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Abstract

This study is aimed at investigating the volatility dynamics and the risk-return relation-
ship in the South African market, analyzing the FTSE/JSE All Share Index returns for 
an updated sample period of 2009–2019. The study employed several GARCH type 
models with different probability distributions governing the model’s innovations. 
Results have revealed strong persistent levels of volatility and a positive risk-return 
relationship in the South African market. Given the elaborate use of the GARCH ap-
proach of risk estimation in the existing finance literature, this study highlighted sev-
eral weaknesses of the model. A noteworthy property of the GARCH approach was 
that the innovation distributions did not affect parameter estimation. Analyzing the 
GARCH type models, this theory was supported by the majority of the GARCH test 
results with respect to the volatility dynamics. On the contrary, it was strongly un-
supported by the risk-return relationship. More specifically, it was found that while 
the innovations of the EGARCH (1, 1) model could account for the volatile nature of 
financial data, asymmetry remained uncaptured. As a result, misestimating of risks oc-
curred, which could lead to inaccurate results. This study highlighted the significance 
of the innovation distribution of choice and recommended the exploration of different 
nonnormal innovation distributions to aid with capturing the asymmetry.
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INTRODUCTION

The condition of a country’s financial system is a key indicator of a 
country’s stability. It forms the foundation for progression in terms of 
sustainable economic growth, development and job creation. While 
contributing to the overall stability of a country, it can also affect lo-
cal and foreign investment decisions. In this context, the state of the 
financial market can either attract or repel investors, affecting the 
growth of the nation. By understanding the status of a financial mar-
ket, investors’ decision-making process and investment strategies can 
be assisted and structured accordingly. That is, it must be estimated 
what level of risk they should take concerning an investment in ven-
ture to optimize their chance to earn a superior return.

The volatile nature of a market causes key indicators of forecasting, 
i.e., risks and returns, to be difficult to apply. Moreover, it becomes 
rather unreliable if inadequate models are used. Thus, forecast-
ing risk and price movements remains a fundamental problem for 
any financial market. The Generalised Autoregressive Conditional 
Heteroscedasticity (GARCH) models are a preferred method to quan-
tify the risk (Feng & Shi, 2017). An underlying assumption for GARCH 
modelling by Engle (1982), is that asset returns follow a normal distri-
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bution. The normality assumption of asset returns is considered unrealistic, given the empirical nature 
of returns which is asymmetric and volatile. Particularly for emerging markets, i.e., those of South 
Africa that show unique market return characteristics, are considered to have heavy tails and high levels 
of volatility, as pointed out by Adu et al. (2015).

To address these factors, there has been some extensions added to the standard GARCH model, as well 
as different nonnormal innovation distributions introduced to assist with capturing the asymmetry. 
The problem statement is that if data properties violate the unrealistic assumptions of the GARCH ap-
proach, then the parameter estimates are going to be misleading. This is viewed as problematic due to 
the GARCH approach being accepted as a reliable method in risk estimation and could result in inac-
curate decisions that lead to financial losses. 

As such, this article investigates the South African market with the goal of understanding the conditions 
and price movements of the market. By applying the more advanced extensions to the GARCH model, it 
is likely to improve forecast accuracy. It is expected that the extensions of the standard GARCH model 
will determine evidence of asymmetry and significant levels of volatility, contributing to a greater un-
derstanding of the market. In turn, this will highlight its suitability for investors with a less than typical 
aversion to risk in order to a realize upside potential. 

1. LITERATURE REVIEW

Understanding the dynamics in a market can as-
sist investors in strategizing their investment ven-
tures to optimise their probability of realising a 
superior return. Drawn from Yu et al. (2019), vol-
atility is defined as a strong persistence of risk and 
is asymmetric in nature. Asymmetric volatili-
ty refers to the tendency for volatility to increase 
more in response to changes of the same absolute 
magnitude in negative returns than for changes in 
positive returns, or vice versa. This phenomenon 
is documented as an empirical regularity in most 
financial markets, and has been systematically 
proven over time as sufficed by Yu et al. (2019), 
Khan et al. (2016), Mandimika & Chinzara (2012). 
The GARCH models often treat the leverage effect 
similarly as the asymmetric volatility (Mandimika 
& Chinzara, 2012).

According to Khan et al. (2016), the GARCH ap-
proach can account several market characteristics 
such as volatility clustering and the asymmetric 
effects – asymmetric volatility and the leverage ef-
fect. The authors employed the three most com-
mon GARCH models – GARCH (1, 1), EGARCH 
and GARCH-M over the sample period from June 
1998 to June 2012. Monthly returns were obtained 
from the Karachi Stock Exchange 100 Index and 
twenty-three sectors of the Pakistani equity mar-
ket. The study aimed to analyze volatility dynam-

ics on an aggregate market and disaggregated sec-
torial level where the sectors were selected based 
on their accessibility. 

