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Volatility Linkages between Energy and Wine Prices in South 

Africa 

Lydia Chikumbi, Edwin Muchapondwa and Djiby Thiam* 1 

 

Abstract 

Although a large number of studies have examined the price spillover in global oil and 

agricultural commodity markets, very little is known about the volatility of transmission between energy 

and wine prices in South Africa. The South African wine industry practices a form of industrialised 

agriculture that relies heavily on energy inputs to not only grow grapes but also process and distribute 

wine to different locations. This study investigates price and volatility risk originating from the linkages 

between energy and wine prices in South Africa and identifies their dynamics over time. We employ an 

econometric approach to quantify the volatility and correlation risk structure, which has a large impact on 

investment and hedging strategies of market participants and policy makers. The short-run and long-run 

volatility linkages are analysed using a constant conditional multivariate GARCH model. The empirical 

findings indicate significant and positive effects on wine prices due to the volatility of energy prices. The 

findings also confirm a clear correlation between wine and fuel prices, implying that the two markets are 

positively dependent to the extent that a change in fuel price influences wine price. This suggests that 

policy makers should establish appropriate hedging facilities to mitigate the risks associated with energy 

price volatility as it affects wine price. 
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1. Introduction  

Energy is an essential input in the agricultural sector since it is needed for 

growing, harvesting, processing and transporting food from the farm to different 

locations across the world. This creates a connection between the two sectors and brings 

into question the effects on prices in the two markets. Especially in view of high energy 

price volatility and its effects on food prices, the transmission of energy price to 

agricultural commodity output prices is of considerable economic interest. What is more 

important is the increase in price volatility, which has far more serious consequences than 

level price increases. Price volatility indicates the rate at which price changes over 

successive periods of time, and is determined by the speed, magnitude and change in 

direction of the variation in prices (ECLAC/FAO/IICA, 2011). An increase in price 

volatility implies greater uncertainty about future prices because the range in which 

prices lie in the future becomes wider. Consumers and producers can be affected by the 

increase in price volatility because it augments the uncertainty and risk in the market. For 

example, the price volatility increase exposes consumers and producers to additional risk 

by reducing the accuracy of future agriculture commodity prices, thereby causing welfare 

losses to both producers and consumers of agriculture products (Saha and Delgado, 

1989). 

The South African agriculture sector uses liquid petroleum fuels for 

approximately two-thirds (69%) of its energy, while electricity contributes 30% and coal 

just 1% (DAFF, 2012).  The focus of this paper is on the South African wine industry, 

which relies heavily on energy inputs to not only grow grapes but also for wine 

processing and distribution to different sites in the country and abroad. In the recent past, 

the wine industry has experienced a sharp increase in input production cost, to levels 

where over a thousand farmers shut down operations (VinPro, 2017). Out of a total of 

3,145 remaining grape farmers, 13% are producing at sustainable income levels, 44% are 

operating at a break-even point, and 40% are operating at a loss. Furthermore, the area 

under vine cultivation has been reduced drastically, from 102,146 hectares in 2006 to 

95,775 hectares in 2016 (VinPro, 2017). Even though energy cost has been highlighted as 

one of the contributors to struggles in the industry, no empirical study has been 

conducted to evaluate the claim. The purpose of this study is to estimate the conditional 

correlations in the returns on energy and wine prices using a multivariate GARCH model. 

The correlations will enable a determination of whether energy and wine prices are 

related. Such knowledge about the degree of price volatility is key to wine stakeholders 
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and policymakers in implementing appropriate hedging strategies. It will provide useful 

information in relation to, for example, pricing efficiency, assimilation of market signals 

and structural rigidity of prices.  

Price volatility measures have been analysed extensively in the field of finance, 

and the approach also is widely used in assessing agricultural commodity prices 

(Gardebroek and Hernandez, 2013; Trujillo-Barrera et al., 2012; Nazlioglu et al., 2013; 

Apergis and Rezitis, 2003; Gilbert and Mugera, 2014; Mensi et al., 2011; Roboredo, 

2012; Sadorsky, 2014; Bergmann et al., 2016; Nwoko et al., 2016; El-Hannani et al., 

2017; Zhang et al., 2010;  Serra et al., 2011). However, few studies have focused on the 

energy price volatility impact on wine prices (Cevik and Sedik, 2011; Bouri and Azzi, 

2013 & 2015; Kwon, 2014). The current study examines the relative uncertainty of prices 

in the energy (fuel and electricity) and wine markets and measures the degree to which 

price uncertainty in one market influences price uncertainty in the other market.  

