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The Bayesian MS-GARCH model and
Value-at-Risk in South African agricultural

commodity price markets

Abstract.
The core objective of this paper is to examine the rela-
tionship between the prices of agricultural commodities
with the oil price, gas price, coal price and exchange rate
(USD/Rand). In addition, the paper tries to fit an ap-
propriate model that best describes the log return price
volatility and estimate Value-at-Risk (VaR). The data
used in this study are the daily returns of agricultural
commodity prices from 02 January 2007 to 31st October
2016. The paper applies the three-state Markov-switching
(MS) regression, the standard single-regime GARCH, and
theMarkov-switching GARCH (MS-GARCH) models. To
choose the best fit model, the log-likelihood function,
Akaike information criterion (AIC), Bayesian informa-
tion criterion (BIC) and deviance information criterion
(DIC) are employed under different distributions for inno-
vations. The results indicate that the price of agricultural
commodities was found to be significantly associated with
the price of coal, the price of natural gas, price of oil and
exchange rate. Moreover, for most of the agricultural com-
modities considered in this paper, the MS-GARCH models
under the MCMC approach outperformed the standard
single regime GARCH models in measuring VaR.In con-
clusion, this paper provided a practical guide for modelling
agricultural commodity prices by MS regression and MS-
GARCH processes.

Keywords. Commodity prices, MS-GARCH model,
price volatility, South Africa, Value at risk

1 Introduction

Commodity prices are categorized by periods of sharp
fluctuations in prices, and the level of volatility itself
changes over time (Pindyck, 2001). In financial time se-
ries, modelling volatility is an important component in
risk management, portfolio management and pricing eq-
uity. High volatilities can increase the risk of assets (Luo,
2015). Interest rises on modelling and analysing the dy-
namic behaviour of financial quantities observed through
time after the ground breaking papers by Engle (1982)
and Bollerslev (1986). However, there are changes on fi-

nancial and macroeconomic quantities in their behaviour
over a sample periods. Financial crises can cause dramat-
ic fluctuations in the behaviour of many economic time
series (Hamilton, 2005). They can also abruptly change
the government policy. Markov Switching models have
been presented to consist of sudden parameter changes in
models. The idea is to add a hidden state variable which
shows changing the parameter when the process is in a
different state. Caporale et al. (2003) showed that high
persistence in GARCH models can be the consequence of
a structural break. He showed that one can often decom-
pose an IGARCH process to a MS-GARCH.

Since the seminal application of Hamilton (1989) to
US real Gross National Product growth, regime switch-
ing models have been widely used in applied research.
The model has been applied in various areas in economics
and finance such as analysis of business cycles (Hamilton,
1989), low and high volatility regimes in returns (Hamil-
ton and Susmel, 1994), oil and the macroeconomic anal-
ysis (Raymond and Rich, 1997), asset and stock market
returns modeling (Engel, 1994) and so on.

The main contribution of the present work is to de-
velop an appropriate MS-GARCH model to each of the
seven agricultural commodity price return series in South
Africa. In particular, the analysis is done through three
steps. First, I apply the MS regression model to examine
the relationship between the prices of agricultural com-
modities with oil price, gas price, coal price and exchange
rate (USD/Rand). Second, I test the Autoregressive mov-
ing average (ARMA), or univariate GARCH models are
able to capture all dependencies in return series. Third,
MS-GRACH models are fitted in order to account for po-
tential volatility breaks.

In line with the established literature on commodity
price volatilities, the results in this work provide support-
ive evidence for the theory of commodity price volatility.
More in detail, employing the Bayesian estimation of the
MS-GARCH model by using the Maximum Likelihood (M-
L) estimator as the starting values to account for poten-
tial volatility breaks. This is because MS-GARCH models
allow time-varying skewness contrary to the standard uni-
variate GARCH-type models. Moreover, I show that the
price of agricultural commodities was found to be signif-
icantly associated with the price of coal, price of natural
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gas, price of oil and exchange rate.
The remainder of the paper is organized as follows.

In Section 2 we discuss the data sources. In Section 3 we
briefly discuss the main set-up of the MS regression mod-
el and MS-GARCH model. In Section 4 we present the
results and Section 5 presents concluding remarks.

2 Literature Review

The price of agricultural commodities in general and
food prices in particular has been increasing in recent
times (Tadesse et al., 2014). For commodity dependen-
t countries and producers commodity price volatility is
their big problem. Nearly one third of the global popula-
tion is dependent on primary commodities such as copper,
cotton and rice. Commodity exports are at least half of
their foreign exchange earnings for 95 of the 141 develop-
ing countries at the national level (Brown et al., 2008).

Factors such as natural disasters, unfavourable
weather conditions, exchange rate volatility and shifts in
global demand and supply are the major causes of a-
gricultural commodity price uncertainties. Almost a 30-
year high food price volatility is observed in December
2010 (Bellemare et al., 2013). Agricultural commodity
price volatility has been exceptionally high during the last
decade (FAO and UNCTAD, 2011).

The export and import side of numerous least de-
veloped countries, particularly in Sub-Saharan Africa face
commodity dependence. This leads to a high degree of
primary commodities export. Commodity prices dynam-
ics have changed considerably even though trade pattern-
s with regard to main commodities continued fairly un-
changing over the last decades. However, commodities
particularly agricultural based have experienced extraor-
dinary price boom since the early-2000s with price hikes
in mid 2008 and 2011 (von Arnim et al., 2015).

There has been a substantial uncertainty in global
agricultural markets since 2006. The world agricultural
commodity prices rose by an average of 70 percent in nom-
inal dollar terms in between September 2006 and February
2008. The highest price increases were witnessed in wheat,
maize, rice, and dairy products. Prices fell rapidly in the
second half of 2008, but sharp price increases were ob-
served again in 2010 and the level reached at the peak of
the price spike of 2008 in 2011. The prices dropped again
in 2011 and 2012 and then increased again significantly in
early 2013 (Sarris, 2014).