The GARCH (1, 1) can identify the clustering na-
ture of volatility found in price data by capturing 
its persistence. Khan et al. (2016) stated that the 
GARCH (1, 1) model revealed persistent volatility 
but at different levels across the sectors. To capture 
further market characteristics, there have been 
used several extensions of the standard GARCH 
model. The first of these is the EGARCH model, 
modified to capture the asymmetric effects. Khan 
et al., (2016) found the presence of the weak asym-
metric effects by EGARCH, on both an aggregate 
and disaggregate levels. 

The GARCH-M model is used for the pricing of 
risk, which revealed whether returns depend on 
the risks. Khan et al. (2016) found that risk was 
priced in the Pakistani market and that a posi-
tive risk-return relationship exists there. However, 
Mandimika & Chinzara (2012) stated that the 
GARCH-M model has its limitations as it can’t 
capture asymmetry. Jin (2017) highlighted that 
the GARCH approach is prone to model mis-
specification as it has underlying assumptions 
and constraints due to being a parametric mod-
el. Furthermore, Feng & Shi (2017) found that risk 
remained uncaptured by the GARCH model’s 
innovations.
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Khan et al. (2016) recommended to analyze eco-
nomic fundamentals as these were driving forces 
of asymmetric volatility. Park et al. (2017) applied 
the DCC-MGARCH model to the daily data sets 
of the Korean market for the sample period from 
2004 to 2013. The study analyzed the variables of 
KOSPI200 returns, an implied volatility measure 
and four macroeconomic variables – risk-free 
rates, term spreads, credit spreads and exchange 
rates. A sign and size bias test and joint effect (JE) 
test showed that the standard GARCH model in-
adequately captures risks, which confirmed the 
symmetric nature of the GARCH model. The final 
findings by Park et al. (2017), revealed mixed re-
sults where the return in relation to the macroeco-
nomic factors varied based on the type of regres-
sion analysis and specifications. 

In a BRICS study, Adu et al. (2015) used the ARMA-
EGARCH-M over the sample period from January 
1995 to May 2014 to analyse the MSCI index. The 
daily data sets of the largest stock markets in the 
respective countries were of primary focus. The 
market return characteristics of an emerging mar-
ket were confirmed to have heavy tails due to higher 
levels of volatility. The leverage effect was detected 
at all the emerging markets except for the South 
African one, and concluded that there is no risk-re-
turn relationship in the South African market. 

Mangani (2008) also found no risk-return rela-
tionship except for the vague evidences of asym-
metric effects in the South African market. The 
Johannesburg Stock Exchange (JSE) was investi-
gated as it was the largest stock market in South 
African market at the time. The study employed 
the GARCH (1, 1), EGARCH and DGARCH mod-
els to the weekly ALSI returns for the sample pe-
riod from February 1973 to April 2002. Mangani 
(2008) concluded that the GARCH (1, 1) model 
was the most effective one. The study found that 
the innovations demonstrated random behaviour 
by the Brock, Dechert and Scheinkman (BDS) 
randomness test. In turn, this suggested that non-
linearities remained uncaptured within the inno-
vations of the model.

Following Mangani (2008), Mandimika & Chin-
zara (2012) applied the normal, student-t and 
Generalised Error Distribution (GED) in com-
bination with the EGARCH-M, TARCH-M and 

GARCH-M models to improve the results of their 
study. The analysis used the JSE daily data for the 
sample period from 1995 to 2009. Results revealed 
strong persistent volatility over time and signifi-
cant evidence of the asymmetric effects. The study 
concluded the TARCH-M to be the most robust 
model and GED to be the optimal innovation dis-
tribution from the diagnostic testing of informa-
tion criteria. It was recommended to take into ac-
count the higher moment properties upon condi-
tion of inconclusive results. This can be addressed 
by the employment of different innovation distri-
butions, in contrast to Spierdijk (2016), who stated 
that the innovation distributions did not affect pa-
rameter estimation.

Ilupeju (2016) applied the APARCH model for 
analysis of the daily data set of JSE ALSI returns, 
in addition to the GARCH models employed by 
Mandimika & Chinzara (2012), over the sample 
period from May 20, 2005 to May 31, 2016. The 
study used the Skewed-Student-t distribution, 
Pearson Type IV distribution (PIVD), Generalised 
Pareto distribution (GPD), Generalised Extreme 
Value distribution (GEVD) and stable distribution. 
Sign and size bias tests revealed the presence of 
volatility clustering and the leverage effect in the 
South African market. As an optimal model, the 
study identified the APARCH model with PIVD 
and GPD for the short-run and the stable inno-
vation distribution for the long-run. The random-
ness tests, i.e., BDS, Bartels rank and Cox-Stuart, 
were applied to the APARCH model. As a result, 
nonlinearities remained uncaptured, in line with 
Mangani (2008). 

