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Abstract

This paper investigates the leverage effect in
African countries by applying normal and non-
normal distribution densities. Furthermore, we
investigate the possible opportunities for portfolio
diversification in South Afiica, Nigeria, and Egypt.
We find that negative stock returns do not generate
higher volatility in further returns than past positive
returns. All three countries are subject to the ARCH
effect, where past stock information (volatility) in-
Sfluence the current stock returns (volatility). We also

1. INTRODUCTION

In financial time series data, lepto-
kurtosis and volatility clustering are the
commonly observed phenomena that in-
dicate the higher level of risk involved
(Mandelbrot 1963). There is another meas-
ure, the leverage effect, that has acquired
great attention since it inculcates that the
fluctuation in security prices is inverse-
ly correlated to the fluctuation in secu-
rity’s volatility. Characteristically, a rising
stock price is accompanied by a decline in

find that Gaussian distribution produces a better
estimate as compared to non-novmal distribution.
In terms of portfolio diversification, returns are also
subject to the ARCH effect, however, the leverage
effect does not determine that past negative returns
influence the current stock returns asymmetrically.

Keywords: volatility, GARCH models,
ARCH effect, portfolio diversification, correlati-
on, normal and non-normal distribution

volatility and vice versa. The term leverage
effect is linked with the economic interpre-
tation that is developed by Black (1976)
and Christie (1982), showing how stock
prices fall, when companies become more
leveraged, due to an increase in value of
their debt, relative to their value of equity.
Consequently, it is a common belief that
the stock of a higher leveraged firm be-
comes risker and more volatile. Although
it is a hypothesis, however, it is generally
believed in the literature that the leverage
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effect places a question mark on a statistical
regularity. Moreover, it is also documented
that the leverage effect is mostly asym-
metric; ceteris paribus, decreases in stock
prices is associated with large increases in
stock volatility, as compared to declines in
volatility, associated with increases in stock
prices (see, e.g., Nelson, 1991; and Engle
and Ng, 1993). Encountering these types of
risks in financial time series data requires
the use of a wide variety of models that en-
capsulate variances to estimate current and
predict future volatility.

Engle (1982) has proposed the
Autoregressive  Conditional —Heteroske-
dasticity (ARCH) model that is based on
conditional time-varying variance, which
considers the lagged disturbance. (It mod-
els the change in variance over time in fi-
nancial time series data). The extension of
the ARCH model is proposed by Bollerslev
(1986), Generalized Autoregressive
Conditional Heteroskedasticity (GARCH)
model, that includes the higher-order
ARCH model to capture the dynamic be-
havior of conditional variance. Although
ARCH and GARCH models encounter
leptokurtosis and volatility clustering due
to symmetric distribution, they fail to en-
capsulate leverage effect in financial time
series data. To estimate the leverage effect
some non-linear extensions of the GARCH
model have been proposed, for instance,
EGARCH (Nelson 1991), GJR (Glosten et
al. 1993), and asymmetric power ARCH
(APARCH) (Ding et al. 1993).

Another drawback of the GARH mod-
el is the lack of embracing the thick tail
property of financial time series high fre-
quency. Bollerslev (1987) and Baillie and
Bollerslev (1989) provided the solution
to this problem, by using Student’s t-dis-
tribution. Furthermore, Liu and Brorsen
(1995) used asymmetric stable density to
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capture skewness. To model kurtosis and
skewness, Fernandez and Steel (1998) sup-
ported skewed Student’s t-distribution that,
later on, Lambert and Laurent (2000,2001)
incorporated into a GARCH framework.
To make GARH and EGARCH model fit
for stock markets, Harris et al. (2004) use
skewed generalized Student’s t-distribution
to estimate skewness and leverage effect for
daily stock returns.

Despite an extensive amount of research
on symmetric and asymmetric GARCH
models, less attention has been paid to com-
paring alternative density forecast models,
especially in the context of the African stock
market, after Nor and Shamiri (2007) drew
the comparison between different alternative
density forecast models for Malaysia and
Singapore. The financial time series data,
especially stock returns, are mostly high-
frequency data, which means that stock re-
turns are subject to fat-tailed distribution. It
is a well-known fact in finance literature that
the stock returns mostly experience kurtosis
higher than three (Simkowitz and Beedles
1980; Kon 1984). Kurtosis higher than three
ascertains that stock returns are characterized
by more extreme returns than the normal
distribution. Mittnik and Paolella (2001)
argued that fat-tailed distribution density is
important to model the daily exchange rate
of emerging countries’ currencies against the
dollar.