There has been many shocks across the range of com-
modities in the last 30 years. The financial arrangement
and environmental management for commodity dependent
countries are highly affected by the commodity price un-
certainty. These price uncertainty is also widening existing
inequalities. It is known that low commodity prices will
cause in lesser income for producers and smaller number
of jobs for workers. However, volatile prices also have a
undesirable outcome on livelihoods (Brown et al., 2008).

According to the World Bank, IMF and UNCTAD
commodity prices have a vital role on economic develop-
ment and on the occurrence of poverty in low income coun-
tries (LICs). LICs, in particular SSA countries are strictly
dependent on the export of a single or limited commodi-
ties. For most of the SSA countries at least half of incomes
are coming from the export of just a limited commodities.
Thus, commodity price uncertainty can have a huge influ-
ence on the well-being of a country’s population (Addison
et al. 2016).

Price volatilities can cause negative impact on the e-
conomy of poor countries (Rodrik, 1999). Volatile prices
touch both producers and consumers. Production and in-
vestment risks rise for producers, predominantly when the
production cycle is extended. Volatile prices is also affect-
ing the consumption decision of consumers when they have
a limited income (Wang, 2014). Moreover, economic cri-
sis can be caused by higher and unpredictable volatility
(Acemoglu et al., 2003).

The agricultural production uncertainty, especially in
a developing countries, affects investment decisions, de-
creasing technology acceptance and obstructing the accep-
tance of upgraded farming systems. The high relationship
between production, price, and market risks identifies the
requirement of a unified and complete approach to risk
management and building resilience of African producers
(Antonaci et al., 2014).

For African commodity-exporting countries, the con-
sequence is that it is doubtful that there will be
much weakening in economic performance. In addition,
commodity-producing Sub-Saharan Africa countries that
depend on on internal funds to finance investment expen-
diture will be outperformed by countries that depend on
on external financing (Barrow et al., 2017).

Extremely high levels of price volatility has been the
sole characterization of commodity markets (Luo, 2015).
As shown in Figure 1, the prices of the seven agricultur-
al commodities has been fluctuating in the last 10 years.
In the mid 2008, 2011, 2013, 2014 and 2016 the prices of
agricultural commodities were at the peak.

Blattman et al. (2007) considered a panel of 35
commodity dependent countries to investigate the im-
pact of trade volatility originating from excessive com-
modity price fluctuations. Blattman et al. (2007) ar-
gued that commodity prices are volatile and natural re-
source prices in particular have been the determent fac-
tor to growth. They also discussed that countries expe-
riencing high volatility in their commodity prices tend to
grow slowly when compared to countries experiencing low
volatility in their commodity prices.

The South African economies are expected to be quit
in 2017 when compared to the uncertainty and volatili-
ty that will be brought by commodity prices, global geo-
politics, domestic politics, and US monetary and trade
policy. Growth domestic product (GDP) could recover
to 1.4% in 2017 if commodity prices remain near current



values (Barrow et al., 2017).

3 Data and Methodology

3.1 Data description

The samples analysed in this paper are the daily re-
turns of South African agricultural commodity prices from

02 January 2007 to 31st October 2016 for yellow maize,
white maize, wheat, sunflower and soya, and from 19 May
2010 to 31st October 2016 for corn and sorghum. The
data sets consists of the daily returns of agricultural com-
modity prices. All these data are obtained from the data
stream of Johannesburg Stock Exchange (JSE). Figure 1
plot the price of agricultural commodities against time.

Table 1: Variables used in the study

Variable Explanation
Com Price Logarithmic value of prices white maize, yellow maize, wheat, sunflower, soya, corn and sorghum
Oil Price Logarithmic value of oil price
Gas Price Logarithmic value of gas price
Coal Price Logarithmic value of coal price

Exchange Rate Logarithmic value of USD/Rand Exchange Rate

Figure 1: South African agricultural commodity prices

In this section we discusses the three different class of
models. The first class of models are the constant volatil-
ity Markov-switching regression models. The second class
of models are the univariate GARCH models such as the
linear GARCH and the non-linear GJR models. The last
model is the MS-GARCH type models.

3.2 Markov-switching regression models

Consider the classical linear regression model given
by

yt = x′tβ+εt, εt ∼ i.i.d.N(0,σ2), t = 1, 2, · · · , T,
(3.2.1)

where classical assumptions assume that εt is i.i.d. (inde-
pendently and identically distributed). In addition, the
parameters are assumed to be constant through time.
However, this assumption would not be true if some sort



of structural break occurred in the series. In order to
overcome this problem, Hamilton (1989) introduced the
m-state Markov-switching model which is given as follows

yt = x′tβst + σstεt, εt ∼ i.i.d.N(0, 1)(3.2.2)

where βst a k × 1 state dependant coefficients, σst is a
vector of error standard deviations, xt a vector of exoge-
nous regressors and state variable st is a random variable
that governs all parameters with transition probability,
p(st = j|st–1 = i) = pij.

3.3 The single-regime GARCH models

Let rt be the log difference of agricultural commodity
price pt:

rt = log(pt) – log(pt–1) (3.3.1)

where pt is the commodity price at date t.
The simplest univariate GARCH(1,1) model for the

agricultural commodity price returns can be specified as
follows (see Bollerslev, 1986):

yt = σtεt, εt ∼ N(0, 1),

σ2
t = α0 + αy2

t–1 + βσ2
t–1, (3.3.2)

where α0 > 0, α ≥ 0, β ≥ 0 and α+β < 1 ensures covari-
ance stationarity. The sum α+β measures the persistence
of a shock to the conditional variance in equation.

3.3.1 The GJR models

Glosten et al. (1993) introduced the nonlinear GJR
model in order to model the asymmetric effects of positive
and negative shocks to volatility. The GJR(1,1) model
can be written as

σ2
t = α0 + αy2

t–1 + γy2
t–1I(yt–1 < 0) + βσ2

t–1, (3.3.3)

where the γ parameter captures asymmetry and I(yt–1 <
0) is an indicator function, which takes the value 1 when
yt–1 < 0 and 0 otherwise.

