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Abstract

To enhance risk management techniques, this study attempts to evaluate the feasibil-
ity of treating volatility as a distinct asset class in portfolio diversification strategies. 
In particular, it examines dynamic conditional correlations and spillover effects be-
tween equity returns across Johannesburg Stock Exchange (JSE) indices and volatil-
ity (as determined by the VIX and the South African Volatility Index – SAVI), both 
before and during the COVID-19 pandemic (2010 to 2022). By extending the analy-
sis beyond the global VIX to also include the local SAVI, the study provides insights 
into the role of volatility in emerging economies. The study employed the Multivariate 
GARCH models: the Dynamic Conditional Correlation (DCC) GARCH of Engle and 
the Baba, Engle, Kraft, and Kroner (BEKK) model proposed by Engle and Kroner. We 
found evidence of volatility spillovers from the VIX to the South African equity indi-
ces. However, the VIX did not exhibit a significant response to volatility in the South 
African market. The study revealed consistent and significant negative correlations be-
tween volatility (VIX & SAVI) and JSE broad market indices, with these correlations 
further decreasing during the pandemic. Additionally, the SAVI showed notably lower 
correlations with the JSE market compared to the VIX, suggesting its distinct role in 
conveying risk perception and market expectations specific to the JSE.
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INTRODUCTION 

In the dynamic financial market landscape, risk assessment and effec-
tive hedging strategies remain crucial for investors and portfolio man-
agers. The nexus between market volatility and asset returns shapes 
risk management practices. Volatility, a barometer of market senti-
ment and investor fear, provides insights into future market direction, 
allowing market participants to make effective investment decisions. 
The VIX is globally recognised as a benchmark for equity market 
volatility and has evolved into a tradable asset class, allowing inves-
tors to long or short volatility through derivatives (Liu et al., 2022). 
Empirical evidence highlights an inverse relationship between volatil-
ity and stock returns – intensifying during periods of market stress 
(Cheuathonghua et al., 2019; Auinger, 2015). For example, declines in 
the S&P 500 index are often accompanied by surges in the VIX, un-
derscoring its role as a hedge against downturns. However, most stud-
ies have focused on the U.S. market, particularly the S&P 500, leaving 
gaps in understanding how volatility-return dynamics unfold across 
other indices and within emerging economies.
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South Africa offers a compelling case, with the availability of a local benchmark – the SAVI – and its 
integration into global financial markets. Volatility shocks in emerging markets can reverberate inter-
nationally, influencing global risk perceptions and prompting hedging behaviour among investors with 
emerging market exposure (Karanasos et al., 2022). Emerging markets are generally more sensitive to 
global financial conditions, with local volatility often serving as an early warning signal for broader sys-
temic risk. This interconnectedness underscores the need to investigate volatility transmission and di-
versification dynamics not only in relation to the VIX but also through the SAVI. A cross-market index 
perspective is especially valuable, as different indices may exhibit unique responses to macroeconomic 
shifts and global events, offering deeper insights into volatility’s role in hedging and diversification. 

1. LITERATURE REVIEW

The Modern Portfolio Theory (MPT) developed 
by Markowitz (1952) shaped portfolio manage-
ment by emphasising efficient construction based 
on the risk-return trade-off. Its cornerstone is di-
versification aimed at maximising returns while 
minimising risk. According to the MPT, diversi-
fication reduces risk by selecting a weighted set 
of assets whose combined risk is lower than that 
of individual assets. It follows the principle of 

“never put your eggs in one basket” . The risk-re-
duction potential depends on asset return volatil-
ity and correlations of asset pairs (Just & Echaust, 
2020). The lower the correlation, the greater the 
diversification benefits. Assets with low correla-
tions offset each other’s downside risk, lowering 
portfolio risk without equivalent return reduc-
tion (Markowitz, 2014).

Markowitz’s mean-variance model (1952) op-
timised the balance between risk and return 
through asset correlations. Later models refined 
this: Fishburn (1977) introduced the Mean-Gini 
(MG) model for non-normal return distribu-
tions, improving flexibility; Shalit and Yitzhaki 
(2005) developed the MG efficient frontier to 
address quadratic utility and normality limita-
tions; Konno and Yamazaki (1991) proposed the 
Mean-Absolute Deviation (MAD) model for real-
time optimisation of large portfolios; Rockafellar 
and Uryasev (2000) introduced Conditional 
Value-at-Risk (CVaR) for better tail risk manage-
ment; Krokhmal et al. (2002) showed CVaR con-
straints create more stable portfolios; Alexander 
and Baptista (2002) compared VaR and mean-
variance, noting VaR can increase volatility in 
some portfolios; Agnesens (2013) found exten-
sive constraints are often needed for effective 
diversification.

These developments highlight the evolving nature 
of diversification while reaffirming Markowitz’s 
principle that low correlations significantly reduce 
portfolio risk. This paper builds on that founda-
tion, integrating modern approaches to analyse 
diversification’s role in financial risk management. 
Koumou (2020) argues that diversification within 
the same sector offers limited protection against 
industry-wide risks, emphasising cross-industry 
diversification. However, cross-industry diversi-
fication cannot hedge against cyclical factors af-
fecting all industries, showing that diversification 
mainly offsets uncertainty from incomplete infor-
mation (Koumou, 2020).

Traditionally, investors diversified between equity 
and fixed income. Within equities, global invest-
ing historically improved diversification (Binstock 
et al., 2017). Recently, however, correlations be-
tween global stock indices have risen, especially 
during downturns, eroding these benefits (Moran 
& Liu, 2020). Lan et al. (2023) found heightened 
volatility spillovers during COVID-19, signalling 
stronger market interconnectedness. Siriopoulos 
and Fassas (2013) reported increased conditional 
correlations in implied volatility indices during 
turbulence, reducing diversification opportunities.

In response to changing markets, new asset classes 
have emerged, including derivatives, hedge funds, 
alternative investments, and ETFs. Volatility has 
evolved from a market uncertainty indicator to a 
distinct asset class, with the S&P Volatility Index 
(VIX) as its benchmark. Initially designed for eq-
uity markets, the VIX now enables active trading 
for hedging or diversification.