In this study, we fill the gap by using
normal distribution density (Gaussian) and
non-normal distribution densities (Student’s
t-distribution and  Generalized Error
Distribution - GED) to evaluate the lever-
age effect in African stock markets. With
this aim, we will explore whether a change
in distributional densities under ARCH,
GARCH, and TGARCH models leads to
any substantial change in volatility and lev-
erage effect in African countries of South
Africa, Nigeria, and Egypt. We will also
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explore the portfolio diversification oppor-
tunities in African countries and estimate
the forecast. We employ the volatility mod-
el to test its ability to forecast and capture
the volatility clustering, leptokurtosis, and
impact of negative vs positive stock returns
(leverage effect) in financial time series
data. We investigate the forecasting abil-
ity of the ARCH, GARCH, and TGARCH
models, with the use of normal and non-
normal distributional densities.

The article is structured as follows:
Section 2 reviews the previous studies,
Section 3 highlights the data and economic
modeling ARCH, GARCH, and TGARCH
in African stock markets, Section 4 discuss-
es empirical results whereas Section 5 con-
cludes the paper.

2. LITERATURE REVIEW

Engle (1982) has recommended the
ARCH model based on conditional time-
varying variance, which considers the
lagged disturbance. (It models the change in
variance over time in financial time series
data). The GARCH extension of the ARCH
model is proposed by Bollerslev (1986), by
including the higher-order ARCH model to
estimate the dynamic performance of con-
ditional variance. Although the ARCH and
GARCH models encounter leptokurtosis
and volatility clustering, due to symmetric
distribution, they, however, fail to encap-
sulate the leverage effect in financial time
series data. To estimate the leverage effect,
some non-linear extensions of the GARCH
model have been proposed, for instance,
EGARCH (Nelson 1991), GJR (Glosten et
al. 1993), and asymmetric power ARCH
(APARCH) (Ding et al. 1993).

Another drawback of the GARCH mod-
el is the lack of embracing the thick tail

property of financial time series high fre-
quency. Bollerslev (1987) and Baillie and
Bollerslev (1989) provided the solution to
this problem, by using Student’s t-distribu-
tion. Furthermore, Liu and Brorsen (1995)
applied asymmetric stable density to cap-
ture skewness. To model kurtosis and skew-
ness, Fernandez and Steel (1998) supported
skewed Student’s t-distribution, which was
later incorporated into the GARCH frame-
work by Lambert and Laurent (2000,2001).
To make GARCH and EGARCH models fit
for stock markets, Harris et al. (2004) use
skewed generalized Student’s t-distribution
to estimate skewness and leverage effect
daily stock returns.

The focus is mostly given to the appli-
cation of heteroscedastic models to finan-
cial data. Several empirical studies have
addressed the volatility of stock markets
through the ARCH and GARCH models.
It is important to analyze the volatility for
investors to measure and manage the risk
associated with stock returns, which is, in
turn, beneficial for pricing the capital as-
sets, financial instruments, and selecting
stock for portfolios. For instance, Ahmed
and Suliman (2011) and Naimy (2013) es-
timated the symmetric and the asymmet-
ric model, from the GARCH family, to
study stock return volatility. Ahmed and
Suliman (2011) study the Sudan stock mar-
ket, whereas Kalu (2010) analyses volatil-
ity in the Nigerian stock exchange. Naimy
(2013) models the volatility of the returns,
by using the GARCH (1,1) model and com-
pares them with the results of the exponen-
tial weighted moving average (EWMA).
Likewise, Shamiri and Isa (2009) show
the comparison between the conventional
GARCH models and the asymmetric non-
linear NAGARCH models in the Malaysian
stock market. Similarly, the Nairobi
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securities exchange is studied by Wagala et
al. (2012) using the ARCH model'.