From a chronological review of the South African 
literature, it was noted that more significant evi-
dence was found regarding the asymmetric effects. 
Mandimika & Chinzara (2012) further noted that 
while using different innovation distributions, 
the results could be improved by accounting for 
asymmetry that the model itself could not fully 
capture. With this in mind, this study employed 
the GARCH approach with different innovation 
distributions to investigate the market conditions 
of the South African market to provide useful in-
formation for the market participants. Following 
the documented South African studies, the larg-
est stock exchange, the JSE was investigated where 
the daily ALSI returns were analyzed. 



109

Investment Management and Financial Innovations, Volume 18, Issue 2, 2021

http://dx.doi.org/10.21511/imfi.18(2).2021.09

2. METHODOLOGY

This study was performed by analyzing different 
types of GARCH models and innovation distri-
butions to determine if asymmetry had been ade-
quately captured. The optimal GARCH model was 
selected and the model’s innovations were specif-
ically investigated to show whether the risk was 
fully captured.

2.1. Dataset

Following Mandimika & Chinzara (2012), the 
choice of data and variables was as follows. The 
secondary daily price data of the FTSE/JSE All 
Share Index (ALSI) was obtained from the IRESS 
database for the sample period from October 15, 
2009 to – October 15, 2019. Daily data were ana-
lyzed as high-frequency data provided a more ac-
curate estimation of the variables. The timeframe 
of this study was ten years. The sample included 
only listed companies, so newly listed and delisted 
companies were excluded. The choice of this pe-
riod aimed to limit the potential effects of struc-
tural breaks in the analysis. While it could have 
been extended, it would become more susceptible 
to the influences of exogenous economic shocks, 
which, in that context, affected the accuracy of the 
GARCH test results (Jin, 2017).

The daily ALSI price data was converted to ALSI 
market returns by the log transformation of 
Equation 1:

1

ln ,t
m

t

P
R

P−

 
=  

 

 (1)

where mR  denoted market returns and tP  repre-
sented the share price for the current day t  and 

1tP−  was the share price for the previous day 1,t −  
where 1, , 2499.t =   This step ensured the sta-
tionarity requirement for GARCH modelling and 
is standard practice in finance literature (Khan et 
al., 2016). Thereafter, the calculation of excess re-
turns was made by Equation 2:

,t m fr R R= −  (2)

where tr  denoted the market risk premium, equal 
to the difference between the market return mR  
and the risk-free rate .fR  The annual risk-free 

rate was obtained from the South African Reserve 
Bank (SARB) and converted to a daily value from 
Equation 3 by Brooks (2014):

( )
1

3651 .f fDailyR yearlyR
 
 
 = +  (3)

The South African Treasury Bill was the proxy for 
the risk-free rate based on accessibility and availa-
bility, in line with Mandimika & Chinzara (2012).

To motivate the application of the GARCH ap-
proach, the ALSI returns underwent heterosce-
dasticity tests, following Khan et al. (2016). To in-
vestigate if the ALSI data were heteroscedastic, the 
Ljung-Box (LB2) and Autoregressive Conditional 
Heteroscedastic Lagrange Multiplier (ARCH-LM) 
tests were employed.

2.2. GARCH (1, 1)

Bollerslev (1986) introduced the GARCH model as 
an extension of the ARCH model, where the cur-
rent conditional variance was a function of past 
volatility as well as the innovation terms.

2 2 2

0 1

1 1

.
q p

t i t j t j

i j

uσ α α β σ− −
= =

= + +∑ ∑  (4)

As shown by Equation 4, the conditional variance 
2

tσ  was time-varying and dependent on the past 
lagged innovation terms squared 

2

1
.tu −  Volatility 

clustering described the clustering nature of vola-
tility, heavy tails and excess kurtosis as measured 
by their persistence (Adu et al., 2015). The ARCH 
effect 

1
α  represented the persistence of risk over a 

short period while the GARCH effect 
1
β  covered 

the long-term. 

Khan et al. (2016) stated that the conditional 
variance is subject to change, but the uncondi-
tional variance of the innovation terms is con-
stant. Therefore, the assumption of stationar-
ity for the innovation terms only holds when 

1 1

1.
q p

i j

i j

α β
= =

+ <∑ ∑  If this constraint is satisfied, 
the assumption of stationarity is valid and the 
long-run mean variance converges to uncondi-
tional variance given by Equation 5:

( )2 0

1 1

var .

1

t t q p

i j

i j

u
ασ
α β

= =

= =
 

− + 
 
∑ ∑

 (5)
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As shown by From Equation 5, if

 
1 1

1,
q p

i j

i j

α β
= =

+ <∑ ∑  the unconditional variance 

for the innovation terms was undefined and 
nonstationary. 

If 
1 1

1,
q p

i j

i j

α β
= =

+ =∑ ∑  the unconditional variance 

was nonstationary and the above convergence 
would not occur. However, 

if 
1 1

1,
q p

i j

i j

α β
= =

+ >∑ ∑  the forecast of conditional 

variance would increase to infinity as the sample 
period increases.

