on the residuals after estimation using the GARCH (1,1)
model to observe whether the conditional heteroscedasticity observed in the pre-estimation stage is
still present. The results of Engle’s ARCH test for the residuals after estimation are shown in

Table 4.4.2 below:

Table 4.4.2 Engle’s ARCH test for residuals after estimation

ARCH 1-10 test ARCH 1-15 test ARCH 1-20 test

Prob. F(10,183) Prob. F(15.173) Prob. F(20,163)

Hulett 0.998925 0.146974 0.999511 0.19902 0.987858 0.410208
KWV 0.53933 0.895605 (.84837 0.6263006 0.859355 0.650977
Nuworld 0.1029061 1.633919 0.199263 1.320029 (.332344 1.126654
Tigerbrands 0.289846 1.211486 0.352282 1113448 0.254707 1.217755
Impala Platinum 0.501858 0.936976 0.777547 0.702753 0.540981 0.938458
Barloworld (.5301928 (.936897 0.536313 0.927264 0.732132 0.779807
Omni 0.188798 1.391436 0.362944 1.098283 0.669935 0.833259
Sable 0.528391 0.907517 0.639526 0.833068 0.679786 0.82463
Liberty 0.046119 1.919503 0.123279 1.470307 (0.352544 1.103774
Hudaco 0.883303 0.503226 (1.792829 0.68735 0.439378 1.007604
SABmiller 0.108393 1.617383 0.260257 1.228227 0.120105 1.437884
Anglo-American 0.524188 0.912292 0.806 0.673208 0.906182 0.598385
RENLIE ST 0.164213 1.450745 0.340171 1.125308 0.08342 1.5328437
FirstRand 0.982489 0.289662 0.846551 0.628218 0.785017 0.732092
SASOL 0.862588 0.535086 0.948377 0.477615 0.802074 0.717438

We observe that in most of the stocks. 11 to be precise, the conditional heteroscedasticity is
removed. Only 4 stocks namely, Nuworld, Liberty Group, SABmiller and Rainbow Chicken still
show the presence of conditional heteroscedasticity. However, we can conclude that the GARCH

(1,1) comprehensively removes conditional heteroscedasticity from the stock data.
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4.4.3 Are the residuals - normally distributed

As discussed earlier in this master thesis, we assume that z is supposed to be normally
distributed. We can investigate this using several methods, but the Jarque-Bera test 1s the main
method for investigating normality of the residuals =, . Other means to investigate this include, the

estimated moments for the distribution. Results from the Jarque — Bera test as well as the

estimated moments of the distributions for each of the 15 stocks are show in Tuble 4.4.3 below:

Table 4.4.3 Jarque—Bera Test for Normality after Estimation

Mean Median Max. Min.  Std. Dev. Skewness Kurtosis Jarque-Bera Probability
Hulett -0.021488  0.016161 2243197 -3.78409 1.000672  -0.307814  3.218200 2.879625 0.236972

Kwv -0.042827  -0.128331 2.483609 -2.28109  1.000254  0.210952  2.771665 1.43837 0487149
Nuworld -0.076843  -0.066025 3.330455 -2.82219  1.004903  -0.037H8  3.542961 2.002776 0.367369
Tigerbrands -0.041608  -0.02341  2.584378 -2.59729  1.008099  -0.114852  3.066075 0.349918 0.839492
JETEIERGET LA -0.003351  -0.036984 3.021952 -2.53958  1.003246  0.275508  3.512683 3.540394 0.170299
Barloworld -0.021231  -0.035136 2958217 -2.44112 1.007905  0.127638  2.863774 0.523271 0.769792
Omni -0.031556  -0.103992 3.755603 -2.81924  1.000641 0.285203  3.792833 7.035369 0.029668
Sable -0.062354  -0.110383 3.226733 -3.19333  1.009919  -0.023564 4500011 15.0177 0.0003548
Liberty -0.029199  -0.001071 2.690865 -3.083 1.002066  -0.047455  3.0836062 0.119387 0.942033
Hudaco -0.048117  -0.029778  2.46697 -3.38333  1.004466  -0.006812  3.353887 0.799562 0.670467
SABmiller -0.027531  0.031331 2494775 -2.80015 1.004717  -0.141843  3.102781 0.572803 0.750961
LV N O Tl 0.018073  0.081061  4.122628 -2.52014  1.002364  0.176887  4.561488 15.70083 0.000390
RRETLOER OGO -0.07280  0.029272 2512331 -3.648 1003315 -0.503401 3.72721 10.4760 0.005311
FirstRand 0.017038  -0.10791  2.89545  -3.00845 1.0ll6l6 0.00302 3.212291 0.276262 0.870985

SASOL S0.001643  0.041754 2.624246  -2.24399 (.999221 0.136672  2.608178 1.139968 0.563335

The Jarque —Bera test states that at the 5% level if the p-value obtained is < 0.05 then we
reject the hypothesis that = is normally distributed. Therefore from the results in Table 4.4.3
above we observe that 11 out of the 15 stocks show that = is normally distributed. Notably results
for Omni, Sable, Anglo-American and Rainbow Chicken reject the hypothesis that = is normally
distribution. It is also observed that for the 10 stocks which accept the hypothesis that =, is
normally distributed for the Jarque - Bera test, their first, sccond, third and fourth moments are
close to their corresponding normal values. The corresponding normal value for the first moment

(mean) is 0; second moment (standard deviation) is 1; third moment (skewness) is 0 and fourth

moment (kurtosis) is 3 as discussed in Section 2.3.1.
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4.5 Summary and Assessment: Modelling of Volatility of Stock
Prices using GARCH models

In this master thesits we have discussed alternative unconditional and conditional
distributional models for the monthly returns of 15 randomly selected JSE stocks considering
various GARCH models driven by normal. student’s 7 and generalized error distributed

innovations.

The behavior of returns is consistent with the well documented stylized facts common to
financial data series. Firstly, the return series exhibit a considerable level of excess kurtosis and
departure from normality. Furthermore, the empirical evidence presented in this paper indicates
that time series of monthly stock returns exhibit significant levels of dependence. The probability

distribution of s, is not independent of . _. Despite the small autocorrelation of returns, the serial

T
dependence in the square returns is clearly not rejected pointing towards the existence of volatility
clusters. The conditional heteroscedastic processes allow for autocorrelation between the first and
second moments of return distributions over time, and consequently thev fit to data very

satisfactorily. Also notably, the volatility of returns tends to be highly persistent.

The GARCH models applied in this research more importantly provide improved forecasts of
volatility as compared to normal regression techniques. Within the class of such models. the
GARCH (1,1) model shows the best fit and forecast accuracy. The forecasting capabilities of
GARCH models constitute further evidence as to their overall usefulness as practical models of

stock returns and also about their relative merits as such.