3.4 The Markov-Switching GARCH
model

This model allow to switch between different regimes
contrary to the standard GARCH models. In this type
of models the asymmetry is time varying. Francq et al.
(2001) consider the following switching GARCH(m, n)
model, where all coefficients are switching,

yt = σtεt, εt ∼ N(0, 1), (3.4.1)

σ2
t = γst+αst,1y2

t–1+· · ·+αst,my2
t–m+δst,1σ

2
t–1+· · ·+δst,nσ2

t–n.

For the switching GARCH(1, 1) model, the necessary and
sufficient conditions ensuring the existence of a strictly
stationary solution is:

K∑
k=1

ηkE(log(αk, 1ε2t + δk,1)) < 0, (3.4.2)

which reduces for k = 1 to the result given by Nelson
(1991) for the standard GARCH(1,1) model. In this pa-
per, I use the terms state and regime interchangeably.

3.5 Estimation

In this paper both ML or MCMC techniques
(Bayesian estimation) are employed to estimate the model
parameters. Both approaches require the evaluation of the
likelihood function. We need to maximize the log likeli-
hood function in order to estimate the model parameters.
Let y = (y1, · · · , yT)′ be the vector of the log-returns and
Ψ = (ε1, θ1, · · · , εk, θk, P) be the vector of model parame-
ters. The likelihood function is given as follows

L(Ψ|y) =

T∏
i=1

log[f(yt|Ψ, It–1)] (3.5.1)

where f(yt|Ψ, It–1) is the conditional density of yt given
regime i occurs at time t and It–1 denote the information
set up to time t – 1. Maximizing equation (3.5.1) reveals
the ML estimator of Ψ̂. The likelihood function is com-
bined with the prior distribution f(Ψ) to build the kernel
of the posterior distribution f(Ψ|y) in order to obtain the
MCMC estimation (Bayesian estimation).

Note that: in this paper I mainly used the MS-
GARCH package developed by Ardia et al. (2016).

3.6 Model selection criteria

Akaike (1974) proposed the most commonly used A-
IC in order to evaluate models given as follows

AIC = 2k – 2log L (3.6.1)

where m is the number of parameters in the model and L
is the value of the likelihood function. Similarly, BIC has
a similar form

BIC = klog(T) – 2log L, (3.6.2)

where T is the sample size. DIC is defined as (see Berg et
al., 2004)

DIC = D̄ + pD, (3.6.3)

where the measure of the goodness of fit (i.e., deviance)
is given by D̄ = EΘ|y [D(Θ)] = EΘ|y [–2lnf(y|Θ)] and
the term which penalizes the complex models is given as
pD = D̄ – D(Θ), Θ is the posterior mean of parameters.
Note that: low AIC, BIC and DIC values indicate a better
model fit.



3.7 Backtesting Value-at-Risk

“VaR is only as good as its backtest. When someone
shows me a VaR number, I don’t ask how it is computed,
I ask to see the backtest.” (Brown, 2008, p.20). Value-
at-Risk, or VaR at the (1 – α) confidence level (VaR(1–α))
of a portfolio is defined as the minimum amount that is
expected to lose in financial markets with a given proba-
bility α over a given time horizon k (usually 1-day or 10
days). It is frequently used statistic for determining po-
tential risk of economic losses in financial markets. Let pt

be the price of an agricultural commodity on day t. A k–
day VaR on day t is defined by

P(Pt–k – Pt ≤ VaR(t, k,α)) = 1 – α. (3.7.1)

Kupiec (1995) and Christoffersen (1998, 2003) proposed
statistical techniques for evaluating VaR.

3.7.1 Unconditional coverage

Let N =
∑T̃

t=1 Ĩt be the number of days over a T̃ peri-
od that the portfolio loss was larger than the VaR estimate
where the binary loss function (BLF) can be written as:

Ĩt+1 =

1 if rt+1 < VaR
(1–p)
t+1|t

0, if rt+1 ≥ VaR
(1–p)
t+1|t

The number of violations follows a binomial distribu-
tion, i.e. N ∼ Bin(T̃, p). If the VaR model is appropri-
ately specified, then the failure rate of the model equals
to the expected ones. This can be stated by the following
hypotheses:

H0 : N/T̃ = p

H1 : N/T̃ 6= p

where p is the failure rate suggested by the confidence in-
terval. To this end, the appropriate likelihood ratio (LR)
test statistic for unconditional coverage equals to:

LRuc = –2 ln

 (1 – p)T̃–NpN

(1 – N
T̃

)T̃–N(N
T̃

)N

 ∼ χ2(1). (3.7.2)

The power of this test is generally poor even though it
can reject a model for both high and low failures (Kupiec,
1995).

3.7.2 Conditional coverage

Christoffersen (1998) proposed the conditional cover-
age (CC) test, designed to test that the entire number of
failures equal to the expected one and the VaR violations
are independent. The hypotheses can be stated as follows:

H0 : N/T̃ = p and π01 = π11 = p

H1 : N/T̃ 6= p and π01 6= π11 6= p.

The appropriate likelihood ratio (LR) is:

LRcc = –2ln

(
(1 – p)T̃–NpN

(1 – π01)n00πn01
01 (1 – π11)n10πn11

11

)
∼ χ2

2,

(3.7.3)
where nij is the number of observations with value i fol-
lowed by j, for i,j=0,1 and

πij =
nij∑
j nij

(3.7.4)

are the corresponding probabilities.

3.7.3 Loss functions

The quadratic loss function (QLF) can be written as:

QLt+1 =

1 + (rt+1 – VaR
(1–p)
t+1|t)

2, if rt+1 < VaR
(1–p)
t+1|t

0, if rt+1 ≥ VaR
(1–p)
t+1|t

This loss function is developed by Lopez (1999) to ac-
commodate the specific concerns of risk mangers to mea-
sure the accuracy of the VaR forecasts on the basis of the
distance between the observed returns and the forecasted
VaR values if a violation occurs.