Recent studies reinforce volatility’s role. Bouri et 
al. (2017) examined cryptocurrency diversifica-
tion in international stock markets, emphasising 
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volatility spillovers; Alexander and Lazar (2006) 
used a multivariate GARCH model to manage 
risk and optimise portfolios; Engle and Colacito 
(2006) assessed how volatility and correlation 
forecasts improve diversification; Guidolin and 
Timmermann (2008) explored stochastic dis-
count factor (SDF) volatility timing in global 
portfolios; Maghyereh et al. (2017) analysed 
spillovers and cross-hedging in commodity 
markets.

Empirical evidence shows a negative, asymmetric 
relationship between the VIX and equity returns, 
especially in stress periods (Badshah et al., 2016; 
Chichilnisky & Rezai, 2017; Padungsaksawasdi 
& Daigler, 2014). Just and Echaust (2020) found 
close dependence between returns, implied vol-
atility, and implied correlation in US markets. 
Cheuathonghua et al. (2019) reported that even 
small changes in VIX affect global markets in ex-
treme conditions, with more pronounced effects 
in developed markets and on volatility in emerg-
ing markets. Jackwerth and Vilkov (2019) found 
evidence of a significant risk premium for market 
volatility correlation.

While much research examines volatility 
spillovers between equity markets (Atenga & 
Mougoué, 2021; Bhar & Nikolova, 2009; Lan et 
al., 2023), fewer studies focus on volatility as 
an asset class in developing economies. Most 
existing work targets the US and EU using the 
VIX and broad market indices. From a South 
African perspective, Peerbhai et al. (2024) exam-
ined SAVI–equity return relationships, finding 
a positive correlation – unlike many developed 
markets. However, they did not study dynamic 
correlations and relied on static GARCH mod-
els. This study focuses on South Africa, compar-
ing the evolution of dynamic equity–volatility 
correlations for the VIX and the local volatility 
index (SAVI) under different market conditions, 
exploring cross-index rather than broad-index 
relationships. Cheuathonghua et al. (2019) note 
that the VIX’s impact varies with market con-
ditions. This study examines dynamic condi-
tional correlations between volatility and equity 
returns for various South African stock indices 
before and during the pandemic to assess the 
possibility of using volatility as a standalone as-
set class for diversification.

2. METHODS 

To examine the dynamic conditional correlation, 
spillovers, and hedging effectiveness of the VIX and 
SAVI on South African cross-market indices, the 
study employed Multivariate GARCH models: the 
Dynamic Conditional Correlation (DCC) GARCH 
of Engle (2002) and the BEKK model of Engle and 
Kroner (1995). The BEKK model provides a use-
ful framework for examining cross-asset and mar-
ket volatility spillovers, but is complex, requiring 
many parameter estimates (Ghorbel & Jeribi, 2021). 
Alternatives, such as the Constant Conditional 
Correlations (CCC) and DCC models (Engle, 2002), 
offer more streamlined specifications.

Multivariate GARCH models explore temporal de-
pendence in conditional variance between variables. 
They are widely used in financial literature due to 
their simplicity and ability to generalise other volatil-
ity measures. Financial time series often exhibit fat-
tailed returns, volatility clustering, time-varying vol-
atility, asymmetry, persistence, co-movements, and 
mean-reverting volatility. GARCH-type conditional 
volatility models, the most commonly used family of 
volatility models, are specifically designed to address 
these characteristics (May & Farrell, 2018).

2.1. MDCC GARCH 

Following Ceylan (2021)’s approach, we employed 
the Engle (2002) DCC GARCH model to analyse 
the time-varying conditional correlations and 
volatilities among the VIX/SAVI and several eq-
uity indices within the South African market. The 
Dynamic Conditional Correlation (DCC) GARCH 
model by Engle (2002) is a powerful tool for ana-
lyzing dynamic correlations. The DCC GARCH 
model is favored for its flexibility and simplicity 
in estimating time-varying correlations, making 
it computationally efficient and ideal for large da-
tasets (Engle, 2002). Unlike the constant correla-
tions observed in a CCC model, the DCC GARCH 
model permits dynamic conditional correlations 
that fluctuate over time. The notable benefit of 
the DCC model lies in its independence from the 
number of series being estimated, providing com-
putational efficiency, especially when dealing with 
large covariance matrices (Engle, 2002). However, 
it may struggle with capturing non-linear depen-
dencies in extreme market conditions. 
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Specifically, in a DCC GARCH (1,1) model, where 

tr  
 represents a vector of two returns, denoted as 
( )'

1 2 ,;  t t tr r r=  

( )  ,t tA L r ω ε= +  (1)

where A(L) is a lag polynomial and tε  is the error 
term. The DCC model is based on the assumption 
that conditional returns follow a normal distribu-
tion with a mean of zero and a conditional vari-
ance matrix.

'

 t t th E r r =    (2)

expressed as. 

 ,t t t tH D R D=  (3)

where tD  represents the conditional covariance 
diagonal matrix defined as

( )
1

2 , t tD diag h =    (4)

where the elements of tD  are estimated using the 
univariate GARCH. The conditional correlation 
matrix ( ) ,tR  varies over time and is defined as: 

( ) ( )1 1 1 1
2 2 2 2

11, , 11, ,  ,t t nn t t t nn tR diag q q Q diag q q
− − − −

= … …  (5)

where represents the n x n symmetric positive def-
inite matrix, and the DCC (1,1) model can be for-
mulated as follows: 

( ) 1 1 1,1t t t tQ Q Qα β αε ε β− − −− − + +=  (6)

where tQ  represents the conditional covariance 
matrix of the error terms, while Q  denotes the 
unconditional covariance matrix. The scalar pa-
rameters   andβ α  are non-negative, satisfying 

 1.β α+ <  When 0,α β= =  tQ  equals ,Q  
making the CCC model suitable for correlation 
matrix estimation. According to Engle (2002), Q  
is the second moment of the error term ( )tε  often 
approximated by sample moments of estimated 
returns in large systems. In this section, the pri-
mary focus is on ,tR  which denotes the condition-
al correlations given as:

12,

12,

11, 22,

  .
t

t

t t

q

q q
ρ =  (7)

2.2. MGARCH-BEKK

The Baba, Engle, Kraft, and Kroner (BEKK) model 
by Engle and Kroner (1995) is a robust technique 
for analysing volatility spillovers. The BEKK mod-
el ensures the positive definiteness of the covari-
ance matrix and provides a detailed view of vol-
atility spillovers, though its complexity can lead 
to computational challenges and overfitting in 
large systems (Engle & Kroner, 1995). Diebold 
and Yilmaz’s (2012) methodology for measur-
ing spillover effects through forecast error vari-
ance decompositions has gained popularity for its 
straightforward and intuitive approach. However, 
it tends to focus on aggregate spillover indices 
and may miss the detailed dynamics captured by 
multivariate GARCH models (Diebold & Yilmaz, 
2012). The DCC and BEKK models offer a more 
granular analysis of volatility and correlation dy-
namics, which is essential for effective hedging 
and risk management.

The Engle and Kroner (1995) BEKK model can be 
defined as follows:

' ' '

1 1

1 1

 ,
k k

t i t t i i i t i

i i

H C C A A G H Gε ε− − −
= =

= + +′ ∑ ∑  (8)

where tH  represents the conditional variance ma-
trix in the MGARCH BEKK model; iA  and iG  
are N x N matrices of parameters, while C is an 
N x N upper triangular matrix of constants; 1tε −  
denotes the residual matrix at time t–1. Equation 8 
ensures that all diagonal representations are posi-
tive definite. In accordance with Mohammadi and 
Tan (2015), we set the lag length to one, resulting 
in a concise specification of the BEKK model as 
follows:

' ' '

1 1 , t t i t t i t i t tH C A A G H Gε ε− − −= + +  (9)

In this context, ,tC   tA , and tG  denote the coeffi-
cients of the BEKK-GARCH model, as expressed 
by Engle and Kroner (1995) as follows: 

11, 12, 11 12

21, 22, 22

11 12 11 12

21 22 21 22

,  ,  
0

,  ,

t t

t

t t

h h c c
H C

h h c

g g
A G

g g

α α
α α

   
= =   

  
   

= =   
   
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( ) ,   where  1, 2 , ;t itH h i N= = …
 

( ); ,   where  , 1, 2 , ,t i j tC C i j N−= = …
 

( ), , where  , 1, 2 , ;t ij tA i j N= ∝ = …
 

( ),G , where  , 1, 2 , .t ij tG i j N= = …

The symmetric BEKK model can be transformed 
into an Asymmetric BEKK model (Park et al., 
2020) as follows: 

' '

1

'

1 1 1

 

 , , 

t t i t t i t

i t t t t

H C A A

G H G D D

ε ε

η η
− −

− − −

= +

+ ′+
 (10)

where 

11, 12, 11 12

21, 22, 22
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0

,  ,

t t

t

t t

h h c c
H C

h h c

g g
A G
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α α
α α

   
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   
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D
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∫
η

∫
−

−
−

 − 
= =    −    

The Engle and Kroner BEKK model effectively 
decomposes each conditional variance into its 
GARCH and ARCH components. The volatility 
of each Index return under the ARCH framework 
is influenced by the squares and cross-products of 
the preceding period’s shocks associated with each 
asset return utilised. In this context, 11 1 ;  Nα α…  
encapsulate the impact of each asset’s past squared 
shocks on today’s volatility in the current index 
returns (Ghorbel & Jeribi, 2021). 

2 2 2 2 2 2

11, 1 1,1 1, 1 2,1 2, 1 ,1 , 1

11 21 1, 1 2, 1 11 31 1, 1 3, 1

11 1 1, 1 , 1 21 31 2, 1 3, 1

21 41 2, 1 4, 1 1,1 1 1, 1 4, 1

 

,

2 2

2 2

2 2

t t t N N t

t t t t

N t N t t t

t t N N N t t

h c α ε α ε α ε

α α ε ε α α ε ε

α α ε ε α α ε ε

α α ε ε α α ε ε

− − −

− − − −

− − − −

− − − − − −

= + + …+

+ …+

+ +

+ +

 (11)

Similarly, the volatility of each Index under the 
GARCH component is influenced by the prior 
covariance and conditional variances associated 
with each of the N corresponding indices. Here, 

11 1Ng g…  represent the effect of each asset’s pre-
ceding volatility on today’s volatility of the Index 
in question (Ghorbel and Jeribi (2021). 

2 2 2 2

11, 1 1,1 11, 1 2,1 22, 1

2 2

,1 , , 1 11 21 12, 1

11 31 13, 1 11 ,1 1, , 1

21 31 23, 1 21 41 24, 1

1,1 1 1, , 1.

2

2 2

2 2

2

t t t

N N N t t

t N N t

t t

N N N N t

h c g h g h

g h g g h

g g h g g h

g g h g g h

g g h

− −

− −

− −

− −

− − −

+

= + + …

+ +

+ …+

+

+

 (12)

This study seeks to evaluate the dynamic corre-
lations and volatility dynamics between the VIX 
and different indices of the South African market. 
Consequently, the investigation focuses on 1tα  
and 1tβ  to analyze spillover effects. The estimat-
ed BEKK parameters ( ). ,A i  and ( ). ,B i  corre-
spond to the ARCH and GARCH parameters per-
taining to each asset or series .i  The ARCH term 
( ). ,A i  captures the response of asset i  ‘s volatil-
ity to squared standard innovations in each asset. 
In equation 12, the diagonal parameters 1ig  sig-
nify the GARCH effects from asset/return 1 to as-
set/return ,i  while the diagonal matrix A, 1,iα  in 
equation 11 denotes the ARCH effects from asset 1 
to asset i  (Mohammadi & Tan, 2015).