The fit of the GARCH (1,1) model is further evaluated by the fact that the Ljung Box Q-test
and LM ARCH test suggest that the autocorrelation in the squared residuals and heteroscedasticity
have been removed in the post-estimation stage. Further to this, the standardized residuals have a
standard normal distribution, as they should and the additional assumption of conditional
normality in the Jarque-Bera tests cannot reject the hypothesis of normality. The GARCH models
reduce the excess kurtosis to around zero. Skewness is also no longer present. These results are

expected but still they provide supporting evidence of good fit to data. They show that large
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returns (ot either sign) are more frequently observed in more volatile periods, and vice versa. This

1s a realistic description of stock-market behaviour.
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Chapter 5. GARCH modelling & Portfolio
Construction

For decades, Sharpe Single Index models have been used to try and provide accurate
estimates of the Portfolio Mean-Variance Efficient Frontier Optimization solution. Sharpe
Single Index models basically use Linear Regression Models to estimate the input parameters,
L.e. the means and variances for the optimal portfolio construction. The Sharpe Single Index
Models use estimated regression coefficients (betas), estimated covariance matrix between the
chosen index and the conditional unbiased estimates of the residuals. There has been
considerable evidence that regression index models induce both autocorrelation in the residuals
and volatility in the squared residuals, hence autocorrelation (AR) processes and GARCH
(heteroscedastic) processes play an important role in mean-variance construction of efficient

frontiers.

In recent times AR and GARCH processes have been used to construct Efficient Portfolios
with superior Efficient Frontiers and these are called Dynamic Time Series Models. These
models are supposedly more superior to the traditional Markowitz and Sharpe Index models as

they have significant risk reduction

5.1 The Classical Markowitz Mean-Variance Model

Let p be the number of stocks in our portfolio, then the vector of return values of the stocks will
be given by the vector;

Rl
R,
R= (5.1.1)

R

,
and we assume these to be log returns with mean

ER =p (5.1.2)

and the covariance matrix contains a historic covariance structure of the portfolio given by
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L=F| R—p R-p'| (5.1.3)

Further to this, a portfolio is a proportional investment, say w; . in each stock, so that

»
Zow =]
i
W,
W,
Let W= (5.1.4)
W
Then our portfolio is given by P=W'R
P
=R
i
Subject to
r
Zw =1

Hence the Expected return of the portfolio is given by

r
E P =WER=Wp=Zwuy=p

P
And the variance 18
var P ='W

P7or
=2 Y ww o
==l Iy
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The Classical Markowitz Mean-Variance formulation in essence sought to choose the

weights, w; . such that the Expected Return £/ = 4 is maximised but in the same instance

minimising the risk o .

In addition to this, Markowitz introduced the concept of an Efficient Frontier. A portfolio is

called efticient if:

= Fora given amount of risk, the expected return is maximised, or:

* For a given amount of return, the expected risk 1s minimised

With this concept in mind, the solution of this portfolio optimization problem will lie on the
efficient frontier line. Specifically the efficient frontier is a line plot in the 2 - dimensional mean-
variance spaces. Finding the efficient frontier is a non-linear quadratic programming (QP)
problem and can be solved using well-known numerical techniques. To solve the problem one

needs either to fix the return 4, and then minimize the variance g, . or fix the variance and then

maximize the return.

The Markowitz portfolio problem is then formally:

r
max £t P =W'p=3wp (5.1.5)
w, i-1
. D
min=W'ZW = ¥ ww o, (5.1.6)
" ij=1
. r
subject to Zw =1,

5.2 The Sharpe Single Index Model

The Sharpe Single Index Model is formulated as:

R =a,+B 1 +e, where i=1...qt=1.. N (5.2.1)

i3
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The Sharpe Single Index Model is based on the main assumption that shares move together
only because of a common co-movement with the market, or simply that the only correlation
that any two stocks share is explained via the stock correlation with the market index. Further to
this a Single Index Model can be defined as a one-factor regression model of stock returns. It is

a response to the observation that stocks follow the movements of the market.

The Sharpe Single Index Model assumes that:

Ee =c.,=0 =0,i=l..q. (5.2.2)

LEee =01#s=1../N. (5.2.3)

Eel =0/-1..\. (5.2.4)

Eee, =0r=1..VN (5.2.5)
where Lj=l..g.i#]

In vector notation, the Sharpe Single Index Model is represented by

R «, B, e,

R = | a= . b= and € =

and dropping the index r,we get

E(R)=a+p,, (5.2.6)
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And
o, 0
0 o, .. )
cov e = - (5.2.7
0 ajn
Implying that
Uzl O 0
, o, .. 0 /
cov R =o; fp + . (5.2.8)
0 o,

So in essence the Single Index Model assumes that all ¢ i=1..¢.r=1...N are

uncorrelated. However, empirical evidence has proven this not to be the case. The errors ¢ of

different stocks have been observed to be correlated and the JSE is no exception. Hence the

development of the Improved Sharpe Single Index Model.

5.3 The Improved Sharpe Single Index Model

The Improved Sharpe Single Index Model was introduced by Troskie, Hossain and Guo

(2005) and unlike the simple Sharpe Single Index Model which assumes that the errors e, of the

different stocks are uncorrelated, it assumes the opposite. The model is an attempt to improve on
the Sharpe Index Model by including the covariance structure of the residuals. The improved
Sharpe Index model has the advantage of including all the information used in the Classical
Markowitz model and is still easily extended to include AR and GARCH components in the
model which will capture the autocorrelation and heteroscedasticity in the stock returns therefore
improving the Efficient Frontier. The Improved Sharpe Single Index model is formulated in the

same way as the Sharpe Single Index Model:
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R =a +p1 +e, where i=1_.qu=1...N

But
Eoee, =0,.1#j1=1..N. (5.3.1)
=0, , Q=)
=0, =0,

which can also be represented as:

T, O o,
e —qo| 70 O Oy (5.3.2)
O, o—f
and hence
cov R =0 +Q=D (5.3.3)
For Portfolio P =W'R ,then,
EP =W a+Bu =pu (5.3.4)
and
val(P)=W" B +Q W (5.3.5)
=oW BBW + W' QW

2
_o'p

5.4 The Models & Results

The determination of the importance ot GARCH modelling in portfolio construction was
done with the use of Single Index models. When Index models are extended to include
autocorrelation (AR) terms in the estimated residuals and heteroscedasticity that appears in the
estimated squared residuals they are called Dynamic Time Series Models. The researcher uses 3

models in the analysis of the use of GARCH models in portfolio construction represented as
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Model 1, Model 2 and Model 3 and compares them to the Classical Markowitz Mean-Variance
Model. It should be noted however, that the covariance matrix suggested by Hossain, Troskie &
Guo (2005) in Fg. 5.3.2, which incorporates correlations amongst the various shares giving a
better variance approximation compared to the traditional Sharpe Index model which assumes
zero correlation amongst the shares themselves is used. The Index used for our Single Index

Models is the JSE index.

Model 1
This is a straightforward AR (k) process. The model involves fitting AR terms to each of
the return series. This involves assessing the Autocorrelation plots for each of the 15 stocks and

then fitting appropriate AR terms.

R =a+p1 +e, (5.3.6)
e, =0e,  toe .. tge,  +V, (5.3.7)
i=hL..gt=1...N, (5.3.8)
where, v has a distribution with mean zero and variance o
Model 2
This model fits only a GARCH (1,1) process.
R =c+pI +e,
=0 rae 170, (53.9)

i=longi=1..N

where, v, has a distribution with mean zero and variance o, .