To confirm the GARCH models’ inadequacy to 
capture risks, the model underwent an asymme-
try test, following Park et al. (2017). Essentially, if 
the JE test statistic is significant, it can be conclud-
ed that asymmetry was present and the GARCH 
model inadequately captured the asymmetric na-
ture of the ALSI returns.

2.3. GJR-GARCH (1, 1)

Glosten et al. (1993) extended the GARCH model 
with the addition of the term 

2

1 1
.t tu Iγ − −

2 2 2 2

0 1 1 1

1 1

.
q p

t i t j t j t t

i j

u u Iσ α α β σ γ− − − −
= =

= + + +∑ ∑  (6.1)

As shown by Equation 6.1, 
0

α  denoted a con-
stant term and 

1
α  denoted the parameter of the 

squared lagged innovation term 
2

1
.tu −  The param-

eter 
1

α  and jβ  followed the standard GARCH 
model and the asymmetry parameter of interest γ 
captured the asymmetric effects.

1

1

1,  if 1

0,  otherwise 

t

t

u
I

−
−

<
= 


 (6.2)

As shown by Equation 6.1, the interaction varia-
ble 

1tI −  given by Equation 6.2, distinguishes the 
effects of positive and negative volatility. 

Drawn from Mandimika and Chinzara (2012), 
when 0,γ ≠  the asymmetric volatility is present, 

where positive and negative volatility shocks or 
news impacted volatility differently. The volatility 
shock or type of news was represented by the sign 
of 

1
.α  For a positive sign of 

1
,α  good news had a 

greater impact on volatility than bad news of the 
same magnitude at the market. If 0,γ >  this in-
dicated the presence of both asymmetric effects, 
but if 0,γ <  the presence of asymmetric volatility, 
but the absence of the leverage effect, is indicated.

2.4. EGARCH (1, 1)

The exponential GARCH model by Nelson (1991), 
was specially designed to capture asymmetric ef-
fects without being subject to any nonnegativity 
constraints, in contrast to all other GARCH models.

( )

( )

2

0 1

1

2

1

1

ln

.
t j

q

t i t t

i

p

j t t

j

z z

z

σ α α

β σ γ
−

−
=

−
=

= +  −Ε  + 

+ +

∑

∑
 (7)

As shown by Equation 7, the conditional variance 
was able to respond in a nonlinear manner to pos-
itive and negative returns by the magnitude of the 
innovation 1 1t tz zα − −Ε    and the sign effect 

1
.tzγ −  The interpretation of the asymmetry pa-

rameter ã  followed the GJR model (Ilupeju, 2016).

2.5. APARCH (1, 1)

Following the asymmetric GARCH models, Ding 
et al. (1993) used the asymmetric power ARCH 
model.

( )0

1 1

.
p q

t i t i i t i j t j

i j

e e
δδ δσ α α γ β σ− − −

= =

= + − +∑ ∑  (8)

As shown by Equation 8, γ  showed the asymmet-
ric effects where a positive value meant that neg-
ative volatility shocks have a greater impact than 
positive. The parameter δ  shown as the exponent 
enhances the model to the extent that it can take 
on a number of ARCH and GARCH models.

To conclude the investigation of volatility dy-
namics, the optimal fitting GARCH model and 
innovation distribution were selected by infor-
mation criteria. This selection was determined 
by the smallest values of the Akaike Information 
Criterion (AIC) and the Bayesian Information 
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Criterion (BIC), following Khan et al. (2016). The 
standardised innovations were investigated, to de-
termine if risk remained uncaptured, employing a 
number of preliminary tests, following Mangani 
(2008), Mandimika & Chinzara (2012). The normal-
ity tests used were Shapiro-Wilk (SW), Jarque-Bera 
(JB) and Anderson-Darling (AD), as well as the het-
eroscedasticity tests, the LB2 and ARCH-LM. Finally, 
the independent and identically distributed (IID) 
tests were the BDS, Bartels rank and Cox-Stuart.

2.6. GARCH (1, 1)-M

Engle et al. (1987) introduced the ARCH-in-mean 
model, which was extended to the GARCH-in-
mean model since the GARCH models became 
relatively more popular. The ‘in-mean’ is in refer-
ence to the conditional mean, which contains the 
conditional variance and the risk premium pa-
rameter of which the latter is used to determine 
the risk-return relationship.

( )2

1

, 0,1 .
p

t j t j t t

j

y u u Nµ δ σ −
=

= + +∑   (9)

Equation 9 showed the ARCH-M specification, the 
risk premium ,jδ following standard literature. 
The conditional variance 

2σ  of the GARCH-M 
and EGARCH-M model followed Equation 4 and 
Equation 7, respectively.

It should be noted that for the preliminary tests 
and the GARCH approach, the results were drawn 
from the p-value, following the majority of stud-
ies reviewed such as Mangani (2008), Mandimika 
& Chinzara (2012), Adu et al. (2015) and Ilupeju 
(2016). If the p-value was less than the standard 
5% level of significance, the null hypothesis can be 
rejected; thus, the alternative hypothesis was con-
cluded. If the p-value was greater than the standard 
5% level of significance, the null hypothesis was not 
rejected and the null hypothesis was concluded.