We contribute to the relevant literature by thoroughly examining the volatility 

behaviors of energy and wine prices and establishing the extent to which price 

uncertainty in the fuel and electricity market affects prices in the wine market.  We opted 

to model the domestic prices for energy and wine because the consumer price index 

(CPI), here used as a price proxy for fuel, electricity and wine, reflects the true domestic 

values – and plays a role as a major input in the production of grapes, the processing of 

wine, and the distribution of wine to end-users in the supply chain. Moreover, given that 

energy is a key input in wine production, it is of interest to unveil the extent to which 

changes in energy prices influence wine price, and vice versa. The study contributes to a 

better understanding of input price volatility effects and identifies tools and management 

approaches that could support farmers in mitigating the uncertainty associated with price 

volatility.  

Our findings indicate that significant and positive effects were imposed on wine 

prices by the volatility of energy prices. The findings also confirm a clear correlation 

between fuel and wine prices, implying that the two markets are positively dependent, to 

the extent that a change in fuel prices influences change in wine prices.  

The remainder of the paper is organised as follows. Section 2 looks at past studies 

on the linkages between energy and wine prices. Section 3 describes the empirical 

framework and data sources. Section 4 discusses the empirical results of the analysis. 

Section 5 concludes the analysis and discusses the implications of the findings. All 

computations are carried out in STATA 15. 
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2. Literature Review 

The link between energy and agricultural commodity prices has been addressed 

by an increasing number of researchers using econometric methods. Most of the literature 

has concentrated on price level interdependencies. So far, only a few have analyzed 

volatilities and their transmission between markets (Baffes and Haniotis, 2010; Chang 

and Su, 2010; Gilbert, 2010; Nazlioglu and Soytas, 2011; Serra and Zilberman, 2013;  

Zilberman et al., 2012; McPhail, 2011; Lambert and Gong, 2010; Yu et al., 2006; Zhang 

et al., 2010; Tyner, 2010; Serra et al., 2011; Natanelov et al., 2013). Whilst many studies 

show a positive link between energy and agriculture commodity prices (e.g., Gardebroek 

and Hernandez, 2013; Bergmann et al., 2016; Nwoko et al., 2016; El-Hannani et al., 

2017; Zhang et al., 2009; Du et al., 2011; Serra et al., 2011; Trujillo-Barrera et al., 2012), 

others found mixed results (e.g., Natanelov et al., 2011; Campiche et al., 2007; Ciaian 

and Kancs, 2011), and base their conclusions on different factors such as: (1) the time 

period of the data sample, (2) country specifics, (3) a particular agricultural commodity 

and (4) the magnitude of oil price changes. Some empirical results suggest a neutral 

position (e.g., Zhang et al., 2010; Nazlioglu and Soytas, 2011; Roboredo, 2012; Qui et 

al., 2012), and claim there was no link between energy price and agricultural 

commodities.  

The question of whether a relationship exists between energy and wine markets 

remains a charged issue for academics and wine stakeholders, including governments. To 

our knowledge, only two studies specifically look at the energy-wine relationship (Cevik 

& Sedik, 2011 and Bouri et al.,2016). Bouri (2013) applies a multivariate GARCH model 

to examine the dynamics of mean price and volatility transmission between crude oil and 

fine wine prices. They used daily observations of financial data from January 2003 to 

December 2011. The results suggest that the crude oil mean price strongly influences 

wine market prices. They also found that the volatility persistence was high and 

significant in each series and noted that innovations in each market predict volatility in 

other markets. During the financial crisis of 2008, oil and wine conditional volatilities 

rose but then went down to their pre-crisis levels.  

On the other hand, Cevik and Sedik (2011) investigate the causes of extreme 

fluctuations in commodity prices from 1990 to 2010. The analysis of crude oil and fine 

wine shows that macroeconomic factors are the main determinant of commodity prices. 

The empirical results show that, while advanced economies account for more than half of 

global consumption, emerging economies make up the bulk of the incremental change in 

demand, thereby having a greater weight in commodity price formation. The findings 
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also indicate that the shift in the composition of aggregate commodity demand was a new 

phenomenon.  