Model 3
This is an AR (k)-GARCH (1,1) process. This unlike Model 1 fits a GARCH (1,1) process
together with the AR terms .

RI[ :al +ﬂ[11 +ell

o &

b . =
wor 7

eu :¢z€u 1 +¢2€//—77 +"'+¢Z€l/ k +3

Lm0 tae  vyon,

-1
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where £, has a distribution with mean zero and variance onc.

B7

The objective of this study is to investigate the importance of using GARCH modelling in

portfolic construction. This can be determined by observing The mean-varance responsc as

represented by the efficient frontier, The rewurns, regression. covariance and expecled return

estimates far each of the models were calculated using a program writlen in EVIEWS 3. The

expected retum () and covariance were then exported 0 MATLAB 7 und the quadratic

programming problem was solved producing the efficient frontiers.

Efficient fronticrs for the Classical Markowiz Mean

Yarance todel (Fig 5.4.0) the

Imiproved Sharpe Single Index Model (with AR 1erms only — Model 1) (Fig 3.4.2), the Improvid
Sharpe Single Index Madel (with a GARCH (1.1) only - Model ) (Fig 5.4.3) and  Improved
Sharpe Single [ndex Model (with AR terms and GARCI (1,1) processes — Model 2) (Fig 5.4.4)

are tlusirated below:

Fig 5.4.1
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Fig 5.4.2

improved Sharpe Single Index Model Efficient Frontiar (AR terms only)
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Fig 5.4.3
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Fig 5.4.4
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Figr 540, Fie 5.4.2 and Fig 5.4 3 and Fig 5 4.4 show plots of four efficient frontiers. They
carrespond 10 the Markowitz Modcl Improved Sharp single Model  (modelled with AR terms
only). Improved Sharp Single Model — (modelled with a GARCH (L.1) process enly) and
Tmproved Sharpe Single Index Model  {(modelled with both AR and 4 GARCH (1,1} process).
Close inspection will show that the Impraved Sharpe Single Index Model  (modelled with both
AR and a GARCH ¢1,1) process) is the one which best approximaices the Murkowile Model
efficient frontier of the 3 models. These results show that Improved Sharpe Single Index Model
— (modelled with AR terms only) and the Improved Sharp Simgle Model  (medelled with a
GARCH (1.1) process only) under-estimate the risk of the portfelio compared Lo the tradilional
Markowitz model. Tvidently, this is duc to the fact that a mode]l which meorporales both AR
terms and a GARCH (1,1) process beuer approxunates the variance of stock retuns than a
model which anly incarporates AR terms or a GARCH (1,1) process only. This brings to

atiention the signiticance of GARCH modelling in portfolio construction,
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Chapter 6: Conclusions

Choice of best GARCH Model

Forecasts of volatility generated by the models are compared using the root mean squared
error (RMSE), the mean absolute error (MAE), the mean absolute percentage error (MAPE), the

Thetl Inequality Coetficient (TIC) and the log-likelihood.

Four different GARCH models are tested with the (p,¢) specification (1,1) for the period
January 1991 — February 2008. The models are namecly the symmetric GARCH, TARCH,
EGARCH and Power-ARCH. It is observed that 6 out of the 15 stocks, namely KWV Beleggings,
Tiger Brands, Barloworld, Sable, Hudaco and FirstRand are best modelled by the symmetric
GARCH;: 4 stocks namely Liberty Group, Anglo-American, Rainbow Chicken and SASOL by the
TARCH model; 3 namely Impala Platinum, Omni and SABmiller by the EGARCH model and the
remaining 2 namely Tongaat Hulett and Nuworld by the PARCH model. Therefore it can be
concluded that the symmetric GARCH is a good choice in modelling stock returns although there
is evidence that the asymmetric coefficient included in the EGARCH and TARCH and power
coefficient included in the Power-ARCH are good to implement in the GARCH model as shown
by the stocks best modelled by the parallel models. However, the symmetric GARCH proves to be
the superior of the 4 models as it best models the returns of more stocks in the sample than any of

the other models.

Choice of best symmetric GARCH Model Lag Structure

Having determined that the symmetric GARCH model is superior to other modcis under
imvestigation above, the new task was to determine the best lag structure (p,¢) for modelling the
stock returns. It should be noted that p is the number of GARCH coefticients and ¢ 1s the number
of ARCH coefficients. To take into account higher order GARCH lag structures, four different p
and ¢ specifications are tested namely (1,1}, (1,2), (2,D)and (2,2). The lag structure (1,1) is by far
the most used specification in GARCH research today and the results in this master thesis are also

consistent with this. In the selected sample of JSE listed stocks used for this research, the GARCH
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(1,1) model! best models 10 out of the 15 stocks, namelyv, KWV Beleggings, Tiger Brands,

Barloworld, Omni, Liberty Group, Hudaco, SABmiller, Anglo-American, FirstRand and SASOL.
The GARCH (1,2) model provided better estimation for 3 of the stocks namely, Tongaat Hulett
and Impala Platinum, Sable; whilst the GARCH (2,1) model best described 1 stock, Nuworld and
the GARCH (2,2) model also provided best estimation for 1 stock, Rainbow Chicken clearly

showing the superiority of the symmetric GARCH (1,1) in modelling stock returns on the JSE.

Choice of best Error Distribution

To take into account the fat-tailed nature of stock returns the researcher further modelled the
volatility of the stock returns using alternative error distributions to the normal distribution, which
are better equipped to capture the fat-tailed nature of stock returns to assess the significance of the
choice of error distribution used to model the stock returns. Therefore three different distributions
are tested: normal distribution, student-t and the generalized error distribution (GED). 8 out of the
15 stocks, namely KWV Beleggings, Tiger Brands, Impala Platinum, Sable, Hudaco, SABmiller,
FirstRand and SASOL are best modeclled by the normal distribution whilst 2 of the stocks;
Nuworld and Liberty Group are best modetled by the student’s £ distribution and the other 5
stocks; Tongaat Hulett, Barloworld, Omni, Anglo-American and Rainbow Chicken are best
modelled using the generalized error distribution (GED). It is clear that the normal distribution is
adequate for modelling the volatility of stock returns this sample of ISE listed stocks as there is no

evidence that the alternative fat-tailed error distributions significantly improve the models.

Researcher’s Best GARCH Model Choice

It should be noted that the final decision of what model to use is in the end the user's choice.
The symmetric GARCH (1,1) is almost always a good choice for the JSE data series that we have
investigated. Of course this cannot be taken as a general result as different GARCH models can be
used depending on the nature of the stock data but, it i1s also worth noting that the symmetric
GARCH (1,1) model has the advantage that it does not have convergence problems as observed in
some of the alternative GARCH models such as the EGARCH model. The estimated parameters of

the symmetric GARCH (1,1) are also observed to be stable.
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With all this in perspective, it should be noted that the fundamental valuation theories in
finance, such as the capital asset pricing models and the option pricing models for example, are
based on some hypothesized risk-return relationship. Most of these models hold for the average
security but they do not explain the full valuation mechanism for non-average securities. As such
GARCH modelling holds for most but not all stocks and therefore there is need to explore several
other avenues that can be used to model volatility of stock returns. Several extensions to this study

can be suggested namely Stochastic Volatility models and Regime Switching models.