3. RESULTS

3.1. Preliminary tests

Following standard literature, the ALSI index lev-
el data was differenced to log form before data ex-
ploration, to ensure stationarity and avoid a spuri-
ous regression. Table 1 showed the basic descrip-
tive statistics of the ALSI returns.

According to Table 1, the ALSI excess returns have 
an average value of 0.000 translating to a corre-
sponding rate of the return, which was indicative 
of a nonprofitable trading strategy in the South 
African market. The negative skew value of –0.167 
described a distribution that tended to the left. The 
positive value of excess kurtosis of 1.277 meant 
that the ALSI returns followed a leptokurtic distri-
bution, which is a peaked distribution with heavy 
tails. Thus, the results from the basic descriptive 
statistics showed that the ALSI returns followed 
an asymmetric distribution. Table 2 showed the 
test results for heteroscedasticity.

According to Table 2, since the p-values of both 
the LB2 and ARCH-LM tests were less than 5%, 
the null hypothesis stated that the ARCH effect is 
absent within the ALSI return series and can be 
rejected. Thus, it was concluded that heteroscedas-
ticity was present within the ALSI return series, 
which supported the GARCH approach.

3.2. Volatility dynamics

Following Mandimika and Chinzara (2012), pa-
rameter estimates of the GARCH model were 
determined by the maximum likelihood (ML) 
method to investigate the volatility dynamics of 
the South African market. The four innovation 
distributions consisted of the standard normal 
(NORM), student–t (Std–t), skewed student–t 

Table 1. Descriptive statistics of the ALSI returns

Number of observations Minimum Maximum Mean Standard deviation Skewness Excess kurtosis

2498 –0.037 0.042 0.000 0.010 –0.167 1.277

Table 2. Heteroscedasticity tests for the ALSI returns

ALSI LB2 ARCH-LM

Returns 567.920*** 213.370***

Note: *, **, *** mean the p-value is significant at a 10%, 5% and 1% level of significance, respectively.
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(Skew–t) and the Generalised Error Distribution 
(GED). The lag order for the GARCH (p, q) models 
were both set to one, as this was considered ap-
propriate to capture volatility dynamics, based on 
information criteria. Table 3 showed the ML pa-
rameter estimates of the GARCH (1, 1) for differ-
ent innovation distributions

Table 3. ML parameter estimates of the GARCH 
(1, 1) for different innovation distributions

Estimates NORM Std–t Skew–t GED

µ
 – 0.021** – 0.000***

1
α 0.057*** 0.059*** 0.060*** 0.059***

1
β


0.942*** 0.940*** 0.939*** 0.940***

1 1
α β+


0.999 0.999 0.999 0.999

AIC –6.557 –6.575 –6.583 –6.573

BIC –6.552 –6.565 –6.574 –6.564

JE 34.524*** 32.760*** 34.694*** 32.841***

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

According to Table 3, the ARCH and GARCH ef-
fects were statistically substantial at the conven-
tional 5% level of significance. It was noteworthy 
that volatility was driven by the GARCH effect, 
which dominated the ARCH effect. This meant 
that long-term volatility was more persistent in 
the South African market than on a short-term 
basis. The sum of the ARCH and GARCH effects 

( )1 1
α β+


 was close but less than one. This meant 

that, firstly, the assumption of stationarity is de-
tected, and secondly, the volatility present in the 
South African market could be further described. 

According to Khan et al. (2016), if the assumption of 
stationarity is detected, this implied that the long-
run mean variance converges to unconditional var-
iance. If the unconditional variance for the innova-
tion terms was less than one, as in this case, then the 
innovation terms were undefined and nonstation-
ary. Consequently, the GARCH (1, 1) model could 
be seen as a regular linear ARMA model, which is 
limited in fitting higher moment properties, accord-
ing to Brooks (2014). Secondly, the sum of the ARCH 
and GARCH effects was equal to 0.9, confirming the 
presence and persistence of long-term volatility. 

For the JE test, since the p-values were less than 
5%, the null hypothesis of asymmetry being ab-

sent can be rejected. Since asymmetry was present 
and was inadequately captured by the GARCH (1, 
1) model, this motivated the employment of the 
asymmetric GARCH models as showed in Tables 
4, 5 and 6. Given the asymmetric GARCH mod-
els were adequate for analysis by the significance 
of the ARCH and GARCH effects, the focus was 
placed on the asymmetry parameter .γ  Table 4 
showed the ML parameter estimates of the GJR-
GARCH (1, 1) model with different innovation 
distributions.