Drachal (2017) carried out a cross-
country study in Europe to estimate the ef-
fect of leverage on weekly stock returns, by
using the ARCH-M, T-GARCH, EGARCH,
GJR-GARCH, and APARCH models.
Results favor the suitability of the nor-
mal GED (generalized error distribution).
Certain countries, such as Latvia, Bulgaria,
Montenegro, and Lithuania, are subject to
the significant negative risk-returns asso-
ciation, whereas the positive association is
found in Estonia, which is contrary to the
normal expectations. On a practical ground,
these findings implicate the consistency of
the CAPM model in the Estonian market
only. On the other hand, countries, with a
negative trade-off between risk and returns,
do not show higher returns for the riskier
investments. Drachal (2017) associate the
leverage effect with the investors’ behavio-
ral aspects because investors are more in-
fluenced by the bad news on the market, as
compared to good ones.

Present literature fails to explore the
leverage effect under normal and non-nor-
mal distribution densities in African stock
markets. This study fills the gaps, by ex-
ploring how the TGARH model performs
through normal and non-normal distribution
densities.

3. DATAAND METHODOLOGY

This section discusses the data and the
methodological approach to estimate the
leverage effect, using the TGARCH model,
and compares the three different densities
under GARCH and TGARCH models.

' See also: Sharma and Vipul (2016), Magsood et al.,
(2017), and Coffie (2014, 2015).
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3.1. Data and models

We selected three stock market indi-
ces daily data from African stock markets,
namely, South Africa (JTOPI 40 index),
Nigeria (NSE), and Egypt (EXG 100) from
January 2015 to May 2020%. We compute
the returns of these three indices through
the following formula:

Pit
T = In (m) * 100.

In this formula, is the compounded re-
turn of stock 7 at the time ¢, is current prices
of stock i at the time #, and is the previ-
ous year’s price of the stock 7 at the time
t. Table 1 provides the descriptive statis-
tics, test for normality, and the presence of
the ARCH effect. It can be observed that
Nigeria experiences negative mean returns,
whereas South Africa and Egypt experi-
ence positive, but very small mean returns.
South Africa’s stock index is risker than
Nigeria and Egypt, as indicated by the un-
conditional standard deviation. The distri-
bution of Nigeria is negatively distributed,
as opposed to South Africa and Egypt. The
skewness null hypothesis, supporting nor-
mal distribution with a zero coefficient, is
rejected for all three indices. These returns
exhibit fat-tail, which is confirmed by the
kurtosis coefficient value of 3. The higher
value of kurtosis in a fat-tailed distribution
density indicates that Student’s t-distribu-
tion or GED is a more accurate distribution
and produces better results than Gaussian
distribution. Jarque-Bera’s test of normality
shows that all three indices are not normally
distributed at the 1% level of significance.
Finally, Engle’s (1982) LM test confirms
the presence of the ARCH effect in all three
indices. Hence, this supports the use of
GARCH and TGARCH models.

2 Data downloaded from the investing.com website.
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Table 1. Descriptive statistics of daily indices returns

South Africa Nigeria Egypt
Mean 0.0000 -0.00002 0.0000
Median 0.0003 -0.0005 0.0003
Standard Deviation 0.0123 0.0102 0.0110
Max 0.0790 0.0383 0.0626
Min -0.1045 -0.0503 -0.0735
Skewness -0.8262 0.0366 -0.6543
Kurtosis 12.1615 5.8883 7.9565
Jarque-Bera Test 4687.89" 429.90™ 1427.82™
ARCH (5), Chi2 > Prob 0.0000 0.0000 0.0000
Observation 1332 1332 1332
3.1.1. Measuring the volatility through large dip in the prices, compared to the

ARCH, GARCH, and TGARCH
models

Stock market daily returns fluctuate in
response to various firm-related news and
other economic exogenous events (Philip
and Fransens 1988). It is also observed that
large positive (negative) observations most-
ly appear in stock returns clusters (Gujarati
2004). Thus, linear estimation techniques
(OLS) are incapable of explaining the num-
ber of important features that are common
to the stock daily returns:

*  Leptokurtosis — daily stock returns ex-
perience fat-tailed distribution.