Most of these studies find evidence for a strong level of integration between the 

markets for energy and agricultural commodities. However, evidence of an effect of 

energy (fuel and electricity) price changes on wine price is limited. Especially in the 

South African market, to the best of our knowledge, there exists no study on volatility 

linkages between energy prices and wine prices. 

3. Methodology and Data 

3.1. Methodology 

We first apply unit-root and co-integration tests for the monthly data series and 

then test for heteroscedasticity and an ARCH effect. Thereafter, we estimate the (ccc) 

MGARCH models, whereby the interdependence of energy-wine prices is analysed.  

3.1.1 Unit Root Test 

Unit root tests were carried out to establish whether or not each series is 

stationary. It is important to test for the presence of a unit root in time series to avoid the 

problem of spurious regression, as described by Granger and Newbold (1974). If a unit 

root is found, then the conditions of stationarity are violated. The most commonly used 

tests are the Augmented Dickey–Fuller (ADF) and Phillips & Parron (1988) methods. For 

the ADF test, we choose the optimal lag length using the Schwarz information criterion. 

For Phillips & Parron (PP) tests, we select the optimal bandwidth using the Newey–West 

criterion. The null hypothesis of ADF and PP tests is that the time series contains a unit 

root. 

3.1.2 Co-Integration Test 

According to Engle and Granger (1987), co-integrated series are those integrated 

in the same order I(q) and their linear combination generates a stationary series. A non-

stationary series that is co-integrated may diverge in the short run, but must be linked 

together in the long run.  Price series are co-integrated if they move together in the long 

run; even though they may experience shocks that cause them to deviate for a short while, 

they will always return to their long-run relationship (Koop, 2000). Although there are 

different ways to test for co-integration, the Johansen (1990) test approach is used in the 

analysis of the long-run relationship between energy and wine prices.  The Johansen test 
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is known to have desirable statistical properties and is capable of determining the number 

of co-integrating relationships among variables (Nwoko, 2016). Its weakness, however, is 

that it relies heavily on asymptotic properties, making it sensitive to the specifications 

used. The Johansen co-integration test is a VAR-based test and has a general VAR of 

order p, 

𝑦𝑡 = 𝐴1𝑦𝑡−1 + ⋯ . . +𝐴𝑝𝑦𝑡−𝑝 + 𝐵𝑋𝑡−𝑖+𝜀𝑡              

(1) 

where yt is a k-vector of non-stationary variables that are, for instance, integrated of order 

1 and denoted as I(1). In this study, yt consists of wine, fuel and electricity prices, taking 

the form: WPVt, FPVt and EPVt respectively. Xt is a d-vector of deterministic or 

exogenous variables which are optional, and εt is a vector of random shocks. The VAR is 

then rewritten as: 

 

∆𝑦𝑡 = 𝛱𝑦𝑡−1 + ∑ 𝛤𝑖𝛥𝑦𝑡−𝑖 + 𝛣𝑋𝑡 + 𝜀𝑡
𝑝−1
𝑖=1                

(2) 

where 𝛱 = ∑ 𝐴𝑖 − 𝐼,𝑝
𝑖=1      𝛤𝑖 = − ∑ 𝐴𝑗

𝑝
𝑗=𝑖+1               

(3) 

Granger’s representation asserts that, if the coefficient matrix Π has reduced rank 

r < k, then there exist matrices α and β each with a rank r such that Π = αβ′ and β′ yt is I 

(0). r is the number of co-integrating relationships (i.e., the co-integrating rank) and each 

column of β is the co-integrating vector. The elements of α are known as the adjustment 

parameters in the VEC model. Johansen’s method is to estimate the Π matrix from an 

unrestricted VAR and to test whether we can reject the restrictions implied by the 

reduced rank of Π. It can be shown that, for a given r, the maximum likelihood estimator 

of β defines the combination of yt − 1 that yields the r largest canonical correlations of Δyt 

with yt − 1 after correcting for lagged differences and deterministic variables when present. 