Table 4. ML parameter estimates of GJR-GARCH 
for different innovation distributions

Estimates NORM Std–t Skew–t GED

0
α – – – –

1
α 0.038*** 0.0348*** 0.038*** 0.037***

1
β


0.951*** 0.952*** 0.950*** 0.951***

γ 0.517*** 0.603*** 0.482*** 0.546***

δ


2 2 2 2

1 1
α β+


0.989 0.986 0.988 0.988

AIC –6.581 –6.595 –6.602 –6.592

BIC –6.574 –6.586 –6.590 –6.583

JE 26.384*** 25.920*** 26.670*** 26.219***

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

According to Table 4, γ  was statistically signif-
icant and positive for the GJR-GARCH mod-
el, which meant that the South African market 
showed the presence of asymmetric effects. The 
sign of 

1
α  indicated that positive volatility shocks 

have a greater impact on volatility, comparing 
to negative shocks of the same magnitude. Table 
5 showed the ML parameter estimates of the 
EGARCH (1, 1) model with different innovation 
distributions.

Since the interpretation of γ  for EGARCH followed 
the GJR model, the presence of asymmetric effects 
was confirmed. However, according to Table 5, the 
sign of 

1
α  was negative for EGARCH, where nega-

tive volatility shocks have a greater impact on vola-
tility, comparing to positive shocks of the same mag-
nitude. This was in contrast to GJR and suggested 
an inconsistency of the GARCH approach. Table 6 
showed the ML parameter estimates of the APARCH 
(1, 1) model with different innovation distributions.
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Table 5. ML parameter estimates of EGARCH 
with different innovation distributions

Estimates NORM Std–t Skew–t GED

0
α –0.234*** –0.227*** –0.219*** –0.235***

1
α –0.127 *** –0.131*** –0.132*** –0.129***

1
β


0.975*** 0.976*** 0.977*** 0.975***

γ 0.0780*** 0.077*** 0.074*** 0.079***

δ


– – – –

1 1
α β+


0.848 0.845 0.845 0.846

AIC –6.618 –6.624 –6.637 –6.623

BIC –6.608 –6.613 –6.623 –6.611

JE 12.942*** 12.739*** 12.653*** 12.788***

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

Table 6. ML parameter estimates of APARCH with 
different innovation distributions

Estimates NORM Std–t Skew–t GED

0
α – 0.000*** 0.000*** 0.000***

1
α 0.060*** 0.064*** 0.064*** 0.063***

1
β


0.951*** 0.926*** 0.927*** 0.926***

γ 0.622*** 1.000*** 1.000*** 1.000***

δ


1 1 1 1

1 1
α β+


1.011 0.990 0.991 0.989

AIC –6.576 –6.621 –6.634 –6.620

BIC –6.569 –6.610 –6.620 –6.608

JE 26.153*** 16.514*** 16.801*** 16.348***

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

According to Table 6, the APARCH for a normal 
innovation distribution was the only model that 
had a sum of the ARCH and GARCH effects be-
ing greater than one, in contrast to all the GARCH 
test results. Focusing on the interpretation of γ  for 
the APARCH, the negative volatility shocks have a 
greater impact, comparing to positive shocks. This 
finding was in line with the EGARCH model but 
in contrast to the GJR model stated above. To set-
tle this inconsistency, the optimal fitting GARCH 
model was determined by model diagnostics, after 
noting whether the models adequately captured 
the asymmetric nature of the ALSI returns. 

According to Tables 4, 5 and 6, the JE test 
showed that asymmetry remained uncap-
tured by all three asymmetric GARCH models. 
Nonetheless, the optimal fitting GARCH mod-
el was the EGARCH followed by the APARCH, 
and the GJR. Concerning the probability distri-
butions, the optimal fitting innovation distri-
bution was Skew–t followed by Std–t, GED and 
NORM. Since the EGARCH was found to be the 
optimal model, the model’s standardised inno-
vations were further investigated.

3.3. Uncaptured risk 

Following Mangani (2008), Mandimika & Chin-
zara (2012), the standardized innovations of the 
EGARCH model were investigated to determine 
if the model adequately captured risks. Table 7 
showed the preliminary test results for the inno-
vations of the EGARCH (1, 1) model.

Table 7. Preliminary test results for the 
innovations of the EGARCH

Test Name Results

Normality

SW 0.993***

JB 66.782***

AD 4.118***

Heteroscedasticity
LB2 19.084

ARCH-LM 19.062

Randomness

Bartels rank –0.095

Cox-Stuart 602.000

BDS 2.000

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

According to Table 7, since the p-values of the 
SW, JB and AD tests were all less than 5%, the 
null hypothesis that the innovations are nor-
mally distributed can be rejected. For the p-val-
ues of both the LB2 and ARCH-LM tests, the null 
hypothesis that the ARCH effect is absent in the 
innovations cannot be rejected at a 5% level of 
significance. Since the p-values of all three IID 
tests were greater than 5%, the null hypothesis 
that the innovations are IID cannot be rejected. 
In conclusion, the absence of heteroscedasticity 
meant that the EGARCH adequately captured 
the volatile nature of the innovations. However, 
the model failed to capture asymmetry and 
nonnormality.
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3.4. Risk-return relationship 

Given that both the GARCH-M models were ad-
equate for analysis of the ARCH and GARCH ef-
fects, the focus was placed on the risk-premium 
parameter δ


. Table 8 showed the results for the 

GARCH (1, 1)-M model with different innovation 
distributions.