» Volatility clustering — the tendency to-
wards stock returns volatility that ap-
pears in clusters in stock returns. E.g.,
the large returns of stocks, of either
sign, are followed by large returns, and
small returns of stock, of either sign,
are expected to have small returns in
the following period. One of the expla-
nations for volatility clustering is the
arrival of information that creates vola-
tility clustering in the stock returns.

»  Leverage effect — the likelihood of vol-
atility to increase more following the

price rise of the magnitude.

3.1.2.  The Autoregressive Conditional

Heteroscedasticity Model (ARCH)

Constant  variance  (homoscedastic-
ity) is one of the most important assump-
tions of the classical regression model:
var(n) = a*(u). u~N(0,0%) A series with chang-
ing variance over time is characterized as
heteroscedastic, which is very likely in finan-
cial time series data. Such financial series re-
quire an estimator that does not assume that
the error term possesses constant variance
and it should also ascertain how error term
variance evolves.

Another problem with the time-series
financial data is volatility clustering, mean-
ing that the period of high volatility is fol-
lowed by a higher volatility period and the
period of low volatility is characterized by a
period of lower volatility. Using the ARCH
model, the time series financial data with
non-constant variance in error terms can be
parameterized. It is also necessary to define
a conditional variance of the error term to
understand how the ARCH model works.
The conditional variance of is represented
by as follows:
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Jez = var(elpe—1, Be—z . ) = E[(1e — E(uf)zluf—]auf—b ]

()

If E(e)=0, then equation (1) can be
expressed as:

af = var(pelpe-1, Me-z ) = E[(E(peo oz o) (2)

According to equation (2), a random
variable, with zero-mean, conditional vari-
ance |, that is normally distributed is equal
to the conditional expected value of the
square of p.. In such a situation, the ARCH
model is as follows:

of = ap+ay + pf (3)

Equation (5) is a part of the ARCH (1)
model, which shows that conditional vari-
ance of the JE error term is influenced by
its immediate previous square root value.
However, it should be noted that equation
(5) only ascertains a part of the complete
model, because it does not have anything to
say about the conditional mean. The mean
conditional equation that shows Y, , as the
dependent variable, can change over time
and can take any form under the ARCH
model. The full ARCH model is as follows:

Yo = By + Baxor + Baxay + Baxar + 1 (4)
P g 4ol

g @y +ajpg. (5)

where p.~N(0,a?)

Equations (4) and (5) can also be ex-
pressed in a general form, where the vari-
ance of an error term is influenced by &
lags of square errors. This type of model is
called ARCH(k):

Yo = By BaXar + BaXar + PaXar + pe (6)
of = ay + @iy + appioy + o+ agpiy, @)

where p,~N(0,02)
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of is a conditional variance, with a positive
value®, which means that the variance re-
gression must produce positive coefficients,
e.g a;=0,(v)i=0,12...k GARCH is the
extension of the ARCH(k) model.

3.1.3.  The Generalized Introgressive
Conditional Heteroscedastic Model
(GARCH)

The GARCH model, created by

Bollerslev (1986) and Taylor (1986) es-
timates conditional variance that is influ-
enced only by its previous lagged values.
The following equation is an example of
conditional variance:

of = ay + @iy + foiy. ()

Equation (8) is a GARCH(1,1) model,
where a,u?_; expresses the information of
volatility about the previous period, while
the variance during the period is expressed
by Bo-1. GARCH (1/1) model can also be
written in a GARCH (k, p) form, where a
conditional variance is influenced by k lags
of squared errors and p lags of conditional
variances:

af = aq + iy + appi oy + o+ apdo + Prof +
+ a0ty + o+ fpoip. 9)
Equation (9) can be rearranged as:

of = ao + B @i + Zjoy B ot (10
GARH (1,1) model is, in most cas-
es, sufficient to estimate the evolution of
volatility, with the GARH (1,1) model
is as acceptable as the ARCH (2), while
the GARCH (%, p) is as acceptable as the
ARCH (k + p) model (Gujarati 2004).