The modified quadratic loss function (MQLF) can be
written as:

MQLt+1 =

(rt+1 – ES
(1–p)
t+1|t)

2, if rt+1 < VaR
(1–p)
t+1|t

0, if rt+1 ≥ VaR
(1–p)
t+1|t

The MQLF is proposed by Angelidis and Degiannkis
(2006) to overcome the Lopez’s (1999) loss function short-
coming. This method is proposed to determine the dif-
ference of the loss with the ES. In this case ES is used
instead of VaR as VaR does not provide any idea about
the extent of the expected loss.

4 Empirical results

This paper illustrates the different single regime
GARCH and MS-GARCH models with normal, Student’s-
t, GED and their skewed form innovations.

4.0.4 Descriptive summary of agricultural com-
modity returns

I estimate the different agricultural commodity price
returns using the standard single regime GARCH and MS-
GARCH models. This paper compares the agricultural
commodity return volatilities of seven agricultural com-
modities such as white maize, yellow maize, wheat, sun-
flower, soya, corn and sorghum. The data shows negative-
ly skewed for all commodities except corn. The excess kur-
tosis statistic which is equal to 13.52, 22.79, 7.196, 15.02,
7.33, 174.39 and 122.41 for white maize, yellow maize,
wheat, sunflower, soya, corn and sorghum commodities,



respectively indicate the Leptokurtic characteristics of the
return distribution. The Jarque-Bera (JB) test statistic
can be calculated as follows: JB = n

6

(
S2 + 1

4 (K – 3)2
)

,
where n represents the number of observations, K repre-
sents kurtosis and S represents skewness (Jarque & Bera,
1980).The JB statistic with skewness and excess kurtosis
are clearly observed for all the daily returns series which

indicate violations of normality assumptions. This implies
that we should consider asymmetric distribution for them.
Thus, student-t and GED may not be good assumption-
s. As a result, we fit different GARCH(1,1) models for
the marginal using the skewed student-t and skewed GED
distributions for innovations.

4.1 Estimation results of Markov-
switching models with constant
volatility

Estimate the MS and non switching regression
model parameters and evaluate the corresponding like-

lihoods, denoted L
(
θ̂MS

)
and L

(
θ̂Non–switching

)
, re-

spectively. The presence of regime switching in the
data can be further tested using the standard likeli-
hood ratio (LR) statistic which is given by λLR =

2
[
L
(
θ̂MS

)
– L

(
θ̂Non–switching

)]
, where θ̂MS is the MLE

of parameters in the MS model and L
(
θ̂Non–switching

)
are the MLE for Θ for non-switching model, respective-
ly. Under the null hypothesis, λLR has an asymptotic χ2

k
distribution with k degrees of freedom, where k is the num-
ber of parameters identified under the null hypothesis. As
shown in Table 3, linearity of the λLR are rejected. Thus,
there is a solid confirmation of existence of regime switch-
ing, which makes the use of regime switching regression
models justified.

Pi,t =


β

(1)
0 + β

(1)
Coal,t + β

(1)
Oil,t + β

(1)
Gas,t + β

(1)
USD/Rand,t

St = 1

β
(2)
0 + β

(2)
Coal,t + β

(2)
Oil,t + β

(2)
Gas,t + β

(2)
USD/Rand,t

St = 2

β
(3)
0 + β

(3)
Coal,t + β

(3)
Oil,t + β

(3)
Gas,t + β

(3)
USD/Rand,t

St = 3

(4.1.1)

The effect of price of coal, price of natural gas, price
of oil and exchange rate uncertainty on the price of agri-
cultural commodities are assessed using the two-state and
three-state MS regression model. The two-state and three-
state MS regression models can be estimated by maximum
likelihood estimation (MLE) method. Table 4 shows the
estimated parameters with their standard errors reported
in parentheses. Almost all the parameters in the table are
significant. This result confirms that coal price, natural

gas price, oil price and exchange rate uncertainties do in-
deed play a vital role in agricultural commodity prices in
South Africa. The transition probabilities from regime 1
to regime 1, from regime 2 to regime 2, and from regime 3
to regime 3 are greater than 96% for all commodity prices.
This indicates that it is hard to change from regime 1 to
regime 2, from regime 2 to regime 3 and from regime 1 to
regime 3.

4.2 Bayesian estimation results of
GARCH-type volatility models

The hypothesis for the ARCH LM-test is given as
follows

Null hypothesis: no ARCH effects

Alternative hypothesis: ARCH effects

As shown in Table 5 the results of the ARCH-LM
test are significant and it makes sense to employ an
ARCH/GARCH model.

4.2.1 The single regime standard GARCH model
estimation results

As we discuss earlier, with skewness and excess kur-
tosis, all series present clear signs of nonnormality. The

AIC, BIC and DIC values are minimized when we con-
sider an asymmetric conditional density functions such as
skewed-t and skewed-GED for innovations. Table 6 shows
the selection criteria under the three distributions, name-
ly normal, student-t and GED in the two regime GARCH
model. To choose the best fit model, the AIC, BIC and
DIC are employed under three distributions.

• GJR(1,1) model performs better for white maize and
sorghum under skewed-t innovations

• GARCH(1,1) model performs better for yellow
maize, wheat and sunflower under skewed-GED in-
novations

• GARCH(1,1) model performs better for soya under
normal innovations and

• EGARCH(1,1) model performs better for corn under
std.



Table 2: Statistical properties of commodity returns, 2007 - 2016 of returns series

Commodities White maize Yellow maize Wheat Sunflower Soya Corn Sorghum

Mean 2.919e-17 -4.681e-17 2.563e-18 -2.678e-18 1.217e-17 8.761e-18 4.105e-19
Variance 3.995 3.820 1.496 1.728 1.934 12.138 1.791
Skewness -0.883 -1.356 -0.563 -1.013 -0.365 0.1514 -7.015
Kurtosis 13.52 22.79 7.196 15.02 7.33 174.39 122.41

JB 11658*** 40880*** 1932.5*** 15223*** 1976*** 1975500*** 972110***

Chi-squared 137.7 89.778 93.885 145.82 158.92 673.25 45.63
p-value 2.2e-16 5.451e-14 8.66e-15 2.2e-16 2.2e-16 2.2e-16 4.32e-5

Note: *** denotes the significance at the 1% level.