Table 8. ML parameter estimates for GARCH-M 
with different innovation distributions

Parameter 

estimates NORM Std–t Skew–t GED

µ –0.000 –0.000 –0.000 –0.000

1
α 0.059*** 0.060*** 0.062*** 0.060***

1
β


0.940*** 0.939*** 0.937*** 0.939***

1 1
α β+


0.999 0.999 0.999 0.999

δ


0.143* 0.133* 0.091 0.149*

AIC –6.557 –6.575 –6.596 –6.574

BIC –6.548 –6.564 –6.580 –6.562

JE 32.808*** 31.694*** 32.772*** 31.506***

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

According to Table 8, the risk-premium parameter 
was statistically insignificant at a 5% level of signifi-
cance for all the innovation distributions. However, 
the risk premium was statistically significant at a 
10% level of significance for the remaining three 
innovation distributions (NORM, Std–t and GED) 
except Skew–t. The latter finding was in contrast 
to the results of model testing, based on AIC and 
BIC, where the Skew-t innovation distribution was 
determined to be the optimal fitting distribution. 
Table 9 showed the results for the EGARCH (1, 1)-
M model with different innovation distributions.

According to Table 9, all the risk-premium param-
eters were statistically substantial at a 5% level of 
significance for all the innovation distributions. 
This was in direct contrast to the GARCH-M 
model, particularly for the Skew-t innovation 
distribution. The EGARCH model is asymmet-
ric, and Skew-t assumes that the innovations are 
asymmetric, implying a more robust combina-
tion in estimating the risk-return relationship. 
However, according to Table 8, the combination 
of the GARCH-M with Skew-t resulted in an in-

significant risk-premium. Since EGARCH pro-
vided a more robust risk estimation, concerning 
the information criteria relative to the standard 
GARCH model, the overall EGARCH-M results 
were favoured. 

Table 9. ML parameter estimates for EGARCH-M 
with different innovation distributions

Parameter 

estimates NORM Std–t Skew–t GED

µ –0.002*** 0.002*** 0.002*** –0.001***

0
α – – – –0.345***

1
α –0.119*** –0.119*** –0.126*** –0.127***

1
β


1.000*** 1.000*** 1.000*** 0.964***

1 1
α β+


0.880 0.881 0.874 0.836

δ


–0.242*** –0.206*** –0.204*** 0.184***

γ 0.063*** 0.060*** 0.062*** 0.080***

AIC –6.603 –6.610 –6.624 –6.623

BIC –6.591 –6.596 –6.608 –6.607

JE 15.681*** 16.006*** 15.875*** 12.796***

Note: *, **, *** mean the p-value is significant at a 10%, 5% 
and 1% level of significance, respectively.

With respect to the innovation distributions, ac-
cording to AIC and BIC for the GARCH-M and 
EGARCH-M model, the optimal innovation dis-
tribution was Skew-t followed by Std-t, GED and 
NORM – in line with the above results for the 
volatility dynamics. Although the Skew-t was 
the optimal fitting innovation distribution, the 
GARCH-M and EGARCH-M risk-premium result 
was in direct contrast, revealing an inconsistency 
in the GARCH approach. This is caused by the fact 
that the GARCH-M is symmetric in nature, while 
the EGARCH-M is asymmetric. To consolidate 
this theory, the JE test was analyzed. According 
to Tables 8 and 9, the JE test revealed that both the 
GARCH-M and EGARCH-M models inadequate-
ly captured ALSI returns, irrespective of whether 
the GARCH model was symmetric or asymmetric.

4. DISCUSSION

The preliminary tests investigated the distribu-
tion and nature of the ALSI returns in order to 
motivate the employment of the GARCH ap-
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proach. Since the ALSI return data was found to 
be stationary, asymmetric and volatile, this vali-
dated the employment of the GARCH approach, 
by Khan et al. (2016). The GARCH (1, 1) model 
investigated the nature of volatility in the South 
African market. It was concluded by the sum of 
the ARCH and GARCH effects being equal to 0.9, 
that long-term volatility was present and strong-
ly persistent in the South African market. The 
high volatility levels would result in mispricing’s 
in the market, hence, an opportunity for arbi-
trage for investors to capitalize on. Thus, attract 
investors that seek a higher return and boost in-
vestment levels in the South African economy.

According to Khan et al. (2016), since the un-
conditional variance for the innovation terms 
was less than one, as in this case for the ma-
jority of the GARCH models, then the innova-
tion terms were undefined and nonstationary. 
Consequently, the standard and asymmetric 
GARCH models could be seen as a regular linear 
ARMA model, which is limited in fitting higher 
moment properties, according to Brooks (2014). 
This finding was supported by the JE test, which 
showed that asymmetry remained uncaptured, 
by all the GARCH type models.