Currently, research is under way in the modelling of volatility through the use of stochastic
volatility methods where the evolution of the volatility is explained by a stochastic differential
equation. This can be seen as one possible way of handling the problem that volatility is not
constant over time. Unlike in the GARCH modelling technique, it might be more useful to model
stochastic phenomena on a continuous-time scale. These models are appealing mostly because if
trading time is modelled as a continuum, much more powerful hedging strategies are possible than
in the discrete time sctup as that used in GARCH modelling. Further to this, these models are
based on the notion that stock prices follow a Brownian motion or in some instances the Poisson
process and both can be categorized as Levy processes. The advantage with these processes is that
they follow different paths at different instances offering the use of “what if” analysis. a very

useful tool given that it is impossible to determine future stock returns.

Regime switching models on the other hand are based on the assumption that economic and
financial markets seem to behave differently in different periods of time. This is used to specity
different models for different periods. Markov models can be used for switching between these

different models (Hamilton 1994).

Importance of GARCH Modelling in Portfolio Construction

The researcher observed that when a GARCH (1.1) process is included together with an AR
(k) process. the efficient frontier plotted best resembles the Markowitz Mean-Variance Efficient
Frontier compared to the other 2 models. There is a marked improvement to when an AR (k) term
only (Model 1) is used or when a GARCH (1,1) process only (Model 2) is used. One can therefore

conclude that GARCH modelling is of significant importance in portfolio construction.
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Appendix A: Sensitivity Analysis

Estimation Results for the period January 1991 to February 2003

In assessing the consistency and validity of the estimation results for the period January 1991
to February 2008, we conduct a similar estimation process but with data for a shorter period;
January 1991 to February 2003, All the 15 data series used for this period constitute of 146 data
points, cach data point representing the monthly price of the given stock. For purposes of
estimation and validation of the models, data points January 1991-February 2001 are used for
estimation and data points March 2001-February 2003 are used for validation purposes. The
process is identical to the one used before in Chapter 4 of this master thesis, starting with determining
the best GARCH model, followed by determining the best lag structure, determining the best error

distribution and then the actual estimation having determined the best model.

Determining the Best GARCH model from symmetric GARCH, TARCH,
EGARCH and PARCH.

Below, the performance measures for the 4 different models for each of the 15 stocks are
presented in tabular form. As in Scction 4.3.1 above we analyze the performance of each of the
models based on the estimation performance measures such as the R™, AIC and SIC together with
the forecasting performance measures such as the MAPE, MSE, MAE and TIC to determine the

best model. The superior measure once again is highlighted in bold.

Hulett GARCH(1,1) TARCH(1,1) EGARCH(1.1) PARCH (1,1)

Log Likelihood 117.6817 117.2304 115.4318 -
AlC -2.150621 -2.122164 -2.086899 -

SIC -1.944741 -1.890549 -1.855284 -

Adj. R*2 0.346662 0.339969 0.329165 -
MSE 0.080175 0.090478 0.088973 -
MAE 0.079091 0.079445 0.079664 -
MAPE 339.8388 344.7128 352.0376 -

TIC 0.634513 0.634186 0.619535 -
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KWV Beleggings

Log Likelihood
AlC
SIC
Adj. R*2

MSE

MAE

MAPE

TIC

Nuworld

Log Likelihood
AIC
SIC
Adj. R*2

MSE

MAE

MAPE

TIC

Tiger Brands

Log Likelihood
AIC
SIC
Adj. R"2

MSE

MAE

MAPE

TIC

Construction
GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
97.22238 101.9043 98.7832 100.3199
-2.027164 -2.108985 -2.039627 -2.051552
-1.86051 -1.914555 -1.845197 -1.829347
0.146299 0.144765 0.145135 0.135139
0.060295 0.063729 0.064474 0.06296
0.047807 0.050118 0.051647 0.050351
263.4349 230.0248 241.8924 251.4479
0.590761 0.635379 0.63586 0.617909
GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
72.96854 81.58813 71.44228 66.79002
-1.299371 -1.451763 -1.248846 -1.1358
-1.090957 -1.217297 -1.01438 -0.875283
0.072004 0.091652 0.010847 0.076989
0.138303 0.133894 0.139633 0.134064
0.107054 0.101701 0.10349 0.103479
175.6573 157.5854 103.4292 173.148
0.649847 0.666495 0.770241 0.690428
GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
96.9143 98.64963 99.82846 -
-2.066995 -2.0839 -2.110999 -
-1.868589 -1.857149 -1.884249 -
0.069909 0.061204 0.046469 -
0.063756 0.063972 0.064906 -
0.050812 0.051998 0.054601 -
90.01608 94.42124 102.0918 -
0.650162 0.662342 0.684175 -
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Impala Platinum