2.3.	Data and the variables

The analysis used daily time-series price data from 
January 1, 2010, to December 31, 2022, divided into 
two samples: the pre-COVID-19 period (January 
1, 2010, to November 30, 2019) and the COVID-19 
period (December 1, 2019, to December 31, 2022). 
This window was chosen to capture the broader 
market dynamics associated with the pandemic, 
including the initial volatility shock, the recovery 
driven by stimulus, and the normalization phase 
that followed in 2022. Even though the most se-
vere financial effects of the pandemic happened 
in early 2020, volatility models such as BEKK and 
DCC depend on persistent correlation structures 
that evolve over long periods. Hence, using a lon-
ger window makes sure that all the different kinds 
of uncertainty related to the pandemic are taken 
into account. We recognize that different defini-
tions, like shorter event windows or the establish-
ment of a post-COVID period, may yield further 
insights. This opens up important paths for fu-
ture research.
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Study variables included the CBOE VIX, the SAVI, 
and four South African equity indices: the JSE All 
Share, Top-40 (40 most valuable firms), Mid Cap, 
and Small Cap. The VIX, a primary measure of ex-
pected market volatility, is derived from S&P 500 
Index option prices and is recognised as a leading 
US equity market volatility indicator (Lin, 2013). 
It is calculated by aggregating weighted prices of 
SPX puts and calls across various strike prices 
(Moran & Liu, 2020), incorporating SPX week-
ly option expirations – only options expiring on 
Fridays with valid non-zero bid and ask prices 
are included. This reflects market sentiment on 
which strike prices are likely to be reached before 
expiry. By enabling volatility exposure replication 
through an SPX option portfolio, this methodol-
ogy has turned the VIX from a theoretical mea-
sure into a practical benchmark for volatility trad-
ing and hedging (Moran & Liu, 2020). Consistent 
with prior research, daily closing prices of the eq-
uity indices were used. Prices were converted into 
continuously compounded log returns. Data came 
from the S&P Capital IQ online database.

The data were aligned using synchronous daily 
closing prices because the trading hours of the JSE 
and US markets do not completely match. Many 
international volatility spillover studies use this 
method because daily VIX values account for all 
of the US trading session, including the opening 
period that overlaps with the last 90 minutes of 
JSE trading. Because volatility is persistent and 
has a long memory, daily MGARCH models can 
accurately capture spillovers even without intra-
day alignment. Therefore, even though intraday 
analysis could provide additional granularity, the 
closing-price alignment approach used here is 
consistent with established literature and suitable 
for examining volatility transmission at the daily 
frequency.

3. RESULTS 

3.1.	Descriptive statistics

Table 1 presents the descriptive statistics of re-
turns for the JSE broad indices. Over the sample 
period, all assets had positive mean returns except 
for the SAVI, which was negative. During the sam-
ple period, the JSE All Share and Top 40 indices 
both had the highest average daily returns (0.027). 
These similar return levels reflect the broad mar-
ket performance captured by the JSE’s largest and 
most representative segments. In the pre-COVID 
period, the Midcap index had the highest mean 
return, while the VIX and SAVI showed nega-
tive returns, reflecting lower volatility. During the 
pandemic, the Small-cap index posted the high-
est mean return among the four JSE indices. Both 
the VIX and SAVI had significant positive returns, 
likely due to heightened volatility. Volatility in-
dices showed greater deviations from the mean, 
with higher standard deviations than the JSE eq-
uity indices in both periods.

3.2.	Correlation analysis 

Table 2 shows the static correlations of re-
turns from the four JSE broad indices and the 
Volatility Indices (VIX and SAVI) during pre- 
and post-COVID-19 periods. A significant neg-
ative correlation exists between all equity and 
volatility indices in both periods, suggesting 
potential diversification benefits. The negative 
correlations are stronger during the pandem-
ic, supporting the view that the inverse rela-
tionship between equity returns and volatility 
is more pronounced in crises (Chichilnisky & 
Rezai, 2017), implying that volatility can hedge 
equity returns. Results also show a weak posi-
tive, statistically significant correlation between 

Table 1. Descriptive statistics
ALSH MIDCAP SMLCAP TOP40 VIX SAVI

Mean (Overall) 0,027% 0,023% 0,024% 0,027% 0,002% –0,001%

Pre COVID 0,029% 0,032% 0,020% –0,007% –0,016% –0,018%

COVID 0,036% 0,005% 0,052% 0,025% 0,034% 0,070%

Std. Dev. (Overall) 1,224% 0,994% 0,780% 1,320% 7,710% 6,374%

Pre COVID 0,951% 0,772% 0,558% 1,361% 3,608% 7,763%

COVID 1,437% 1,438% 1,292% 2,982% 5,006% 8,316%

Maximum 7,262% 5,650% 10,29% 7,907% 76,82% 230,7%

Minimum –10,23% –11,21% –11,30% –10,45% –35,06% –230,0%

Observations 4248 4248 4248 4248 4248 4225
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VIX and SAVI, indicating a marginal simulta-
neous increase in their volatility. The Small Cap 
index has the lowest correlation with the other 
JSE broad indices, highlighting potential diver-
sification benefits. Static correlations among the 
JSE broad indices increased during the pandem-
ic, indicating risk concentration and reduced 
diversification.

3.3.	Unit	root	and	ARCH	effects

For GARCH models to be fitted, data series must 
exhibit stationarity, heteroskedasticity, and evi-
dence of volatility clustering. A battery of tests, 
including the Augmented Dickey-Fuller (ADF), 
Phillips-Perron (PP), and KPSS tests, was con-
ducted to assess stationarity. Results from Table 
3 indicate that all return series are stationary at 
levels, evidenced by significant p-values of the 
ADF and PP tests and p-values above 5% for the 
KPSS test. The Engle Lagrange multiplier (LM) 

test of ARCH effects, also presented in Table 
3, confirms the presence of heteroskedasticity, 
with p-values of the ARCH effects test below 
5% for all series, rejecting the homoskedastic-
ity null hypothesis. Furthermore, residual plot 
trends depicted in Figure 1 illustrate volatility 
clustering, where periods of low/high volatility 
are followed by similar periods, supporting the 
notion that error terms are conditionally het-
eroskedastic and can be represented by ARCH/
GARCH models (Miah & Rahman, 2016). 