3 A negative variance at any time is meaningless.
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3.1.4. The Threshold Generalized

Introgressive Conditional
Heteroscedastic Model (TGARCH)

The Threshold GARCH (TGARCH)
model was introduced by Glosten et al.
(1993), being also called GJR-GARCH, af-
ter its proponents. This model is similar to
the simple GARCH model but adds an extra
ARCH term which is restricted upon the di-
rection of the past information. It is speci-
fied as follows.

af = ap + ,81(&2—1 + ‘3‘11-&2—1 + A1ﬂz2—1dn71~

(11)
dy = [1 pe < 0 (bad news)_
0 p = 0 (good news)

In equation 11, estimates the lever-
age effect and is the dummy variable with
a value of 1, if is negative. If stock returns
are characterized by the leverage effect, the
value of should be negatively significant.

3.2. Density distributions
The GARCH model uses Maximum

assumes that error distribution is Gaussian
(normally distributed)., Nevertheless, in fi-
nancial literature, there is evidence that er-
ror is subject to non-normal distribution
densities (Nelson 1991). It is of utmost
importance to select the most appropriate
distribution for error terms during volatil-
ity modeling, as it reduces the problem,
caused by the skewness and kurtosis, due to
the conditional heteroscedasticity in the re-
siduals. Hence, our study employs all three
forms of distributions, Gaussian, Students’
t-distribution, and Generalised Error
Distribution, and compares the results.

4. EMPIRICAL RESULTS AND
DISCUSSION

This section interprets the empirical re-
sults and provides insight into the estima-
tions, using the GARCH and the TGARCH
models under three different distribution
densities.

Likelihood Estimation (MLE), which
Table 2. Estimated statistics-comparative distribution density Threshold-GARCH model
South Africa Nigeria Egypt
Gaussian t-dsitsl:;ii;l::tison GED Gaussian t-dsitsl::‘ii;l::tison GED Gaussian t—:its:l('li:::tison GED
o, [0.000™ 0.000"" 0.000"" ] 0.000"* 0.000" 0.000"" 0.000 0.000"" 0.000
0.007) | (0.011) 0.014) | (0.000) | (0.000) (0.000) [ (0.000) | (0.000) (0.000)
B, 0878 0.874™ 0.874™ 10.652™ 0.556"" 0.597" 0.671" 0.658"" 0.661"
(0.000) | (0.000) (0.000) | (0.000) | (0.000) (0.000) [ (0.000) | (0.000) (0.000)
o, [0.247" 0.021 0.021 0.223"" 0.322" 0.261"" 0.126™ 0.123" 0.121™
0.068) | (0.184) (0.175) | (0.000) | (0.000) (0.000) | (0.000) | (0.000) (0.000)
A, 0178 0.194™" 0.189™" 10.036 0.157 0.083 0.272" 0.258™" 0.262"
(0.000) | (0.000) (0.000) | (0.406) | (0.149) 0.343) | (0.000) | (0.000) (0.000)
AIC | -8420.81 -8429.31 -8434.01 |-8108.9 -8246.0 -8256.10 | -8412.92 | -8480.84 -8489.64
BIC |-8394.83 |-8398.15 -8399.84 |-8083.30 | -8215.27 -8225.35 | -8387.04 | -8449.79 -8458.60

Table 2 reports the statistics, related
to the use of the asymmetric TGARCH
model, by using normal Gaussian, with the
normal distribution density, the Student’s
t-distribution, and the generalized er-
ror distribution (GED) for three indices
South Africa, Nigeria, and Egypt, respec-
tively. Table 2 also provides a diagnostic

test, by estimating the values of AIC and
BIC (Akaike’s information criterion and
Bayesian information criterion), to com-
pare the results of the TGARCH model,
under normal and non-normal distribu-
tion densities. The evidence shows that the
ARCH effect is significant at the 1% level
across Nigeria and Egypt under normal and
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non-normal distribution density. However,
it is insignificant in South Africa for non-
normal distribution only. This implies that
past stock returns information can influ-
ence the current stock returns across all
three countries. Similarly, the coefficient of
the GARCH effect is also significant at the
1% level for all three countries, under nor-
mal and non-normal distribution densities.
Positive significant states that the past vola-
tility of stock returns influences the present-
day volatility of stock returns.