Log Likelihood
AlC
SIC
Adj. R*2

MSE

MAE

MAPE

TIC

Barloworld

Log Likelihood
AIC
SIC
Adj. R"2

MSE

MAE

MAPE
TIC

Omnia

Log Likelihood
AIC
SiC
Adj. R*2

MSE

MAE

MAPE

TIC

Construction
GARCH(1,1) TARCH(1.1) EGARCH(1,1) PARCH (1,1)
68.69502 69.02592 69.56152 -
-1.348778 -1.333909 -1.345812 -
-1.126573 -1.083928 -1.095831 -
0.093052 0.078575 0.07986 -
0.13334 0.134164 0.133541 -
0.108437 0.108499 0.109087 -
85.19486 82.53677 85.03677 -
0.620611 0.625611 0.620464 -
GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
102.7179 103.1551 101.7089 100.9993
-2.104842 -2.092335 -2.060198 -2.022206
-1.882637 -1.842354 -1.810217 -1.744449
0.295447 0.297896 0.269969 0.288129
0.063776 0.061111 0.068383 0.061962
0.050878 0.049755 0.054492 0.050076
160.6497 157.581 179.8258 159.3535
0.443178 0.445891 0.450023 0.444636
GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
119.4172 119.4305 116.8593 120.1703
-1.938756 -1.921889 -1.877936 -1.917441
-1.797106 -1.756631 -1.712678 -1.728575
0.071139 0.062706 0.064943 0.051244
0.19319 0.193284 0.193947 0.193512
0.143279 0.143388 0.144295 0.143697
205.597 205.5186 185.3744 2142933
0.849579 0.850042 0.880265 0.844198
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Sable GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 58.85311 59.59658 59.10501 60.49887
AlC -1.037062 -1.00184 : -0.973429 -0.980931
SIC -0.8547 -0.824909 -0.771222 -0.753448
Adj. R*2 -0.032069 -0.042909 -0.041583 -0.07922
MSE 0.094183 0.092779 0.090921 0.091576
MAE 0.066606 0.065821 0.065612 0.066151
MAPE 61.19095 61.57155 57.17603 59.36606
TIC 0.878418 0.879828 0.802542 0.84723
Liberty Group GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1.1)
Log Likelihood 148.5596 152.1826 150.0036 -
AlC -2.39586 -2.440044 -2.403421 -
SIC -2.255836 -2.276566 -2.239943 -
Adj. R*2 0.171436 0.156335 0.167242 -
MSE 0.077663 0.076612 0.076701 -
MAE - 0.060148 0.059583 0.059387 -
MAPE 150.6522 140.5894 141.535 -
TIC 0.675757 0.663934 0.671327 -
Hudaco GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 98.12016 101.1632 101.6395 101.5911
AIC -1.981079 -2.025016 -2.035259 -2.012712
SIC -1.817685 -1.83439 -1.844633 -1.794854
Adj. RA2 0.27958 0.269117 0.271584 0.262183
MSE 0.090457 0.088603 0.09002 0.09318
MAE 0.076674 0.073727 0.075241 0.079546
MAPE 138.8511 127.2381 132.2425 146.1305
TIC 0.721592 0.746614 0.733015 0.725346
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SABmiller GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 109.2919 109.5827 109.2962 110.3366
AIC -2.248173 -2.232587 -2.226291 -2.227179
SIC -2.05503 -2.011852 -2.005556 -1.978852
Adj. R*2 0.146523 0.136228 0.137843 0.120958
MSE 0.056975 0.056566 0.057317 0.055607
MAE 0.050175 0.049876 0.050458 0.04897
MAPE 102.9927 102.6622 102.5178 105.7344
TIC 0.519853 0.512942 0.527532 0.487571
Anglo-American GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 86.47329 86.98757 93.05754 86.88663
AiC -1.826972 -1.815806 -1.955346 -1.790497
SIC -1.628566 -1.589056 -1.728595 -1.535403
Adj. R*2 0.225336 0.212463 0.169635 0.201362
MSE 0.090042 0.089946 0.093001 0.090837
MAE 0.073814 0.073307 0.075768 0.074132
MAPE 132.619 127.4693 152.5681 124.2007
TIC 0.547233 0.553119 0.511874 0.567587
Rainbow Chicken GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 32.50166 40.52541 42.6103 -
AlIC -0.514595 -0.650979 -0.691462 -
SIC -0.361116 -0.47192 -0.512403 -
Adj. R*2 0.123748 0.086344 0.106773 -
MSE 0.118487 0.118274 0.113049 -
MAE 0.102475 0.096382 0.09448 -
MAPE 140.4888 171128 1443285 -
TIC 0.686338 0.738008 0.705404 -
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FirstRand GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 106.5361 107.1858 108.5391 109.2437
AIC -2.265198 -2.257145 -2.288256 -2.281465
SIC -2.038448 -2.002051 -2.033162 -1.998027
Adj. R*2 0.45683 0.449259 0.448719 0.441217
MSE 0.076673 0.076423 0.075864 0.07733
MAE 0.055485 0.055288 0.054978 0.055748
MAPE 254.0293 256.7974 253.4601 253.2169
TIC 0.557736 0.557101 0.555708 0.556823
SASOL GARCH(1,1) TARCH(1,1) EGARCH(1,1) PARCH (1,1)
Log Likelihood 99.71843 101.4103 97.84192 -
AlC -1.747018 -1.760197 -1.892227 -
SIC -1.544811 -1.532715 -1.464745 -
Adj. R*2 0.037052 -0.001897 0.001381 -
MSE 0.082558 0.085535 0.08533 -
MAE 0.066959 0.069665 0.068972 -
MAPE 90.46595 94.11542 91.25631 -
TIC 0.698751 0.731892 0.757771 -

In the tables above the Log-likelihood together with Akaike's information criterion (AIC) as
well as the Schwarz Criterion tor p=¢=/ arec presented. Four different forecast measures are also
presented to determine which model performs best on out-of-sample data. It is observed that 7 out

of the 15 stocks, namely Tongaat-Hulett, KWV Beleggings, Tiger Brands, Impala Platinum,
Omnia, Rainbow Chicken and SASOL are best modelled by the symmetric GARCH; 5 stocks
namely Nuworld, Barloworld, Liberty Group, Hudaco and Anglo-American by the TARCH
model; 2 namely Sable and FistRand by the EGARCH model and the remaining 1 namely
SABmiller by the PARCH model. Evidently, from these results the superior model for modelling
volatility of the stock returns trom the seiected sample, amongst the chosen GARCH models, is
the symmetric GARCH model as it best models the volatility of the most stocks in the sample.
This is consistent with the findings in Section 4.3.1 above, further supporting previous findings for

the JSE listed stocks.
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Determining Best Lag Structure for the symmetric GARCH model

Having determined that the symmetric GARCH model best describes most of the stocks in the
sample’s return volatility we discard of the 3 other GARCH models and further investigate the
best lag structure for the standard GARCH model. The best lag structure can be obtained by
altering the ARMA pand ¢ orders of the symmetric GARCH (p,¢g). Hence we investigate the
symmetric GARCH under different lag structures namely the GARCH (1.1), GARCH (1,2),
GARCH (2.1) and GARCH (2.2) for each of the 15 stocks. Based on the forecasting ability of each
of these 4 lag structures, we determine the best lag structure for our modelling purposes. Below are

the performance measures for the 15 different stocks based on forecasting ability for each of the 15

stocks presented in tabular form.

Hulett GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 117.6817 116.4173 113.6942 113.4122
AIC -2.150621 -2.106222 -2.052828 -2.027691

SIC -1.944741 -1.874607 -1.821213 -1.77034

Adj. R*2 0.346662 0.338883 0.347223 0.34102
MSE 0.090175 0.090376 0.100988 0.098593
MAE 0.079091 0.079907 0.087577 0.085275
MAPE 339.8388 343.6702 377.7209 368.3404

TIC 0.634513 0.63315 0.659438 0.655893

KWV Beleggings GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 97.22238 98.20566 96.42924 98.66356
AIC -2.027164 -2.027094 -1.987174 -2.014912

SIC -1.86051 -1.803396 -1.763476 -1.763252

Adj. RA2 0.146299 0.136853 0.144989 0.124981
MSE 0.060295 0.063488 0.065301 0.060037
MAE 0.047807 0.050982 0.052676 0.047957
MAPE 263.4349 287.8876 266.9773 273.9554