3.3.1. Volatility clustering 

Figure 1 illustrates notable increases and spikes in 
volatility during crisis periods- the global finan-
cial crisis (2008–2009) and the COVID-19 period 
(2019 to 2022), across all the indices. These spikes 
indicate heightened market uncertainty and in-
creased investor risk aversion during these turbu-
lent periods.

Table 2. Static correlations 

Panel A: PRE-COVID PERIOD

VIX SAVI ALSH Top40 MIDCAP SMCAP

VIX 1

SAVI 0.1443* 1

ALSH –0.3489* –0.4291* 1

Top40 –0.3474* –0.4302* 0.9963* 1

MIDCAP –0.2411* –0.2762* 0.7286* 0.6705* 1

SMCAP –0.2022* –0.2464* 0.5120* 0.4685* 0.6173* 1

Panel B: COVID PERIOD

VIX SAVI ALSH Top40 MIDCAP SMCAP

VIX 1

SAVI 0.1571* 1

ALSH –0.3581* –0.3779* 1

Top40 –0.3541* –0.3782* 0.9976* 1

MIDCAP –0.3149* –0.3200* 0.8201* 0.7850* 1

SMCAP –0.2780* –0.2550* 0.7178* 0.6768* 0.8153* 1

Note: * Significant at 5% . 

Table 3. Unit root and ARCH tests 

Index 
ADF Phillips–Perron KPSS ARCH TEST

t-Stat Prob. t-Stat Prob. LM-Stat.(5%) F-statistic Prob. Chi2

ALSH –64.5308 0.0001 –64.8518 0.0001 0.463 154.805 0.0000

MIDCAP –60.0751 0.0001 –60.0161 0.0001 0.463 94.8975 0.0000

SMLCAP –24.6899 0.0000 –61.3260 0.0001 0.463 6.70664 0.0096

TOP40 –65.1558 0.0001 –65.6846 0.0001 0.463 145.318 0.0000

VIX –50.8699 0.0001 –80.3418 0.0000 0.347 24.41360 0.0000

SAVI –42.0213 0.0001 –114.8334 0.0001 0.463 69.8590 0.0000
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3.4.	Spill-over	effects:	VIX	and	JSE	
broad indices

Tables 4 and 5 present the estimation results of the 
BEKK-GARCH models examining the spillover ef-
fects between the VIX and the broad JSE indices. 
The coefficients of the ARCH terms A (1,1) and A 
(2,2) are positive and statistically significant for all 
indices pre and post-COVID-19 periods, indicat-
ing that the volatility of these JSE indices, along 
with the VIX and SAVI, significantly responds to 
past squared shocks in its own market, suggesting 
that past news and shocks in these indices posi-
tively affect the current Index conditional volatil-
ity. Similarly, the diagonal GARCH parameters B 
(1,1) and B (2,2) for all indices and the VIX are 
positive and statistically significant, implying that 
their conditional variances positively respond to 
their historical variances and spillovers within 
their own market. The coefficient estimates for A 

(1,1) and B (1,1) remain relatively stable across both 
periods, indicating that past squared shock vola-
tility dynamics of the VIX and JSE indices did not 
change significantly due to the COVID-19 pan-
demic. Nevertheless, noticeable variations emerge 
in the coefficients for A(2,2), which increased, 
and B(2,2), which declined, implying shifts in 
own conditional variances of the VIX amidst the 
COVID-19 period.

The coefficient of parameter B (2,1) shows the re-
sponse of the broad JSE indices’ conditional vari-
ances to the previous day’s volatility shock in the 
VIX. The results in Tables 4 and 5 indicate that the 
JSE All-Share Index and the Top40 negatively re-
sponded to volatility shocks in the VIX both before 
and during the pandemic, with a slight increase 
in magnitude during the pandemic. Meanwhile, 
the SAVI shows a positive response to shocks in 
the VIX, suggesting that current conditional vol-

Figure 1. Returns plot
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Table 4. Estimates of ARCH and GARCH parameters in the BEKK model (pre-COVID-19)
Volatility Index (VIX): Pre-COVID-19 Jan 2010 to November 2019

ALSH_VIX TOP40_VIX MIDCAP_VIX SMLCAP_VIX SAVI_VIX

Coeff Std Error Coeff Std Error Coeff Std Error Coeff Std Error Coeff Std Error

A (1,1) 0.203* 0.012 0.199* 0.013 0.238* 0.014 0.232* 0.013 0.3616* 0.031

A (1,2) –0.231 0.187 –0.207 0.178 –0.606* 0.196 0.416* 0.210 –0.004 0.008

A (2,1) –0.001 0.003 –0.002 0.003 –0.001 0.002 –0.004* 0.002 0.0348* 0.013

A (2,2) 0.422* 0.022 0.422* 0.022 0.410* 0.021 0.435* 0.022 0.418* 0.020

B (1,1) 0.966* 0.004 0.966* 0.004 0.966* 0.004 0.968* 0.004 0.251* 0.102

B (1,2) –0.118 0.084 –0.114 0.076 0.052 0.082 –0.266 0.112 0.024 0.055

B (2,1) –0.003* 0.002 –0.004* 0.002 0.000 0.002 0.002 0.001 0.036* 0.020

B (2,2) 0.740* 0.022 0.742* 0.022 0.747* 0.023 0.733* 0.023 0.777* 0.019

Note: A (i, i) and B (i, i) are the corresponding ARCH and GARCH parameters for return i. * Significant at 5% or better; Standard 
errors next to coefficients.
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atility on these indices is influenced not only by 
their own previous volatility but also by historical 
volatilities of the VIX, indicating the existence of 
volatility spillovers between these indices and the 
VIX. Before the pandemic, previous VIX volatility 
had no significant effect on the Midcap and small-
cap indices. However, during the pandemic, the 
Midcap also responds negatively to shocks in the 
VIX. The results also show that the VIX does not 
significantly respond to volatility in the JSE All 
Share, Top40, Midcap, and SAVI, as indicated by 
insignificant coefficients of B(1,2) before and dur-
ing the pandemic.