The standard APARCH model was the only ex-
ception to the above interpretation and explana-
tion, as the sum of the ARCH and GARCH ef-
fects was greater than one. According to Khan et 
al. (2016), the forecast of unconditional variance 
increases to infinity following the increase of ob-
servations. The GARCH type models, which are 
essentially parametric, have a set of parameters 
with respect to finite sample size. As a result, the 
model cannot make an appropriate forecast of 
an infinite number of observations, according to 
Brooks (2014) and Jin (2017). 

In the context of the asymmetric GARCH mod-
els, the presence of the asymmetric effects was 
confirmed. However, there was an inconsistency 
with regards to which type of shock or news had 
a greater impact for the South African market. 
This inconsistency was settled by determining 
the optimal fitting GARCH model, which was 
the EGARCH followed by the APARCH and the 
GJR. The result of the EGARCH being foremost 
was in contrast to the standard GARCH (1, 1) 

by Mangani (2008), TARCH by Mandimika and 
Chinzrara (2012) and APARCH by Ilupeju (2016). 
Since EGARCH and APARCH were foremost 
to GJR, it was concluded that negative volatili-
ty shocks or bad news have a greater impact on 
the South African market. Therefore, a strong-
er potential risk-return relationship is possible, 
since volatility indefinitely increases follow-
ing bad news, according to Khan et al. (2016), 
Mandimika and Chinzara (2012).

Concerning the probability distributions, the op-
timal fitting innovation distribution was Skew-t 
followed by Std-t, GED and NORM. Since the 
normal innovation distribution was the least 
good fit, this meant that the fitting of a normal 
innovation distribution to volatile and asym-
metric financial data is unrealistic, in line with 
Jensen and Maheu (2018). Since EGARCH was 
the optimal model, the standardised innovations 
were investigated to determine if the risk had 
been fully captured. It was found that EGARCH 
adequately captured the volatile nature of the in-
novations, in line with Mandimika & Chinzara 
(2012), Ilupeju (2016). However, the model failed 
to capture asymmetry and nonnormality, in line 
with Mangani (2008), Ilupeju (2016), Feng & Shi 
(2017). The risk-return relationship was investi-
gated by the GARCH-M and EGARCH-M.

For GARCH-M, the risk-premium parameter 
was statistically unsubstantial at a 5% level of 
significance for all the innovation distributions, 
whereas for EGARCH-M all the risk-premium 
parameters were statistically substantial. This 
was because the GARCH (1, 1) was not designed 
to assess the asymmetry, hence it was misspec-
ified, in line with Jin (2017). For GARCH-M, 
the risk-premium parameters were statistical-
ly substantial at a 10% level of significance for 
the remaining three innovation distributions 
except for Skew-t, despite the Skew-t innovation 
distribution being the optimal fitting distribu-
tion. This point highlighted the significance of 
innovation distribution choice, as it affected pa-
rameter estimation, in line with Mandimika & 
Chinzara (2012). 

The significant risk-premium of EGARCH-M 
was expected, according to Khan et al. (2016), 
Mandimika & Chinzara (2012), since the nega-
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tive news were found to dominate the positive 
news in terms of the volatility by EGARCH and 
APARCH. Therefore, it was confirmed that the 
negative news leads to a positive risk-return rela-
tionship due to the indefinite increase in volatil-

ity following bad news relative to positive news. 
Consequently, investors would be more likely to 
optimize their return by investing after a peri-
od of bad news than positive news in the South 
African market.

CONCLUSION

It was found that the South African market was subject to strong persistent levels of volatility, which over a 
long period can be considered undesirable, as it can result in severe market instability. This can pose a chal-
lenge to policymakers and can be avoided by export diversification and the maintenance of macroeconomic 
and political regulatory frameworks. However, a fair amount of volatility can attract investors to seek a supe-
rior return, which exists in the South African market, since a positive risk-return relationship has been found. 
This finding was in contrast to previous South African studies, which found no risk-return relationship and 
can be explained by the limitations of the conventional GARCH approach, as stated by this study. 

Investigating the volatility dynamics, several inconsistencies arose from the GARCH test results due to 
asymmetry being uncaptured by the model itself, in addition to the model’s innovations, as was shown 
by all the JE tests and the standardised innovations of the EGARCH model. In the context of the risk-re-
turn relationship, contrasting results were found by the GARCH-M and EGARCH-M, with respect to 
the skewed student-t distribution. Thus, the choice of innovation distribution needs to be carefully tak-
en into consideration. It was found that such a choice has a significant impact on parameter estimation. 
Since the choice of innovation distribution can aid with capturing the asymmetry that the model itself 
cannot account for, this study recommends the exploration of different nonnormal innovation distribu-
tions to improve the accuracy of the GARCH test results, as an area for future research.
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