TIC 0.590761 0.598164 0.609534 0.571084
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Nuworid GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 72.96854 73.42453 78.41547 78.01159
AIC -1.299371 -1.288491 -1.388309 -1.360232
SIC -1.090957 -1.054025 -1.153844 -1.099715
Adj. R*2 0.072004 0.05274 0.013858 0.022022
MSE 0.138303 0.139038 0.141694 0.139551
MAE 0.107054 0.108168 0.110961 0.108345
MAPE 175.6573 182.5359 196.4174 181.8922
TIC 0.649847 0.64751 0.645198 0.648091
Tiger Brands GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 96.9143 99.34745 96.99726 103.2965
AIC -2.066995 -2.099941 -2.045914 -2.167735
Sic -1.868589 -1.873191 -1.819164 -1.912641
Adj. R*2 0.069909 0.033747 0.058166 0.020054
MSE 0.063756 0.064611 0.063745 0.06954
MAE 0.050812 0.049756 0.050746 0.058148
MAPE 90.01608 89.5683 89.74933 109.5925
TIC 0.650162 0.625025 0.648814 0.665422
Impala Platinum GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2.2)
Log Likelihood 68.69502 70.60677 70.46101 73.1199
AlC -1.348778 -1.369039 -1.3658 -1.402664
SIC -1.126573 -1.119058 -1.115819 -1.124908
Adj. R*2 0.093052 0.071277 0.071974 0.0593
MSE 0.13334 0.140886 0.128063 0.132492
MAE 0.108437 0.11237 0.105443 0.107944
MAPE 85.19486 83.23371 85.12769 84.90632
TIC 0.620611 0.674233 0.578484 0.606114
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Barloworld GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 102.7179 97.16265 100.2084 99.93377
AlIC -2.104842 -1.95917 -2.026854 -1.998528
SIC . -1.882637 -1.709189 -1.776873 -1.720772
Adj. R*2 0.295447 0.295302 0.290135 0.289053
MSE 0.063776 0.061293 0.063312 0.060756
MAE 0.050878 0.048994 0.050346 0.049748
MAPE ) 160.6497 151.6033 165.6635 156.5248
TIC 0.443178 0.442379 0.440303 0.450519
Omnia GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 119.4172 121.1624 119.8556 121.5042
AlC -1.938756 -1.951494 -1.929155 -1.940243
SIC -1.797106 -1.786236 -1.763897 -1.751376
Adj. R*2 0.071139 0.060963 0.06301 0.050249
MSE 0.19318 0.193535 0.193083 0.193481
MAE 0.143279 0.143763 0.142899 0.143178
MAPE 205.597 212.9879 195.8724 202.2073
TIC 0.849579 0.8462 0.854251 0.849199
Sable GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 58.85311 59.62261 58.86116 59.88257
AlC -1.037062 -1.032452 -1.017223 -1.017651
SIC -0.8547 -0.824039 -0.80881 -0.783186
Adj. R*2 -0.032069 -0.073166 -0.046864 -0.076422
MSE 0.094183 0.092452 0.094125 0.092811
MAE 0.066606 0.065759 0.066499 0.065796
MAPE 61.19095 57.91842 61.16594 58.81192
TIC 0.878418 0.848432 0.88357 0.862164
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Liberty Group GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2.2)

Log Likelihood 148.5596 151.0609 148.5685 151.3694
AlC -2.39596 -2.421192 -2.379303 -2.40957

SiIC -2.255836 -2.257714 -2.215825 -2.222738

Adj. R*2 0.171436 0.161928 0.163703 0.154212
MSE 0.077663 0.078166 0.077771 0.078191
MAE 0.060148 0.060754 0.060293 0.060865
MAPE 150.6522 155.0702 151.5262 155.1395
TiC 0.675757 0.672983 0.674823 0.671117

Hudaco GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 98.12016 101.1602 08.31267 101.3083
AlC -1.981079 -2.02495 -1.963713 -2.006631

SIC -1.817685 -1.834325 -1.773088 -1.788772

Adj. R*2 0.27958 0.263219 0.27113 0.265308
MSE 0.090457 0.092262 0.091831 0.090166
MAE 0.076674 0.077248 0.078029 0.076253
MAPE 138.8511 137.1465 142.2537 136.3275
TIC 0.721692 0.718436 0.722126 0.732722

SABmiller GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 109.2919 111.4461 109.3668 111.915
AlC -2.248173 -2.27354 -2.227842 -2.261869

SiC -2.05503 -2.052806 -2.007107 -2.013542

Adj. R*2 0.146523 0.062272 0.136286 0.032733
MSE 0.056875 0.060717 0.057067 0.060874
MAE 0.050175 0.051723 0.050265 0.051558
MAPE 102.9927 117.7364 102.7102 118.8373
TIC 0.519853 0.5623269 0.522383 0.517459
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Anglo-American GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 86.47329 92.89027 83.80547 95.36473
AIC -1.826972 -1.9515 -1.742654 -1.985396
SIC -1.628566 -1.72475 -1.515804 -1.730302
Adj. R*2 0.225336 0.214756 0.198107 0.182608
MSE 0.090042 0.090344 0.090828 0.090722
MAE 0.073814 0.074119 0.073475 0.074148
MAPE 132.619 131.0431 134.1657 143.4153
TIC 0.547233 0.551943 0.57317 0.51559
Rainbow Chicken GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 32.50166 32.52567 32.55164 32.56698
AlC -0.514595 -0.495644 -0.496148 -0.477029
SIC -0.361116 -0.316585 -0.317089 -0.27239
Adj. RA2 0.1237438 0.114345 0.114032 0.104356
MSE 0.118487 0.117771 0.117209 0.116911
MAE 0.102475 0.101498 0.100732 0.100257
MAPE 140.4888 168.4483 166.4308 165.0649
TIC 0.686338 0.686931 0.687103 0.687983
FirstRand GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)
Log Likelihood 106.5361 111.8891 108.1422 108.0381
AlC -2.265198 -2.365266 -2.279132 -2.253749
SIC -2.038448 -2.110172 -2.024038 -1.970311
Adj. R*2 0.45683 0.438759 0.445897 0.434199
MSE 0.076673 0.068308 0.072855 0.071564
MAE 0.055485 0.05074 0.05369 0.052659
MAPE 254.0293 230.0773 243.7469 234.681
TIC 0.557736 0.545211 0.554882 0.552666
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SASOL GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH (2,2)

Log Likelihood 99.71843 98.80172 95.58143 99.2025
AIC -1.747018 -1.710609 -1.64917 -1.699095
SIC -1.544811 -1.483027 -1.421688 -1.446337
Adj. R*2 0.037052 0.024245 -0.039507 0.025021
MSE 0.082558 - 0.090819 0.082451
MAE 0.066959 - 0.071404 0.0662
MAPE 90.46595 - 111.752 83.04041
TIC 0.698751 - 0.64427 0.696651

Although the GARCH (1,2) model provided better estimation for 4 of the stocks namely,
Tiger Brands, Barloworld, Sable and FirstRand; whilst the GARCH (2,1) model best described 2
stocks, Impala Platinum and Omnia and the GARCH (2,2) model also provided better estimation
for 2 stocks, Hudaco and SASOL., the results obtained were consistent with what i1s commonly
observed in modelling volatility of financial data and that is the fact that the GARCH (1,1)
specification is adequate to capture the correlation in the squared returns of the stocks. In the
selected sample of JSE listed stocks used for this research, the GARCH (1,1) model best models 7
out of the 15 stocks, namely, Tongaat-Hulett, KWV Beleggings, Nuworld, Sable, Liberty Group,

SABmiller and Anglo-American.