Table 3: Specification testing for MS models

Variables White Yellow Wheat Sunflower Soya Corn Sorghum

λLR 21516** 21027** 22146** 23498** 22789** 1677** 20658**

Note: ** denote the significance at the 1% levels.

The estimated coefficients of the GARCH effects are high-
ly significant for all of the commodities except corn and
sorghum. Further in this paper, to examine whether there
is high degree of volatility persistence, I compute the quan-
tity α1 + β1 for the seven agricultural commodities. The
quantity α1 + β1 are greater than 0.91 for all agricultural
commodities except corn, indicating that the existence of

regimes in the conditional volatility dynamics. For exam-
ple, this measure for wheat equals 0.9907, which implies an
expected duration of 1/(1 – 0.9907) = 107.5 working days
for volatility shocks. To explore the feature of volatility
in the South African agricultural commodity markets, we
estimate the MS-GARCH model and compare its perfor-
mance with the standard single regime GARCH model.

4.2.2 The regime switching GARCH model estimation results

Table 6 presents the Bayesian estimation results of
the two regime MS-GARCH models for the seven agri-
cultural commodities. Most of the regression coefficients
in the two-regime MS-GARCH model are statistically sig-
nificant. Since E

(
ε2t |4t = 1

)
< E

(
ε2t |4t = 2

)
, the first

component of this table is the low-volatility regime in all
cases. All the switching models considered in this paper
are stationary since α1 + β1 < 1 and α2 + β2 < 1 in all
cases. In addition, β2 < β1 indicates that the impact of
shocks dies out soon in the high volatility states for the
wheat and soya returns. The density gets flatter in state
2 for the white maize, sunflower, and corn price returns
since ν2 < ν1.

The transition probabilities, p11 and p22 are highly
significant, indicating that the volatility regime is persis-
tent. For instance, when you enter to a low volatility
regime of wheat prices, you tend to remain there with a
probability p̂11 = 0.9879. Applying the standard formula,

the average durations of a low and high volatility regime
are:

average duration low volatility =
1

1 – 0.9879
= 82.65 days

and

average duration high volatility =
1

1 – 0.3778
= 1.6 days,

respectively. Analogous calculations find that the
expected durations of low volatility regime are
1, 8, 18, 17, 10 & 6 working days for white maize, yellow
maize, sunflower, soya, corn and sorghum, respectively,
while the expected durations of the high volatility regime
are between 1 and 3 working days. The low volatility
regime is very persistent for wheat, sunflower and soya
indicating that it is difficult to switch from low volatility
state to high volatility state of the market.

4.3 Value-at-Risk estimates: in-Sample

“Risk is like fire: if controlled it will help you, if
uncontrolled it will rise up and destroy you.” Theodore
Roosevelt

This paper computes the 5% VaR from the single
regime GARCH and regime switching GARCH modes over
the in-sample risk measures for all dates under MLE and

MCMC methods. Figures 2 and 3 show the 5% and 1%
VaR from the different GARCH and MS-GARCH mod-
els under the MLE and MCMC for skewd t and skewed
GED innovations. They look similar except that the MS-
GARCH model often shows bigger spikes than the single
regime model when there is a large shift in volatility. This
is in agreement with Ardia et al. (2016).



Table 4: Maximum likelihood estimates for selected agricultural commodities

K Parameter White maize Yellow maize Wheat Sunflower Soya Corn Sorghum

βconstant 8.9639** 1.0726** 4.8886** 2.9259** 5.1866** 4.1969** 3.3848**

(0.0461) (0.1285) (0.0815) (0.0888) (0.0888) (0.1676) (0.0564)

βCoal -0.2314** 0.1166** 0.0326* 0.1025** -0.0242** -0.4841** -0.2442**

1 (0.0046) (0.021) (0.0107) (0.01) (0.0045) (0.0026) (0.0044)

βOil -0.2375** 0.6379** 0.2528** 0.5817** 0.1542** 0.7219** 0.5497**

(0.0064) (0.0249) (0.0135) (0.0128) (0.0124) (0.0265) (0.01)

βGas -0.1995** -0.1331** 0.0929** -0.0374** -0.1374** 0.186** -0.1597**

(0.0084) (0.0135) (0.0077) (0.0125) (0.0089) (0.018) (0.011)

βRand 0.3188** 1.6405** 0.8991** 1.2254** 1.1582** 0.5684** 1.2639**

(0.0117) (0.0345) (0.0169) (0.0253) (0.0164) (0.023) (0.0111)

Σ 0.054 0.106453 0.059796 0.0985 0.0596 0.0412 0.03379
R2 0.96 0.86 0.81 0.82 0.966 0.953 0.98

βconstant 2.79** 6.8176** 4.8764** 8.0797** 4.0919** 2.0294** 3.4216**

0.046 0.0845 0.0243 0.0621 0.1096 0.3419 0.0948

βCoal 0.075** 0.0497** 0.0615** -0.1655** -0.012 -0.0339 0.0274**

(0.0046) (0.0085) (0.0027) (0.0037) (0.005) (0.0217) (0.0057)

2 βOil 0.37** 0.0779** 0.2178** -0.0212** 0.3381** 1.2713** 0.4223**

(0.0064) (0.0102) (0.0009) (0.0089) (0.0159) (0.0595) (0.0173)

βGas -0.06** -0.4195** -0.0684** 0.0444** -0.0159* -1.1741** -0.2993**

(0.0084) (0.0101) (0.0056) (0.0072) (0.0056) (0.0396) (0.0204)

βRand 1.416** 0.4387** 0.9638** 0.4151** 1.3006** 0.7023** 1.2217**

(0.0117) (0.0199) (0.0094) (0.0139) (0.022) (0.065) (0.0189)

Σ 0.049 0.0640786 0.03378 0.0617 0.042768 0.0955 0.0435
R2 0.97 0.92 0.9745 0.8394 0.97 0.88 0.9835

βconstant -0.006 8.5625** 4.626** 3.7601** 8.8215** 3.6159**

(0.0865) (0.0371) (0.1526) (0.053) (0.129) (0.0723)