For this study, deterministic or exogenous variables such as seasonal dummies or time 

trends are not included. Johansen (1990) proposes two different likelihood ratio tests of 

the significance of these canonical correlations and thereby the reduced rank of the Π 

matrix: the trace test and maximum eigenvalue test. The trace test tests the null 

hypothesis of r co-integrating vectors against the alternative hypothesis of k co-

integrating vectors. The maximum eigenvalue test, on the other hand, tests the null 

hypothesis of r co-integrating vectors against the alternative hypothesis of  r + 1 co-

integrating vectors. Once we identified that the series are integrated of the same order, 

i.e., I(1), a vector autoregression (VAR) model is postulated to obtain a long-run 

relationship.  
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3.1.3 Heteroscedasticity and ARCH Effect 

We use the Bruesh-Pagan test and Engle’s LaGrange-multiplier test (1982) to test 

for the presence of heteroscedasticity and ARCH effect respectively. The presence of the 

ARCH effect is tested using the following conditional variance: 

ℎ2 = 𝑉𝑎𝑟(
𝑢𝑡

Ω𝑡−1
)                (4) 

ℎ2 = 𝜌0 + 𝜌1𝑢𝑡−1
2 + 𝜌2𝑢𝑡−2

2 + ⋯ . . +𝜌𝑞𝑢𝑡−𝑞
2              (5) 

where u2
t is the squared residual in period t, and ρi’s are the parameters to be tested.  

The confirmation of the presence of the ARCH effect indicates that the volatility in the 

prices of the series are time variant; as such, the GARCH approach can be used (McAleer 

et al., 2008). 

3.1.4 Multivariate GARCH Model 

  Generally, MGARCH implements four commonly used parameterizations, 

namely: the diagonal vech (dvech) model, the constant conditional correlation (ccc) 

model, the dynamic conditional correlation (dcc) model, and the time-varying conditional 

correlation (vcc) model (Bollerslev et al., 1988; Bollerslev, et al., 1994; Bauwens et al., 

2006; Silvennoinen et al., 2009; and Engle, 2002). For this study, we are using (ccc) 

MGARCH. The model uses a nonlinear combination of univariate GARCH models in 

which the cross-equation weights are time invariant to model the conditional covariance 

matrix of the disturbances (Bollerslev, 1990). The model is flexible enough to account for 

own- and cross-volatility spillovers and persistence between markets. The (ccc) 

MGARCH Model follows a univariate GARCH (p,q) process as: 

 

𝑟𝑡|𝑟𝑡−1, 𝑟𝑡−2, … ~ 𝑁(µ, ℎ𝑡) 

ℎ𝑖𝑡 = 𝜔𝑖  + ∑ 𝛼𝑖𝑗𝑟𝑖,𝑡−1
2 + ∑ 𝛽𝑖𝑗

𝑞

𝑙

𝑝

𝑘=1 𝑖

ℎ𝑖,𝑡−𝑗 

i,j =1,…..k                         

(6) 

where αij represents the ARCH effects (or the short-run persistence of shocks to return i). 

The ARCH effect captures the short-term deviations in price as a result of short-term 

supply and demand fluctuations. The βij represents the GARCH effects (or the 

contribution of the shocks to return i to long-run persistence). The GARCH reflects any 

permanent changes in long-term prices as a result of changes in the market. The scedastic 

equation in equation (6) may be written more compactly as: 

 

𝐻𝑡 = 𝐷𝑡𝑅𝐷𝑡                (7) 
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where Ht  is the conditional covariance matrix; and R, is the nxn time-varying correlation 

matrix, 𝐷𝑡 , = 𝑑𝑖𝑎𝑔 (ℎ11𝑡

−
1

2 , … . , ℎ𝑚𝑚𝑡

−
1

2 ), is a nxn diagonal matrix of time-varying standard 

deviation from univariate GARCH models.  