Determining Best Distribution for Modelling with GARCH (1,1)

Further to the findings above we would also like to determine if modelling the volatility of the
stock returns using other error distributions which are fat-tailed, instead of the standard normal
distribution, such as the student’s #-distribution and the generalized error distribution (GED) would
improve the model. If indeed there ts an improvement in the forecasting ability of the mode! then
we can conclude for the purposes of this research that the specific error distribution is superior to
the normal distribution in modelling the volatility of the selected sample of JSE stocks. We
tabulate the results of the investigation below for each of the 15 JSE stocks, for the period Jan
1991 to February 2003 and using the same forecasting performance measures as before we select

the best distribution to model the volatility of the stock returns.
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Tongaat Hulett Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)
Log Likelihood 117.6817 117.3968 117.1356
AlC -2.150621 -2.125428 -2.120305
SIC -1.944741 -1.893813 -1.88869
Adj. R*2 0.346662 0.347382 0.343993
MSE 0.090175 0.096467 0.097454
MAE 0.079091 0.083919 0.085831
MAPE 339.8388 366.3698 365.6466
TIC 0.634513 0.649853 0.649836
KWV Beleggings Normal Distribution  Student's t-distribution  Generalized Error Distribution (GED)
Log Likelihood 97.22238 96.34513 96.34993
AIC -2.027164 -1.985284 -1.985392
SiC -1.86051 -1.761586 -1.761694
Adj. R*2 0.146299 0.1448 0.14478
MSE 0.060295 0.065371 0.065393
MAE 0.047807 0.052576 0.052592
MAPE 263.4349 251.965 251.8351
TIC 0.590761 0.618124 0.61834
Nuworld Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)
Log Likelihood 72.96854 75.26521 76.17566
AlC -1.299371 -1.325304 -1.343513
SIiC -1.090957 -1.090839 -1.109048
Adj. RA2 0.072004 0.094584 0.089823
MSE 0.138303 0.133959 0.133677
MAE 0.107054 0.102567 0.10212
MAPE 175.6573 147.6948 142.497
TIC 0.649847 0.69515 0.71578
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Tiger Brands Normal Distribution ~ Student's t-distribution  Generalized Error Distribution (GED)
Log Likelihood 96.9143 96.91288 97.25023
AIC -2.066995 -2.043974 -2.0561729
SIC -1.868589 -1.817224 -1.824979
Adj. RA2 0.069909 0.058168 0.056559
MSE 0.063756 0.063759 0.064129
MAE 0.050812 0.050819 0.051199
MAPE 90.01608 90.01385 89.55274
TIC 0.650162 0.650257 0.652477
Impala Platinum Normal Distribution  Student's t-distribution = Generalized Error Distribution (GED)
Log Likelihood 63.69502 69.57596 69.46562
AIC -1.348778 -1.346132 -1.34368
SiC -1.126573 -1.096151 -1.093699
Adj. R*2 0.093052 0.077553 0.075793
MSE 0.13334 0.132409 0.133557
MAE 0.108437 0.10774 0.107825
MAPE 85.19486 84.05792 82.64743
TIC 0.620611 0.607891 0.61531
Barloworld Normal Distribution ~ Student's t-distribution Generalized Error Distribution (GED)
Log Likelihood 102.7179 102.1148 105.4062
AlC -2.104842 -2.069219 -2.142361
SiC -1.882637 -1.819238 -1.89238
Adj. R*2 0.295447 0.294113 0.290202
MSE 0.063776 0.062545 0.063681
MAE 0.050878 0.05025 0.051033
MAPE 160.6497 158.1504 163.534
TIC 0.443178 0.443248 0.443691
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Omnia Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 119.4172 117.9528 119.5793
AlC -1.938756 -1.896629 -1.924433

SiC -1.797106 -1.731371 -1.759175

Adj. R*2 0.071139 0.057574 0.065292
MSE 0.19319 0.195104 0.193675
MAE 0.143279 0.145552 0.143719
MAPE 205.597 174.4764 190.5604

TIC 0.849579 0.902181 0.868006

Sable Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 58.85311 61.11284 76.2875
AIC -1.037062 -1.062259 -1.36575

Sic -0.8547 -0.853845 -1.157336

Adj. R*2 -0.032069 -0.034368 -0.027856
MSE 0.094183 0.093596 0.093639
MAE 0.066606 0.066117 0.066483
MAPE 61.19095 59.68526 57.98469

TIC 0.878418 0.86039 0.812117

Liberty Group Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 148.5596 148.5595 148.5624
AIC -2.39596 -2.379151 -2.379201

SIC -2.255836 -2.215673 -2.215723

Adj. R*2 0.171436 0.164043 0.163853
MSE 0.077663 0.077662 0.077697
MAE 0.060148 0.060147 0.060184
MAPE 150.6522 150.6449 150.9117
TIC ' 0.675757 0.675763 0.675668
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Hudaco Normai Distribution  Student's t-distribution  Generalized Error Distribution (GED)

Log Likelihood 98.12016 98.87888 98.51625

AIC -1.981079 -1.97589 -1.968091

SIC -1.817685 -1.785264 -1.777466

Adj. R*2 0.27958 0.272348 0.272327
MSE 0.090457 0.090682 0.090557

MAE 0.076674 0.076693 0.076468
MAPE 138.8511 138.1535 137.362

TIC 0.721592 0.724633 0.724956

SABmiller Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelithood 109.2919 107.8784 107.9648
AIC -2.248173 -2.19513 -2.197028

SIC -2.05503 -1.974395 -1.976293

Adj. R*2 0.146523 0.127258 0.127052
MSE 0.056975 0.056388 0.056429
MAE 0.050175 0.049889 0.049836
MAPE 102.9927 104.7714 104.4066

TIC 0.506768 0.519853 0.507399

Anglo-American Normal Distribution  Student's t-distribution Generalized Error Distribution (GED)

Log Likelihood 86.47329 - 90.16153
AIC -1.826972 - -1.888771
SIC -1.628566 - -1.662021
Adj. R*2 0.225336 - 0.212786
MSE 0.090042 ' - 0.091734
MAE 0.073814 - 0.074763
MAPE 132.619 - 124.8678
TIC 0.547233 - 0.587027
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Rainbow Chicken Normal Distribution  Student’s t-distribution  Generalized Error Distribution (GED)
Log Likelihood 32.50166 33.70823 34.39453
AlC -0.514595 -0.518606 -0.5631933
SIC -0.361116 -0.339547 -0.352873
Adj. R*2 0.123748 0.114107 0.110429
MSE 0.118487 0.1158 0.111638
MAE 0.102475 0.09977 0.094577
MAPE 140.4888 164.5388 150.7081
TIC 0.686338 0.677725 0.67678
FirstRand Normal Distribution  Student's t-distribution = Generalized Error Distribution (GED)
Log Likelihood 106.5361 106.5336 106.54
AlC -2.265198 -2.242151 -2.242298
SIC -2.038448 -1.987057 -1.987204
Adj. RA2 0.45683 0.449861 0.450052
MSE 0.076673 0.076679 0.076862
MAE 0.055485 0.055489 0.055606
MAPE 254.0293 254.051 255.0159
TIC 0.557736 0.557755 0.558346
SASOL Normal Distribution ~ Student's t-distribution  Generalized Error Distribution (GED)
Log Likelihood 99.71843 99.7305 100.5564
AlC -1.747018 -1.7282 -1.743931
SiC -1.544811 -1.500718 -1.516449
Adj. RA2 0.037052 0.030533 0.035587
MSE 0.082558 0.082303 0.081788
MAE 0.066959 0.066647 0.066038
MAPE 90.46595 89.90774 88.75999
0.698751 0.696981 0.693768