βCoal -0.076* -0.2071** 0.025** -0.2919** -0.1336** -0.2646**

3 (0.0252) (0.003) (0.006) (0.005) (0.004) (0.006)

βOil 0.8395** -0.1481** 0.2098** 0.554** -0.1477** 0.5051**

(0.0254) (0.0057) (0.0199) (0.009) (0.0171) (0.0109)

βGas -0.4318** -0.1317** -0.1701** 0.0264* 0.0359** 0.0343*

0.0193 0.0068 0.01 0.009 0.0104 0.0116

βRand 2.137** 0.2463** 1.1563** 1.3814** -0.1369** 1.2358**

(0.0208) (0.01) (0.0317) (0.0167) (0.0249) (0.0159)

Σ 0.1206 0.047 0.031396 0.0479 0.04385 0.045875
R2 0.9449 0.956 0.99 0.9735 0.77 0.93

P (St = 1|St–1 = 1) 0.9875 0.992148 0.99534 0.99375 9.93E-01 0.964969 0.9702
P (St = 2|St–1 = 2) 0.98178 0.972568 0.9797 0.9951 0.98269 0.969825 0.97988
P (St = 3|St–1 = 3) 0.9747 0.98858 0.9856 0.98855 0.984669 0.975476

Note: The standard errors are reported in parentheses. ** and * denote the significance at the 1% and 5% levels, respectively.

Figures 4 and 5 illustrate the exceedances (i.e., true
return - predicted VaR) of the in sample forecasts of 5%
and 1% VaR resulting from the different GARCH models
with skewed-t and skewed GED innovations. As shown in
the both figures the differences are negative to a greater
extent for the higher significance levels.

4.4 Backtesting Measures

In this paper, Binary loss function (BLF) and
Quadratic loss function (QLF) are employed. Moreover,
LRuc and LRcc tests of Kupiec (1995) and Christoffersen
(1998) respectively are employed for testing the quantile
accuracy and independence. Table 7 displays the backtest-

ing measures for the 95 and 99% VaR for different single
regime GARCH and MS-GARCH models under the M-
LE and MCMC approaches. From the table we can see
that models with ABLF closest to nominal quantile level
α = 0.05 and α = 0.01 are preferred. The MS-GARCH
models result the lowest LR test for conditional cover-
age statistics for yellow maize, wheat, sunflower, soya and
sorghum. A closer look at these models reveals that the
ABLF for MS-GARCH models are very close to 5%, which
results that MS-GARCH model performs better for yellow
maize, wheat, sunflower, soya and sorghum. The complex
MS-GARCH and single regime GARCH models performs
well for white maize and corn, respectively.



Table 5: MCMC Estimates of standard GARCH models using the complete data

White Yellow Wheat Sunflower Soya Corn Sorghum
GJR(1,1) GARCH(1,1) GARCH(1,1) GARCH(1,1) GARCH(1,1) EGARCH(1,1) GJR(1,1)
Skewed-t Skewed-GED Skewed-GED Skewed-GED Normal std Skewed-t

α0 0.1955* 0.3003* 0.0171 0.1799 0.1782 1.3047* 0.0248*

(0.0464) (0.0738) (0.0069) (0.0681) (0.0629) (0.2613) (0.0003)

α1 0.1441** 0.154** 0.0786** 0.2012** 0.1668** 0.2770** 0.9928**

(0.0223) (0.0234) (0.0181) (0.0464) (0.0315) (0.0459) (0.0047)

α2 0.0325 -0.0067 0.0551*

(0.0208) (0.0401) (0.0132)

β1 0.7986** 0.7686** 0.9121** 0.7094** 0.7487** 0.197 0.0002
(0.0251) (0.0341) (0.0203) (0.0745) (0.0541) (0.1567) (0.0002)

ν 8.5900** 1.3100** 6.3500** 1.1900** 7.8000** 0.8681** 2.1000**

(0.6414) (0.0318) (0.2481) (0.0494) (1.14) (0.0303) (0.0005)

ξ1 0.9499** 0.9586** 0.9723** 1.009** 2.1200**

(0.0285) (0.0194) (0.0243) (0.0172) (0.0102)
α1 + β1 0.9427 0.9226 0.9907 0.9106 0.9155 0.474 0.993

Diagnostic

AIC 9849 9618 7418 7730 8224 6831 -371
BIC 9884 9653 7447 7759 8247 6858 -339
DIC 9847 9615 7417 7730 8227 6831 -378

Note: The standard errors are reported in parentheses. AIC, BIC and DIC are the Akaike, Bayesian and deviance information criterion,
respectively. ** and * denote the significance at the 1% and 5% levels, respectively.

5 Discussion

In this paper, I estimate different single regime and
two regime GRACH models with different kinds of distri-
butions of the innovations, normal distribution, Student-t
distribution, GED and their skewed extensions. As shown
in Tables 5 and 6, the AIC and DIC values of MS-GARCH
models are slightly smaller than their counterparts of the
standard single regime GARCH models. This evidence
shows that the MS-GARCH models fit the data much bet-
ter than the standard singe regime GARCH models. In
line with the findings of Edwards and Susmel (2003), the

ARCH coefficients (i.e., α
(1)
2 and α

(2)
2 ) are insignificant

except the coefficient of sunflower in regime 1, indicating
that the use of regime switching ARCH model be likely to
cause the ARCH effect to be disappeared.

For the 95% VaR, the MS-GARCH with MCMC esti-
mate performs best among all the models for yellow maize,
sunflower, soya, and sorghum with skewed-t, skewed-GED,
std, and skewed-GED innovations, respectively. The com-
plex MS-GARCH with ML estimate performs best for
white maize with skewed-t innovations. The MS-GARCH
model with ML estimate with skewed-t innovations is op-
timal model for wheat; while the single regime GARCH
with ML estimate and GED innovations outperforms the

rest of the models for corn.