3.5.	Dynamic conditional correlations 

VIX	and	JSE	broad	indices	

The BEKK model has drawn criticism for its ex-
tensive parameter estimation requirements. Engle 
(2002) introduces the DCC-GARCH model, which 
demands fewer parameter estimates. In our analy-
sis, we employed a VAR-DCC model, and the find-
ings are detailed in Tables 6 and 7. Panel A of each 
table presents the parameters of the VAR model. 
The results illustrate that none of the indices’ re-
turns responded significantly to past returns dur-
ing the pandemic.

Table 5. Estimates of ARCH and GARCH parameters in the BEKK model (during COVID-19)

Volatility Index (VIX): COVID-19 PERIOD November 2019 to December 2022
ALSH_VIX TOP40_VIX MIDCAP_VIX SMLCAP_VIX SAVI_VIX

Coeff Std Error Coeff Std Error Coeff Std Error Coeff Std Error Coeff Std Error

A(1,1) 0.210* 0.013 0.206* 0.013 0.258* 0.016 0.271* 0.016 0.313* 0.023

A(1,2) –0.284* 0.171 –0.268 0.169 –0.919* 0.191 0.260 0.207 –0.003 0.007

A(2,1) –0.001 0.003 –0.001 0.003 0.004 0.003 –0.005* 0.002 0.039* 0.014

A(2,2) 0.433* 0.022 0.431* 0.023 0.421* 0.022 0.446* 0.023 0.431* 0.022

B(1,1) 0.964* 0.004 0.965* 0.004 0.945* 0.007 0.955* 0.005 0.380* 0.083

B(1,2) –0.065 0.073 –0.058 0.074 0.091 0.084 –0.186* 0.112 0.010 0.083

B(2,1) –0.004* 0.002 –0.005* 0.002 –0.007* 0.002 0.002 0.002 0.020 0.019

B(2,2) 0.703* 0.026 0.708* 0.025 0.693* 0.025 0.6957* 0.026 0.752* 0.021

Note: A (i, i) and B (i, i) are the corresponding ARCH and GARCH parameters for return i. * Significant at 5% or better; Standard 
errors next to coefficients.

Table 6. Dynamic conditional correlation (DCC) – MGARCH model PRE-COVID
Index

A: Estimates of VAR-DCC Parameters
ALSH TOP40 MIDCAP SMCAP

Coeff. Std. Error Coeff. Std. Error Coeff. Std. Error Coeff. Std. Error

Return L.1 –0.101* 0.025 –0.108* 0.025 0.010 0.024 0.053 0.036

VIX.L1 –0.029* 0.003 –0.031* 0.003 0.002* 0.000 –0.014* 0.002

B: Estimates of the DCC GARCH Parameters
α 0.041* 0.005 0.040* 0.005 0.056* 0.006 0.140* 0.022

β 0.861* 0.049 0.899* 0.055 0.847* 0.269 0.899* 0.205

C: Conditional quasicorrelations
ρ [Index, VIX] –0.265* 0.046 –0.264* 0.045 –0.249* 0.022 –0.261* 0.028

ρ [Index, SAVI] –0.415* 0.088 –0.492* 0.038 –0.366* 0.028 –0.324* 0.025

ρ [ALSH, Top40] 0.997* 0.000 ρ [Top40, MIDCAP] 0.752* 0.014

ρ [ALSH, MIDCAP] 0.802* 0.012 ρ [MIDCAP, SMCAP] 0.699* 0.016

ρ [ALSH, SMCAP] 0.584* 0.002 ρ [Top40, SMCAP] 0.543* 0.013

D: Adjustment
λ

1
 (DCC α1) 0.0178* 0.0011

λ
2
 (DCC β1) 0.9465* 0.0037

λ
1
+λ

2
0.9642

Wald test λ
1
=λ

2
=0 330000 Prob > chi2 0.0000

Log likelihood 43374

Wald chi2 195067 Prob > chi2 0.0001

Note: * Significant at 5% or better; Std Errors are standard error values presented next to coefficient estimates; λ1 and λ2 are 
the conditional correlation parameters; α and β are ARCH and GARCH parameters. ρ [i, i] are quasicorrelation estimates from 
the DCC model. 
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Panels B in Tables 6 and 7 present the estimates of 
the ARCH ( )2

1tε −  and ( )1  tGARCH h −  parame-
ters. The large GARCH coefficients for all indices 
indicate that shocks in conditional variance take 
longer to dissipate, suggesting long memory and 
volatility persistence. The results indicate a signifi-
cant change in volatility both before and during 
the COVID-19 pandemic. Panel C depicts the con-
ditional quasi-correlations between the VIX and 
JSE broad indices. There is a consistently signifi-
cant negative relationship between the VIX and all 
JSE indices both before and during the pandemic, 
indicating the possible presence of diversification 
benefits and hedging ability of the VIX on the JSE 
broad equity indices.

Among the JSE indices, the results in Tables 6 and 7 
and Figure 2 reveal significant, high positive corre-
lations between the indices, suggesting that move-
ments in one index tend to be accompanied by sim-
ilar movements in others, implying a possible de-
cline in diversification benefits. Specifically, the JSE 
All Share and Top40 exhibit a close to perfect posi-
tive correlation, suggesting a lack of diversification 
between these two indices. The small-cap index ap-
pears to have the lowest correlation with the rest of 

the indices both before and during the pandemic, 
suggesting that small-cap stocks can offer diversifi-
cation benefits to investments in the top JSE indices 
due to their relatively independent behaviour.

3.5.1. Dynamic conditional correlations 
between volatility and the JSE market 
indices 

Figure 3 illustrates a persistent negative relation-
ship between the JSE Broad indices and the VIX. 
The figure indicates that the Top 40 and the JSE 
All Share Index have the lowest correlation with 
the VIX over the sample period, suggesting that 
the VIX can provide the highest diversification to 
these two indices. It is worth noting that, although 
slightly higher, the correlations of the VIX with 
the Small and Medium caps remain very low, be-
low –0.1, which still presents a promising diversi-
fication avenue for investors holding these indices, 
given that they are not in perfect sync. The chart 
also depicts a decline in correlations during the 
COVID-19 pandemic, with the Top 40 reaching 
lower values of below –0.6 (the lowest during the 
sample period), potentially offering maximum di-
versification benefits during this period.