As noted in Section 4.3.3 the Normal distribution once again provides a much closer

approximation to the empirical unconditional density of 8 out of the 15 stocks. The stocks
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Tongaat-Hulett, KWV Beleggings, Tiger Brands, Omnia, Hudaco, SABmiller, Anglo-American
and FirstRand are best modelled by the normal distribution whilst 3 of the stocks; Impala
Platinum, Barloworld and Liberty Group are best modelled by the student’s ¢~ distribution and the
other 4 stocks: Nuworld, Sable, Rainbow Chicken and SASOL are best modelled using the
generalized error distribution (GED). Though there has been so much research into the use of other
error distributions which are better equipped to capture the fat-tailed nature of stock returns and
evidence to support the use of these distributions, there was no significant incentive to use
alternative distributions as the majority of the stocks in the sample were best modelled using the

normal distribution. This again is consistent with the findings in Section 4.3.3 above.

Estimated Parameters

Having determined that the symmetric GARCH (1,1) modelled with the Normal distribution
is the best model to implement for modelling the volatility of the sample of JSE listed stocks used
for this research for the period January 1991 to February 2003, we proceed to estimate the
variance equation parameters below. The technique used in estimating GARCH models involves
the maximization of a likelihood function constructed under the assumption of an i.i.d distribution

for the standardized innovations. The estimated parameters are tabulated below.

Tongaat - Hulett Coefficient Std. Error z-Statistic Prob.

c 0.000224 1.81E-06 123.7861 0
RESID(-1)*2 -0.091129 0.000897 -101.612 0
GARCH(-1) 1.068084 0.000608 1755.695 0.0000

KWV Beleggings Coefficient Std. Error z-Statistic Prob.

C 0.000825 0.001038 0.794203 0.4271
RESID(-1)"2 0.245788 0.161802 1.51907 0.1287
GARCH(-1) 0.671084 0.211238 3.176912 0.0015

Coefficient Std. Error z-Statistic Prob.

C 0.000391 0.000581 0.671701 0.5018
RESID(-1)*2 0.27355 0.10056 2.720254 0.0065
GARCH(-1) 0.739221 0.090674 8.152486 0.0000
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Tiger Brands Coefficient Std. Error z-Statistic Prob.
C 0.000878 0.001224 0.717303 0.4732
RESID(-1)*2 0.124404 0.116997 1.063305 0.2876
GARCH(-1) 0.736593 0.266358 2.765426 0.0057
Impala platinum Coefficient Std. Error z-Statistic Prob.
C 0.005031 0.023304 0.211346 0.8326
RESID(-1)"2 0.041481 0.164742 0.251795 0.8012
GARCH(-1) 0.566177 1.979401 0.286035 0.7749
Barloworld Coefficient Std. Error z-Statistic Prob.
C 0.014573 0.002475 5.888527 0
RESID(-1)*2 -0.049043 0.007674 -6.39093 0
GARCH(-1) -0.961573 0.015538 -61.88468 0.0000
Coefficient Std. Error z-Statistic Prob.
C 0.000867 0.001203 0.720223 0.4714
RESID(-1)*2 0.09191 0.092423 0.994456 0.32
GARCH(-1) 0.802888 0.213353 3.763197 0.0002
m Coefficient Std. Error z-Statistic Prob.
C 0.001699 0.000595 2.85763 0.0043
RESID(-1)"2 0.345028 0.150232 2.296634 0.0216
GARCH(-1) 0.597309 0.098672 6.053488 0.0000
Liberty Group Coefficient Std. Error z-Statistic Prob.
C 0.000459 0.000516 0.889301 0.3738
RESID(-1)*2 0.1538 0.087924 1.749249 0.0802
GARCH(-1) 0.761556 0.169251 -4.499566 0.0000
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Meﬁ'cnent Std. Error z-Statistic Prob.
0.001776 0.002853 0.622637 0.5335
RESID(-1) 2 0.096893 0.118081 0.820562 0.4119
GARCH(-1) 0.655056 0.485504 1.34923 0.1773

SABmiller Coefficient Std. Error z-Statistic Prob.

0.000533 0.000657 0.810831 0.4175
RESID(— 2 0.246556 0.201492 1.223656 0.2211
GARCH(-1) 0.682828 0.23619 2.891012 0.0038

AngIo-Amencan Coefficient Std. Error z-Statistic Prob.

0.000511 0.000641 0.796856 0.4255
RESID(-1) 2 0.106122 0.081963 1.294753 0.1954
GARCH(-1) 0.828052 0.106476 7.776891 0.0000

Rainbow Chicken Coefficient Std. Error z-Statistic Prob.

0.003711 0.004595 0.807737 0.4192
RESID(— "2 0.106825 0.101914 1.048195 0.2945
GARCH(-1) 0.786813 0.194443 4.0465 0.0001

Coefficient Std. Error z-Statistic Prob.
C 2.85E-03 0.009357 0.305018 0.7604
RESID(-1)*2 -0.043986 0.115672 -0.380264 0.7037
GARCH(-1) 0.482256 1.816031 0.265555 0.7906

Mefﬁcient Std. Error z-Statistic Prob.
C -2.16E-05 0.000207 -0.104279 0.9169
RESID(-1)*2 -0.050366 0.045146 -1.115633 0.2646
GARCH(-1) 1.065958 0.062927 16.93968 0.0000

The estimated GARCH parameters are significant within the 5% range for all the 15 stocks

with the exception of the parameters estimated for Tongaat Hulett, Impala Platinum, Barloworld,
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FirstRand and SASOL. This, as is observed in Section 4.3.4, 1s solved by including more data
points as was done in the estimation for the period January 1991 to February 2008 in which 206
data points were used instead of the 146 data points used in this estimation which is for the period
January 1991 to February 2003. Clearly it is observed that, the GARCH models are sensitive to the

number of data points used in the estimation, as more data points make the models more stable.

However, it can still be concluded that the GARCH 1,1 modelled with the normal distribution

estimates the best GARCH parameters amongst the models examined for JSE listed stocks.

Hence, given the consistency of these results with those obtained in Chapter 4 one can
conclude that the results obtained for the estimation of volatility of JSE listed stocks are reliable

for the period under investigation.
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Appendix B:

Matlab Program for Stock Data Analysis
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Appendix C:

E-views Program used in modelling of volatility in the Stock Prices
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Appendix D:

E-views Program used for determining the Covariance Matrices for

plotting the Efficient Frontiers
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Appendix E:

Matlab Program used for plotting the Efficient Frontiers