Moreover, the impact of news is signifi-
cant in South Africa and Egypt. However,
the positive sign indicates that previous
day negative stock returns do not generate
greater volatility in stock returns than previ-
ous day positive stock returns. On the other
hand, for Nigeria for normal and abnormal
distribution densities establishes the insig-
nificance of the leverage effect in Nigeria.
The leverage effect is more profound in
the case of South Africa under abnormal
distribution densities, such as Student’s
t-distribution and the generalized error

Table 3. Pearson correlations

distribution. However, this magnitude fur-
ther falls, when applying normal (Gaussian)
distribution. Thus, results indicate that
South Africa and Egypt experience the lev-
erage effect, but bad news does not generate
higher volatility than good news. The sig-
nificance of the leverage effect is the same,
regardless of distributional densities across
South Africa and Egypt. However, Nigeria
is not subject to any leveraging effect.

4.1. Portfolio diversification:
Threshold GARCH model

In addition, we investigate the portfo-
lio diversification opportunities in South
Africa, Nigeria, and Egypt, by construct-
ing a portfolio with weights of 50% in the
South African stock market, 25% in the
Nigerian stock market, and 25% in the
Egypt stock market. Table 3 shows the
Pearson correlation among the three indi-
ces. The correlation coefficient is small and
does not indicate the perfect correlation
among the three indices, which is suitable
for portfolio diversification.

South Africa Nigeria Egypt
South Africa 1.0000
Nigeria 0.0776 1.0000
Egypt 0.0178 0.0213 1.0000

Table 4 provides descriptive statistics
for the portfolio, constructed based on three
indices. It can be observed that the mean re-
turns of the portfolio are lower than the in-
dices of South Africa and Egypt, but greater
than those of Nigeria, whereas the portfolio
standard deviation is smaller than the in-
dividual standard deviation of each index.

196

The skewness and kurtosis show that the
portfolio returns distribution is negatively
skewed and leptokurtic (fat-tailed). The
probability value of the LM test is lower
than 0.05 for the ARCH effect, with a lag of
5. Hence, Table 4 concludes the presence of
the ARCH effect in the portfolio series.



Management, Vol. 26, 2021, No. 1, pp. 189-200

A. Ejaz, P. Polak, Z. Ali Imran: AN INVESTIGATION INTO SHARE PRICES’ CONDITIONAL ...

Table 4. Summary statistics

Descriptive Portfolio
Mean -0.0001
Median 0.0003
Standard Deviation 0.0073
Skewness -0.9286
Kurtosis 10.919
ARCH (5), Prob > Chi 0.0000

Table 5 shows ARCH (1,1), GARCH (1,1)
and TGARCH (1,1) results. These models
show the internal effect of the portfolio return
time series. The squared error coefficients and
conditional variance are statistically signifi-
cant at the 1% level of significance, respec-
tively. As comparable to Table 2, the coeffi-
cients of ARCH and GARCH in Table 5 are
significant at the 1% significance level, which
infers that the past portfolio returns have pre-
dictive power to explain the portfolio returns
for the forthcoming day, while the past portfo-
lio volatility can also explain the present-day

portfolio volatility, respectively. Hence, Table
5 shows that the period of high volatility is
followed by a period of higher volatility and
the period of small volatilities is also followed
by a period of smaller volatility.

However, the coefficient of the
TGARCH model is significant, but not nega-
tive. This, however, suggests that although a
diversified portfolio is subject to the leverage
effect, the past negative portfolio returns do
not generate higher volatility, as compared to
the past positive returns.

Table 5. Mean and variance ARCH, GARCH, and TGARCH models

O] @)
Variables Portfolio ARCH
Portfolio (Mean Model)
Constant 0.0003
(0.060)

Variance Model
Constant -0.0000""

(0.002)
L.ARCH 0.056™

(0.001)
L.TARCH 0.087

(0.000)
L. GARCH 0.879™

(0.000)
Observations 1332 1332

Note: p value in parentheses
** p<0.01, ** p<0.05, * p<0.1
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It is important to check the autocorrela-
tion in the residual of the TGARCH model
to use the coefficients for future forecast-
ing. Table 6 presents the Autocorrelation
Function (ACF), Partial Autocorrelation
Function (PACF), Q statistics, and associ-
ated probability value. The results indi-
cate that the residuals are not subject to

Table 6. Correlogram

autocorrelation as the p-value is greater
than 0.05 and fails to reject the null hypoth-
esis. Based on this evidence, the estimated
coefficients in Table 6 can be utilized to
forecast the future volatility of diversified
portfolios in South Africa, Nigeria, and
Egypt. Thus, there is no ARCH effect on
the residuals.