Table 7. Dynamic conditional correlation (DCC) – MGARCH model COVID PERIOD 

Index

A: Estimates of VAR–DCC Parameters
ALSH TOP40 MIDCAP SMCAP

Coeff. Std. Error Coeff. Std. Error Coeff. Std. Error Coeff. Std. Error

return L.1 –0.021 0.716 0.059 0.665 –0.156 0.104 0.068 0.073

VIX.L1 –0.038* 0.006 –0.040* 0.007 –0.025* 0.006 –0.022* 0.005

B: Estimates of the DCC GARCH Parameters
α 0.061* 0.015 0.056* 0.015 0.105* 0.025 0.205* 0.046

β 1.107* 0.246 1.237* 0.291 0.153 0.141 0.394* 0.149

C: Conditional quasicorrelations
ρ [Index, VIX] –0.370* 0.037 –0.363* 0.038 –0.323* 0.038 –0.298* 0.039

ρ [Index, SAVI] –0.488* 0.098 –0.484* 0.100 –0.325* 0.036 –0.267* 0.038

ρ [ALSH, Top40] 0.998* 0.000 ρ [Top40, MIDCAP] 0.762* 0.015

ρ [ALSH, MIDCAP] 0.796* 0.013 ρ [MIDCAP, SMCAP] 0.784* 0.015

ρ [ALSH, SMCAP] 0.677* 0.020 ρ [Top40, SMCAP] 0.638* 0.022

D: Adjustment
λ

1
 (DCC α1) 0.034* 0.011

λ
2
 (DCC β1) 0.403* 0.168

λ
1
+λ

2
0.437

Wald test λ
1
=λ

2
=0 12.20 Prob > chi2 0.000

Loglikelihood 12532

Wald chi2 199.65 Prob > chi2 0.002

Note: * Significant at 5% or better; Std Error are standard error values presented next to coefficient estimates; λ1 and λ2 are 
the conditional correlation parameters; α and β are ARCH and GARCH parameters. ρ [i, i] are quasicorrelation estimates from 
the DCC model.
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Figure 2. Conditional correlations between JSE broad indices 
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Figure 3. Conditional correlations between the VIX and JSE market indices 
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3.5.2. Dynamic conditional correlations  

between SAVI and the JSE market indices, 

pre-COVID

Figure 4 displays the dynamic conditional correla-
tions between the SAVI and the JSE market indices. 
The SAVI also demonstrates negative correlations 
with the JSE market indices. Interestingly, the re-
sults reveal that the SAVI has lower correlations 
(below –0.4 for most of the sample period) with 
the JSE indices compared to the VIX. These low 
correlations are also evident in Tables 6 and 7. The 
findings suggest that the SAVI may offer more di-
versification and hedging benefits for JSE indices.

3.5.3. Dynamic conditional correlations  

between VIX and the JSE market indices, 

COVID period 

Figure 5 depicts a significant decline in correla-
tions between the VIX and JSE indices at the onset 
of the COVID-19 pandemic, observed across all 
indices. The results show that the small-cap index 
experienced the highest decrease in correlation 
with the VIX, dropping below –0.7. Additionally, 
the small-cap Index exhibited the most volatile 
correlation with the VIX. This result suggests that 
the small-cap index behaved differently from oth-
er indices during the pandemic, indicating specific 
structural and sectorial factors influencing its be-

haviour independent of broader market volatility. 
In contrast, the All Share and Top 40 indices, de-
spite experiencing significant declines at the start 
of the pandemic, demonstrated more stable cor-
relations with the VIX, oscillating around –0.3 to 

–0.4 over this period. This stability offers a more 
reliable and predictable diversification avenue. 

3.5.4. Dynamic conditional correlations  

between the SAVI and the JSE market 

indices, COVID period

Figure 6 also illustrates a notable decrease in cor-
relations between the SAVI and JSE market indices 
at the beginning of the pandemic, reflecting height-
ened market expectations and fear. The JSE Top 40 
registered the lowest correlations below –0.6 dur-
ing that period. Compared to the results in Figure 
5, the findings demonstrate a divergent response of 
JSE indices to the VIX and SAVI. The Small Cap 
exhibited the lowest correlations with the VIX dur-
ing the pandemic, while with SAVI, it was the Top 
40 that recorded the lowest conditional correlations. 
Additionally, the findings reveal that the SAVI dis-
plays considerably lower correlations with the JSE 
indices during the pandemic than the VIX, indi-
cating a divergence in local market sentiment from 
the global indicator. Notably, the JSE Top 40 and All 
Share indices demonstrated the lowest correlations 
with the SAVI over the sample period.

Figure 4. Conditional correlations between the SAVI and JSE market indices 
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Figure 5. Conditional correlations between the VIX and JSE market indices during COVID-19 
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4. DISCUSSION 

The study found evidence of unidirectional volatil-
ity transfer from the VIX to the JSE broad indices, 
suggesting that the JSE market has little signifi-
cance in driving volatility in the US market, while 
it is highly responsive to global market shocks. 
The asymmetry in information flow means that 
volatility in emerging markets may be reflected 

in global risk measures more rapidly than the re-
verse, which helps explain the unidirectional spill-
over effect. Hence, market participants in South 
Africa should closely monitor the VIX volatility 
due to its spillover impact on the South African 
market. Therefore, decoupling strategies should 
be implemented on the South African equity port-
folios to insulate them from contagion. The results 
are consistent with Atenga and Mougoué (2021), 

Figure 6. Conditional correlations between the SAVI and JSE market indices during COVID-19
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who found evidence that African markets are net 
receivers of volatility spillovers. In addition, the 
results align with those of Cheuathonghua et al. 
(2019), who found that the VIX spillovers exhibit 
a more substantial impact on volatility in emerg-
ing markets.