The MGARCH in equation (7) permits us to model the degree of volatility 

interdependence between markets across time. Specifically, the following conditional 

variances (8), (9), and (10) and conditional co-variance (11) and (12) are estimated: 

 

ℎ11,𝑡 = 𝜔11
2 +  𝛼11

2 𝑟1,𝑡−1
2 + 𝛽11

2  ℎ11,𝑡−1                

(8) 

ℎ22,𝑡 = 𝜔22
2 +  𝛼22

2 𝑟2,𝑡−1
2 + 𝛽22

2  ℎ22,𝑡−1                

(9) 

ℎ33,𝑡 = 𝜔33
2 +  𝛼33

2 𝑟3,𝑡−1
2 + 𝛽33

2  ℎ33,𝑡−1              

(10) 

ℎ21,𝑡 = 𝜔21
2 +  𝛼11

2 𝑎22
2 𝑟1,𝑡−1

2 𝑟2,𝑡−1
2 + 𝛽11

2 𝛽22
2  ℎ11,𝑡−1ℎ22,𝑡−1           

(11) 

ℎ31,𝑡 = 𝜔31
2 +  𝛼11

2 𝑎33
2 𝑟1,𝑡−1

2 𝑟2,𝑡−1
2 + 𝛽11

2 𝛽33
2  ℎ11,𝑡−1ℎ33,𝑡−1           

(12) 

where h11,t, h22,t and h33,t are the conditional variances of wine, fuel and electricity prices, 

respectively. Focusing, for example, on the h11,t equation, the coefficients β2
11 capture 

GARCH effects from fuel prices to wine prices and the coefficients 2
11 capture ARCH 

effects from fuel to wine prices. The sum  + β measures persistence (Engle and 

Bollerslev, 1986; Engle et al., 1990). Finally, h2
21 and h2

31 are the variance and co-

variances of wine and fuel prices and of wine and electricity prices, respectively.  

  The conditional variances and co-variances matrix are estimated in a multivariate 

GARCH model using quasi-maximum likelihood (QML) by maximising the Gaussian log 

likelihood function. In the estimation of ARCH/GARCH models, we use the maximum 

likelihood technique, which is based on finding the most likely values of the parameters. 

This technique works by specifying a log-likelihood function and maximizing the values 

of the parameters. The maximum likelihood method can be utilized in both linear and 

non-linear models. Considering mean and variance equations, a log-likelihood function 

should be formed to maximize the values of the parameters. Then, parameter values and 

their standard errors should be obtained. 

3.2. Data and Descriptive Analysis 

The empirical analysis utilizes the monthly Consumer Price Index (CPI) for fuel, 

electricity and wine from 2002: Q1 to 2018: Q4. This amounts to a total of  202 



Environment for Development  Chikumbi, Muchapondwa, and Thiam 

 

8 

 

observations. All prices are expressed in Rands (ZAR). The data was obtained from 

Statistics South Africa (StatsSA, 2019). The price shows a constant increase in wine real 

price from about R60 in 2002 to a high of about R107 in 2017. Fuel price increases from 

R31 per centiliter in 2002 to a high of R83 in 2008. This movement dropped in 2009 to 

about R46, started increasing in 2010, and peaked at R112 in 2014. As of 2017, it stood 

at R114. Electricity prices increased from R20.87 per Kilowatt per hour (KWh) in 2002 

to R102.1 in 2017. The selected variables measure the variability in the prices of wine, 

fuel and electricity. The CPI indicators of each variable give the average increase in real 

price over the years. Each variable exhibits some levels of volatility. As suggested by 

Wang et al. (2014) and Baumeister and Peersman (2013), CPI is used to investigate the 

interdependence of energy and agricultural commodities. We use the South African CPI 

as s ‘price proxy’ for fuel, electricity and wine. Table 1 shows the descriptive statistics 

for price levels and the logarithmic price changes (returns) of the three series. The 

Jarque-Bera test rejects normality for both price levels and their returns and has similar 

kurtosis, though price level has higher skewness. 

Table 1. Descriptive Statistics for Data 

Price levels Max Min Mean s.d Skewness Kurtosis JP p-value Obs 

Wine 113.2 43.17 74.44 19.88 0.13 0.00 0.0000 204 

Fuel 134.9 31.35 73.14 28.8 0.67 0.00 0.0000 204 

Electricity 110.0 20.88 56.56 29.8 0.04 0.00 0.0000 204 

Ln price returns 

Wine 0.0224 -0.0081 0.0021 0.0044 0.00 0.00 0.0000 203 

Fuel 0.0582 -0.0916 0.0029 0.0202 0.00 0.00 0.0000 203 

Electricity 0.0883 -0.0144 0.0036 0.0128 0.00 0.00 0.0000 203 

Source: own elaboration 

4. Empirical Results and Discussion 

4.1. Unit Root Test 

The augmented Dickey and Fuller (ADF) and Philip–Perron (PP) unit root tests 

were used to check for stationarity or non-stationarity of variables, as described in the 

methodology section. Table 2 provides the results of the unit root tests based on Dickey 

and Fuller (1979) (ADF), and Phillips and Perron (1988) (PP) methods. The test results 

indicate that all variables have a unit root and therefore non-stationary in levels. 