LAG AC PAC Q

Prob>Q

[Partial

[Autocorrelation] Autocorrelation]

1 0.0587 0.0591 4.6057

0.0619

5. CONCLUSION

The aim of the study is twofold: to eval-
uate the forecast and performance of asym-
metric volatility (leverage effect) through
the TGARCH model under normal and non-
normal distribution densities, and to explore
the possible opportunities for portfolio di-
versification in African countries, South
Africa, Nigeria, and Egypt. Our study con-
tributes to the existing literature as follows.
First, we select an emerging stock market
from Africa, where the asymmetric model
has not been applied yet. Second, we mod-
el asymmetric volatility of the individual
stock market, as well as a diversified port-
folio, and capture the time-series feature of
kurtosis, skewness, and volatility clustering.
Third, we introduce the comparison among
the normal and the non-normal distribution
density of the asymmetric model, across all
three countries. Our results show all three
countries have the leptokurtic (fat tail) and
the negatively skewed distribution.

TGARCH models for individual coun-
tries show that the past stock returns (vola-
tility) influence the present stock returns
(volatility), across all countries, under all
distribution densities, whereas a leverage
effect is only present in South Africa and
Egypt. However, negative returns do not
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generate higher volatility, as compared to
positive returns. On the other hand, the lev-
erage effect is insignificant in Nigeria. The
diagnostic tests show AIC and BIC produce
the lowest estimates under Gaussian dis-
tribution for all three countries. This infers
that normal distribution produces better and
reliable estimates for all countries.

The existence of the ARCH effect indi-
cates that investors in these markets should
seek more information about volatility,
before allocating their funds for portfolio
investment. Investors and fund managers
should not only be limited to the mean-
variance analysis before the investment,
but also consider asymmetric information,
volatility, skewness, kurtosis, and correla-
tion (see for example Bekaert et al, 1996).
The presence of the ARCH effect should be
compensated with higher returns, as it in-
creases the cost of equity capital in South
Africa, Nigeria, and Egypt stock markets.

Future research should be directed to-
wards estimating and forecasting the real-
ized volatility by utilizing intra-day returns.
Moreover, future studies may apply models
for conditional variances, such as APARCH
and long memory models, e.g. FIEGARCH,
FIAPARCH, and CGARCH. These mod-
els provide greater information on the
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dynamics of the returns series. Lastly, the
same methodology can be applied to other
African countries to explore the effect of
economic and structural variables that influ-
ence returns volatility.
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ANALIZA UVJETNE HETEROSKEDASTICNOSTI I
NESIMETRICNOG MODELA CIJENA DIONICE U
JUZNOJ AFRICI, NIGERIJI I EGIPTU

Sazetak

U ovom se radu istraZuje efekt poluge u afric-
kim zemljama koriStenjem gustoce normalne i
ne-normalnih distribucija. Nadalje, analizira-
mo moguce prilike za diverzifikaciju portfelja u
Juznoj Africi, Nigeriji i Egiptu. Rezultati poka-
zuju da negativni povrati na dionice ne dovode
de veée volatilnosti buducih povrata, negoli je to
slucaj kod pozitivnih povrata u proslosti. U sve
tri drzave, na snazi je ARCH efekt, prema kojem
informacije o prosloj cijeni dionica i njenoj vo-
latilnosti djeluju na tekuce povrate na dionice i
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njihovu volatilnost. Takoder dolazimo do zakljuc-
ka da Gaussova distribucija dovodi do bolje pro-
cjene, u usporedbi s ne-normalnom distribucijom.
S obzirom na diverzifikaciju portfelja, i povrati se
ravnaju prema ARCH efektu, pri cemu, ipak, efekt
poluge ne odreduje asimetrican utjecaj proslih
negativnih povrata na tekuce cijene dionica.

Kljuéne rijedi: volatilnost, GARCH modeli,
ARCH efekt, diverzifikacija portfelja, korelacija,
normalna i ne-normalne distribucije