Regarding dynamic conditional correlations, the 
negative and statistically significant relationship 
between the returns of the VIX and all JSE broad 
market indices confirms the phenomenon of 
asymmetric volatility, where equity indices and 
volatility indices exhibit a negative correlation, 
suggesting the potential existence of diversifica-
tion benefits. This asymmetric volatility effect, 
marked by rising volatility during market down-
turns, can be attributed to investor behaviour. In 
such periods, investors typically become more 
risk-averse and uncertain about future market 
conditions, leading to greater demand for hedg-
ing and protection, which subsequently drives up 
volatility. This phenomenon aligns with the con-
cept of loss aversion, where investors are more 
reactive to losses than to gains, driving them to 
seek protective measures during market declines. 
Empirical studies also demonstrate that market 
volatility rises more sharply during downturns 
than it falls during upturns, highlighting the 
asymmetric nature of volatility (Auinger, 2015; 
Cheuathonghua et al., 2019).

The coefficients of the ARCH (a) and GARCH (β) 
terms are statistically significant for all indices 
both before and during the pandemic (Tables 6 
and 7), suggesting that internal shocks influence 
volatility in the JSE Broad indices. Highly sig-
nificant α and β parameters provide evidence of 
volatility clustering (May & Farrell, 2018). The re-
sults in Table 6 (pre-COVID) show that α + β pa-
rameters are statistically less and close to one in 
all indices, indicating the decay in shock effects 
over time and the persistence of shocks in volatil-
ity for extended periods (Engle & Bollerslev, 1986). 
During the pandemic, the (α + β) parameters for 
the All Share Index and the Top40 are equal to 
one, suggesting persistence in conditional vari-
ance across all finite horizons . Holding both VIX 
and JSE stocks may reduce severe losses during 
market downturns; as stocks fall, gains from the 
VIX offset some of the losses, thereby providing a 
hedge to equity positions.

The parameters α and β (λ
1
 and λ

2
) associated 

with dynamic conditional correlations exhibit 
statistical significance (Tables 6 and 7), sug-
gesting that the conditional correlations are 
dynamic and time-varying (Wang et al., 2023). 
The statistically significant (DCC α1) indicates 
the persistence of standardised residuals from 
previous periods, implying the presence of vola-
tility spillovers and information transmission 
between the VIX and JSE broad market indices 
over shorter periods. Similarly, the significant 
(DCC β1) indicates the persistence of the con-
ditional correlation process and volatility spill-
overs over the long run. The sum of λ

1
+λ

2
 is less 

than 1 in all models (pre- and during the pan-
demic), indicating that the conditional correla-
tions are not constant both before and during 
the pandemic.

The low correlations between the SAVI and the 
JSE market suggest that the SAVI may offer more 
diversification and hedging benefits for JSE in-
dices. However, limited avenues for trading the 
SAVI on the JSE may hinder investors from em-
ploying such strategies. The results align with 
Cheuathonghua et al.’s (2019) findings that the 
impact of VIX is asymmetric, more pronounced 
in highly volatile and bearish markets. They al-
so showed that the impact of VIX spillovers is 
more substantial in developed market returns 
than in emerging markets.

It is important to note that all indices displayed 
very low correlations (predominantly negative), 
which is beneficial for diversification purposes, 
aligning with the MPT diversification princi-
ple. Cheuathonghua et al. (2019) argue that the 
VIX effect on international markets is expect-
ed to diverge in diverse financial market con-
ditions. Consistent with the findings by Kotzé 
et al. (2009), the results suggest that the SAVI 
provides distinct information about risk per-
ception and market expectation about the JSE 
market compared to the broader global market, 
represented by the VIX. The results suggest that 
the SAVI could provide superior diversification 
advantages and hedging potential for investors 
in the JSE market, particularly during turbulent 
market conditions such as the COVID-19 pan-
demic, hence acting as a hedge asset. Moreover, 
the consistently minimal correlations between 
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the SAVI and JSE indices throughout the obser-
vation period suggest promising opportunities 
for investors to enhance diversification by in-
tegrating the SAVI into their investment port-
folios. The interpretation of pre- and during-
COVID dynamics should be viewed in light of 
the asymmetric lengths of the two subsamples 
and market conditions that characterise these 
periods. This study encompasses the complete 
volatility cycle associated with the pandemic. 

Alternative periodisations may delineate shorter 
event windows or establish a post-COVID era, 
encompassing the initial shock, subsequent re-
covery, and eventual normalization. Although 
these refinements fall outside the scope of the 
current study, they present valuable avenues for 
future research and could help in further un-
derstanding the evolution of correlation dy-
namics and volatility transmission over distinct 
market phases.

CONCLUSION 

The paper analyzed volatility spillovers and dynamic conditional correlations between volatility in-
dices and JSE broad market indices using multivariate GARCH, BEKK, and DCC models. Evidence 
shows volatility spillovers from the VIX to the JSE’s major indices. Pairwise correlations indicate 
significant negative relationships between volatility indices (VIX & SAVI) and JSE broad indi-
ces, suggesting that volatility as an asset class can provide diversification and hedging, especially 
during market turmoil, as correlations between volatility indices and JSE indices further decline. 
The SAVI exhibits lower correlations with the JSE market than the VIX, implying that integrating 
the SAVI could offer superior diversification and hedging opportunities. These findings highlight 
SAVI’s unique insights into risk perception and market expectations, distinguishing it from the 
broader global market represented by the VIX.

The results have important implications for market participants and investors. Negative correla-
tions between JSE indices and volatility indices suggest that incorporating volatility indices into 
portfolios can enhance diversification, particularly during turbulent periods. Understanding dy-
namic conditional correlations can help investors manage risk by adjusting portfolio allocations in 
response to market fluctuations. Compared to the VIX, the SAVI’s lower correlations offer unique 
hedging and diversification opportunities for South African investors, potentially improving risk-
adjusted returns and portfolio diversification. Overall, considering correlations between volatility 
and market indices can improve investment decisions, portfolio diversification, and risk manage-
ment. A limitation is that the analysis focuses solely on the South African market. Future studies 
could examine hedging efficiency using volatility across other South African and global indices.
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