However, for all three variables, the null hypothesis is rejected at the 1% level when we 

difference the equations by first order.  

 

Table 2. ADF and PP Test Results 
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Variables t-statistics crit-value t-statistics crit-value  

 ADF level ADF Difference  

WPV -1.996** -3.348 -8.26*** -3.349 I(1) 

FPV -2.893*** -3.348 -7.09*** -3.349 I(1) 

EPV -2.423** -3.348 -7.59*** -3.349 I(1) 

 PP level PP Difference  

WPV -1.996** -3.348 -14.982*** -3.348 I(1) 

FPV -2.893*** -3.348 -9.473*** -3.348 I(1) 

EPV -2.423** -3.348 -13.824*** -3.348 I(1) 

Notes: This table provides the results of the unit root tests. Asterisks *, ** and *** denote rejections of the null 

hypothesis at 10%, 5% and 1% significance levels, respectively. 

4.2. Co-Integration Test Results 

The Johansen co-integration test was used to check for any long-run relationship 

between the series. The results are presented in Table 3. The results suggests there exists 

a long-run relationship at the 5% significance level between wine, fuel and electricity.  

 

Table 3. Johansen Co-Integration Test 
Trace test Max eigenvalue test 

H0 H1 statistics 5%CV H0 H1 statistic 5%CV 

Co-integration test between wine, fuel and electricity 

r = 0 r ≥ 1 41.42 29.68 r = 0 r = 1 33.73 20.68 

r ≤ 1 r ≥ 2 16.94 15.41 r = 1 r = 2 12.86* 15.41 

r ≤ 2 r ≥ 2 2.97* 3.73 r = 2 r = 3 3.2 3.76 

Notes: This table provides the results of the co-integration tests. The number of co-integrating vectors is denoted by r. 

Asterisks *, ** and *** denote rejections of the null hypothesis at the 10%, 5% and 1% significance levels, 

respectively. 

4.3. Heteroscedasticity Test 

The Breush-Pegan test results confirm the presence of heteroscedasticity at the 

1% significance level. This is shown in Figure 2, which presents clustering volatility for 

wine, fuel and electricity. For each series, large changes tend to be followed by further 

large changes, and a series of small changes tend to be followed by further small changes. 
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Figure 2. Volatility Clustering for Wine, Fuel and Electricity 

 

Source: Own elaboration 

4.4.  ARCH Effect Test 

The results for the Autoregressive Conditional Heteroscedasticity (ARCH) effects 

were positive and statistically significant at the 1% confidence level. The confirmation of 

the presence of the ARCH effect indicates that the volatility in the prices of energy and 

wine are time variant, and hence it is suggested that the GARCH approach be used 

(McAleer et al, 2008). We now analyse the interdependence of energy-wine prices. 

4.5. Conditional Volatility Estimates with (ccc) MGARCH  

Prior to assessing the constant conditional correlation (ccc) MGARCH model, the 

GARCH model was estimated. The significance of the ARCH and GARCH effects at the 

1% significance level indicates that lagged conditional variance and lagged square 

distribution have an impact on the conditional variance, implying that a change of price 

in one market influences the change in price of the other. Table 4 shows the results of the 
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(ccc) MGARCH model, with all parameters (i.e., sum of α2
 and β2

) being positive and 

statistically significant at the 1% confidence level. 

 

Table 4. Preliminary Results for Conditional Variance Estimations 
 Wine Fuel Electricity 

Intercept (ω) 1.5200*** 

(3.4100) 

0.00006 

(0.00004) 

3.9200*** 

(1.0300) 

ARCH () -0.0453*** 

(0.0027) 

-0.0417*** 

(0.0137) 

-0.0304*** 

(0.0026) 

GARCH (β) 0.9652*** 

(0.0208) 

0.8906*** 

(0.0903) 

0.9988*** 

(0.0094) 

+β (persistence measure)     0.92 0.85 0.96 

Notes: This table provides the final results for the (ccc) MGARCH model. The standard errors (in parentheses) are 

calculated using the quasi-maximum likelihood method, which is robust to the distribution of the underlying residuals. 