For the 99% VaR, the MS-GARCH with ML esti-
mates perform reasonably well when compared to other
candidate models for white maize, yellow maize, wheat,
sunflower and soya. The MS-GARCH model with MCMC
estimates performs slightly well for sorghum and GARCH
with ML estimate performs well for corn. For 95% VaR,
the MS-GARCH with MCMC estimates perform better
than those with the ML estimates. However, for 99% VaR,
the MS-GARCH with ML estimates dominates those with
the MCMC estimates.

As shown in Table 7, there are differences between
the models based on symmetric and skewed innovations.
The models with the skewed innovations performs better
than those with the symmetric innovations except corn
interms of modeling volatility and VaR. With the excep-
tion of corn, the standard single regime GARCH mod-
els with MCMC estimate exhibit much more persistence.
This highlights the importance of applying the two regime
MS-GARCH models in modeling volatility and VaR.

The expected duration for white maize in regime 1
and sunflower and corn in regime 2 is 1, indicating that
these regimes essentially captures some isolated outliers
(Haas & Paolella, 2012).

6 Conclusions

One of the main aim of this paper has been to exam-
ine the factors contributing to fluctuation of agricultural
commodity prices in South Africa. The empirical results
based on the MS regression model can be concluded as
follows:

• the price of agricultural commodities was found to

be significantly associated with the price of coal,
price of natural gas, price of oil and exchange rate.

• for all agricultural commodities except sunflower,
k = 3 had and higher log-likelihood vales and low-
er AIC and BIC values. Thus, the three-state MS
regression model outperformed the two-state MS re-
gression model.



Table 6: MCMC estimates of the two regime MS-GARCH models using the complete data

White Yellow Wheat Sunflower Soya Corn Sorghum
MS-GARCH(1,1) MS-GJR(1,1) MS-GJR(1,1) MS-GJR(1,1) MS-GJR(1,1) MS-GJR(1,1) MS-GARCH(1,1)

Skewed-t Skewed-t Skewed-GED Skewed-t std std Skewed-t

α
(1)
0 0.5281* 0.3502* 0.0066 0.154* 0.1183** 0.4168* 0.0013*

(0.0984) (0.0612) (0.0026) (0.0286) (0.0085) (0.0535) (0.0001)

α
(1)
1 0.1249 0.1589* 0.0317* 0.1404 0.0952** 0.1054* 0.0001**

(0.0329) (0.0196) (0.0056) (0.0245) (0.0042) (0.031) (0.000001)

α
(1)
2 0.0031 0.1186* 0.0047 0.0191

(0.0034) (0.0235) (0.0058) (0.0212)

β1 0.6785** 0.0173 0.9565** 0.6537** 0.8472** 0.7399** 0.5704**

(0.0565) (0.0141) (0.0081) (0.0377) (0.0049) (0.0281) (0.0445)

ν1 3.2356** 0.7349** 1.485** 15.43** 10** 2.12** 0.7039**

(0.0373) (0.0243) (0.0113) (0.0192) (0.0069) (0.0586) (0.0059)

ξ1 1.1249** 0.9214** 0.9958** 1.0607** 4.8068**

(0.0611) (0.0325) (0.0067) (0.0243) (0.0306)

α
(2)
0 0.1403* 0.8656* 0.1005** 0.6326** 0.0022 0.5248** 4.4188**

(0.0252) (0.1271) (0.0034) (0.0229) (0.0012) (0.0371) (0.0229)

α
(2)
1 0.1825* 0.0539 0.0967** 0.0093 0.9948** 0.1726 0.1699

(0.0185) (0.0279) (0.0074) (0.0075) (0.004) (0.0589) (0.0182)

α
(2)
2 0.0412 0.0123 0.0047 0.0769

(0.0082) (0.0098) (0.0057) (0.0443)

β2 0.8064** 0.0694 0.8567** 0.9596** 0.0024 0.0683 0.8062
(0.0183) (0.0156) (0.0031) (0.0101) (0.0029) (0.0731) (0.0308)

ν2 1.1761** 2.1542** 2.0869** 2.2212** 14.35** 0.7139** 1.1258**

(0.0557) (0.0337) (0.0087) (0.0351) (0.0085) (0.0126) (0.0162)

ξ2 0.9129** 0.9879** 0.0602** 0.5598** 1.8353**

(0.0269) (0.0339) (0.0047) (0.0233) (0.0613)

p11 0.1189** 0.8697** 0.9879** 0.9457** 0.9411** 0.9028** 0.7853**

(0.0692) (0.033) (0.0039) (0.0089) (0.0035) (0.0236) (0.0064)

p22 0.6312** 0.5411** 0.3778** 0.3135* 0.5234** 0.1573 0.5313**

(0.0454) (0.0453) (0.0094) (0.0363) (0.0078) (0.0498) (0.0673)
(1 – p11)–1 1 8 83 18 17 10 5
(1 – p22)–1 3 2 2 1 2 1 2

E
(
ε2t |4t = 1

)
1.639 1.8987 0.8021 1.0183 1.4642 1.6949 0.055

E
(
ε2t |4t = 2

)
3.551 4.9212 13.3671 5.6481 1.9969 2.6985 13.583

Diagnostic

AIC 9846 9608 7409 7662 8188 6752 -1617
BIC 9915 9689 7491 7744 8258 6817 -1552
DIC 9832 9593 7394 7654 8172 6745 -2709

Note: The standard errors are reported in parentheses. AIC, BIC and DIC are the Akaike, Bayesian and deviance information criterion,
respectively. ***, ** and * denote the significance at the 1%, 5% and 10% levels, respectively.

This paper applies a Bayesian estimation of regime switch-
ing GARCH model to examine the volatile nature of the
seven major South African agricultural commodity prices.
The models were evaluated using the daily South African
agricultural commodity price data from the JSE. The key
findings based on the standard single regime and two
regime GARCH models can be summarized as follows:

• GJR(1,1) with skewed-t innovation performs best
for white maize and sorghum, while GARCH(1,1)
with skewed-GED innovation performs better for
yellow maize, wheat, and sunflower. The symmetric
GARCH(1,1) models with normal and std innova-
tions outperform the other for soya and corn, re-
spectively, since the original distribution is not ex-
cessively skewed.

• MS-GARCH(1,1) with skewed-t and skewed-GED
innovation performs best for white maize and

sorghum, respectively, while MS-GJR(1,1) with
skewed-t, skewed-GED, skewed-t, std and std in-
novation performs better for yellow maize, wheat,
sunflower, soya and corn, respectively.

The second aim of this paper was to investigate various
GARCH models that can be used to calculate VaR esti-
mates. These VaR estimates were compared using four d-
ifferent backtesting approaches: ABLF, AQLF, LRuc and
LRcc.

• The MS-GARCH(1,1) models with std innovation
seem to outperform those with a GED error distribu-
tion since agricultural commodity markets are char-
acterized by fat tails. The MS-GJR(1,1) with std
(i.e., soya and corn) and skewed-t (i.e., yellow maize
and sunflower) innovation with MCMC estimate is
optimal for the VaR models. The MS-GARCH(1,1)
with skewed-t (i.e., white maize and sorghum) inno-



Table 7: Results of the unconditional coverage, independence and conditional coverage tests for 1% and 95% VaR
estimation: In-Sample

Models Methods White maize Yellow maize Wheat Sunflower Soya Corn Sorghum

95% VaR

ABLF 0.0525 0.0484 0.0468 0.0464 0.0452 0.0496 0.0670
AQLF 0.3705 0.4195 0.1267 0.2123 0.1419 2.018 1.1251

GARCH LRuc 0.303 0.031 0.031 1.047 0.132 0.038 13.638
LRcc 2.363 0.775 2.75 2.724 1.082 1.231 31.129
ABLF 0.0472 0.0488 0.0488 0.0452 0.0480 0.0490 0.0707
AQLF 0.3456 0.4243 0.1400 0.2083 0.1504 2.092 1.1462

ML MS-EGARCH LRuc 0.424 0.073 0.415 0.546 1.047 0.006 9.458
LRcc 0.639 0.896 1.65 4.286 1.823 1.305 27.825
ABLF 0.0517 0.0488 0.0448 0.0415 0.0460 0.0341 0.0428
AQLF 0.3687 0.4268 0.1350 0.2123 0.1458 1.7516 0.9221

Complex MS-EGARCH LRuc 0.22 0.031 1.252 3.581 0.695 9.654 1.56
LRcc 0.524 0.775 3.05 3.724 4.623 1.689 8.062
ABLF 0.0456 0.0517 0.0452 0.0476 0.0493 0.0453 0.0446
AQLF 0.3504 0.4393 0.1318 0.2250 0.1631 2.110 0.9518

MS-EGARCH LRuc 0.862 0.22 1.047 0.08 0.007 0.892 0.798
MCMC LRcc 1.008 0.524 1.288 0.275 2.573 1.022 4.441

ABLF 0.0541 0.0521 0.0379 0.0419 0.045 0.0341 0.0105
EGARCH AQLF 0.3708 0.4807 0.1205 0.2125 0.1515 1.7516 0.5974

LRuc 1.0265 0.3138 7.7579 3.2207 1.2519 11.3301 87.213
LRcc 2.9254 1.8865 8.5891 3.8633 2.1088 11.7253 NA

99% VaR

ABLF 0.0114 0.0073 0.0094 0.0118 0.0098 0.0087 0.0583
EGARCH AQLF 0.1482 0.2098 0.0429 0.0931 0.0459 1.3783 1.0075

LRuc 0.7591 1.388 0.0139 1.1279 0.0072 0.3 183.03
LRcc NA NA NA 1.9416 1.3631 NA 198.7
ABLF 0.011 0.0077 0.0094 0.0069 0.0069 0.0087 0.0149
AQLF 0.1477 0.1181 0.0331 0.0755 0.0247 1.3991 0.6567

ML MS-EGARCH LRuc 0.46 0.554 0.0139 1.9616 1.9616 0.3 4.2081
LRcc NA NA NA NA 4.467 NA NA
ABLF 0.0118 0.0086 0.0106 0.0118 0.0102 0.005 0.0087
AQLF 0.1607 0.2215 0.0482 0.1032 0.0522 1.3108 0.5221

Complex MS-EGARCH LRuc 1.1279 0.2835 0.2332 1.1279 0.0813 5.0917 0.0833
LRcc NA NA NA 1.9416 NA NA NA
ABLF 0.013 0.0102 0.0138 0.0118 0.0138 0.0248 0.0051

MS-EGARCH AQLF 0.1591 0.2277 0.0544 0.0925 0.0534 3.7002 0.4351
MCMC LRuc 2.6311 0.0813 3.9437 1.1279 3.9437 1.3542 0.0455

LRcc NA NA NA 1.9416 4.3782 NA NA
ABLF 0.0118 0.0081 0.0126 0.0114 0.0098 0.4668 0.0043

EGARCH AQLF 0.161 0.2642 0.0562 0.099 0.0481 6.3253 0.401
LRuc 1.1279 0.554 2.066 0.7591 0.0072 5.0917 297.41
LRcc NA NA NA 1.6667 1.3631 NA 314.68

vation under the MCMC estimate performs better
than others.

• The single regime GARCH model with symmet-
ric innovation outperforms the two regime GARCH
models for corn.

Finally, the overall conclusion is that MS-GARCH mod-
els under the MCMC approaches perform well for most
of the agricultural commodity markets considered in this
paper. Moreover, this paper provided a practical guide
for examining volatility and VaR through applying dif-

ferent GARCH processes. The comparison between the
single regime and two regime GARCH processes gives an
overview of their performances and features. This paper
can also be a good reference when facing modelling agri-
cultural commodity price problems.
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(a) 99% VaR

(b) 99% VaR

Figure 2: In sample VaR at the 99% risk level for the single and regime-switching GARCH models.



(a) 99% VaR

(b) 95% VaR

Figure 3: In sample VaR for the single and regime-switching GARCH models: difference between daily returns and
VaR
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