Asterisks *, ** and *** denote rejections of the null hypothesis at the 10%, 5% and 1% significance levels, 

respectively. 

Furthermore, the magnitudes of the coefficients β2’ are especially high for all 

series, with .96, .89, and .99 for wine, fuel and electricity respectively, exhibiting a high 

level of variability. The ARCH effect, on the other hand, has negative and smaller 

coefficients, indicating that a shock in the series decreases the current volatility. The 

overall effect indicates a strong volatility spillover from energy to the wine market. The 

persistence measure (α + β) is close to one (1), meaning that a shock in the volatility 

series impacts future volatility over a long horizon, implying that the impact of the shock 

takes a long time to decay. 

Table 5 shows co-variance results, which indicate a long-run relationship between 

energy and wine prices. There’s a positive and statistically significant long-run 

relationship between fuel and wine prices at the 1% significance level, while the long-run 

relationship between electricity and wine is not significant. This suggests that only the 

prices for wine and fuel move together in the long run. 
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Table 5. Variance and Co-Variance Estimates for (ccc) MGARCH 
 Wine 

Fuel 0.251*** 

(0.06626) 

Electricity 0.091 

(0.070884) 

Notes: This table provides the covariance results for the (ccc) MGARCH model. The standard errors (in parentheses) 

are calculated using the quasi-maximum likelihood method, which is robust to the distribution of the underlying 

residuals. Asterisks *, ** and *** denote rejections of the null hypothesis at the 10%, 5% and 1% significance levels, 

respectively. 

5. Concluding Remarks  

This study presents an analysis of the interdependence of energy price and price 

volatility in the South African wine market. That data consists of monthly CPI prices for 

wine, fuel and electricity for the period 1 January 2002 to December 2018. A constant 

conditional correlation (ccc) multivariate GARCH model (Tse and Tsui, 2002) is 

estimated. The model is flexible enough to account for own- and cross-volatility 

spillovers and persistence between markets.  

These findings make a significant contribution to the literature in estimating the 

volatility of the energy market by employing a multivariate technique that has not been 

previously explored in the South African context. The estimation of these prices and 

volatility between the energy and wine markets allows for better understanding of the 

extent to which the markets influence each other. 

Firstly, we analysed the univariate GARCH(1,1) model to identify the source and 

magnitude of the mean innovation and volatility spillovers of each market. The 

significance of the ARCH and GARCH effects at the 1% level indicates that the means 

and own-mean volatility have an impact on the current volatility in the series. Secondly, 

we analysed the multivariate (ccc) GARCH model and found positive and significant 

volatility effects between the series. All three markets exhibit a significant own-mean 

(GARCH) spillover.  The ARCH effect, on the other hand, has negative and smaller 

coefficients, indicating that a shock in the series decreases the current volatility. The 

overall effect indicates strong volatility spillover from the energy market to the wine 

market. The persistence measure (α + β) is close to one (1), meaning that a shock in the 

volatility series impacts future volatility over a long horizon, implying that the impact of 
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the shock takes a long time to decay. When we measure co-variance between the series, 

the results indicate that only fuel and wine prices move together in the long run. 

The impact of the volatility of both fuel and electricity prices on wine prices is 

potentially important, because it can render wine prices unstable, enlarging market 

uncertainty and risk for both the consumers and producers of wine. It can also impact 

negatively on the government’s revenue and the South African economy at large. This 

suggests that policymakers should not only formulate income and farm price 

programmes, but also should establish appropriate hedging facilities to mitigate the 

associated risks. For example, the volatility transmission relationships between energy 

and wine markets might help investors make optimal business decisions. Another way 

would be for policymakers to promote the use of alternative energy sources. Further, we 

report that fuel and wine prices move together; hence, policymakers should take into 

account the connection between energy and agricultural markets. Additionally, wine 

stakeholders could benefit from building their strategic energy reserves, as the fuel and 

electricity reserve is essential for those players that rely heavily on government-supplied 

energy. Taking these measures into account might alleviate risks associated with price 

volatility. In a further study, it would be interesting to investigate the direction and size of 

potential spillover effects using a much larger dataset and a different approach. 
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