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Forecasting the co-volatility of coffee Arabica and crude oil prices: A multivariate
GARCH approach with high frequency data

Dawit Yeshiwas
Addis Ababa University
June, 2017

Abstract

Forecasting the volatility dynamics of asset returns has been the subject of extensive research among
academics, practitioners and portfolio managers. This thesis estimates a variety of multivariate GARCH
models using weekly closing price (in USD/barrel) of Brent crude oil and weekly closing prices (in
USD/pound) of coffee Arabica, and compares the forecasting performance of these models based on a high
frequency intra-day data which allows for a more precise realized volatility measurement. The study used
weekly price data to explicitly model co-volatility, and employed high-frequency intra-day data to assess
model forecasting performance. The analysis points to the conclusion that varying conditional correlation
(VCC) model with Student’s t distributed innovation terms is the most accurate volatility forecasting model
in the context of our empirical setting. We recommend and encourage future researchers studying the
forecasting performance of MGARCH models to pay particular attention to the measurement of realized

volatility, and employ high-frequency data whenever feasible.
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CHAPTER ONE
INTRODUCTION

1.1Background of the study

The recent global financial crisis has increased the susceptibility of Commodity Dependent
Developing Countries (CDDCs) to excessive price volatility in commodity markets. Moreover,
structural weaknesses in these countries render their economies more vulnerable to increased
commodity market turbulence than developed countries, given their comparatively lower income
and high dependence on commodity exports. The World Bank estimates that 119 million additional
people have been pushed into hunger as a result of the 2008 food price crisis (World Bank, 2009).

Although supply and demand fundamentals played a significant role in the food price crisis
outbreak, many other factors contributed to the economic turmoil. For example, large increases in
oil prices have contributed to rising production costs and driving food prices higher as a
consequence. According to the World Bank, weakness of the dollar accounted for 15% of the food
price increases between 2002 and 2008 (Mitchell, 2008). Furthermore, over the last decade,
drought in Russia, freezes in Brazil and heavy rains in Canada and Australia caused major
disruptions in agricultural commodities production. Global warming also proves partly responsible
for livestock and crops diseases thereby threatening food security and exacerbating food supply

problems.

Recently a number of papers have studied the co-movement of oil prices with equities, agricultural
commodities and precious metals prices. Prior studies provide evidence on the connectedness
between oil and one or more markets. However, the bulk of these studies has focused on price
connectedness. Relatively little research has been devoted to volatility co-movement. This is
surprising since price volatilities are the main driving forces in options and commodity future
markets. This paper seeks to bridge this gap in the literature. In particular it undertakes a systematic
analysis of the volatility interconnectedness between two important commodity markets - oil and
coffee markets — using multivariate GARCH (MGARCH) family of models with the view of

providing some rigorous price co-volatility forecasting models.



Modeling, analyzing, and forecasting volatility has been the subject of extensive research among
academics, practitioners and portfolio managers (Baume et a/, .2003). This has been used in risk
management, derivative pricing and hedging, portfolio selection and policy making. Similarly the
analysis of volatility spillovers between commodity and asset prices has a profound implication
for risk management and portfolios maximization by the government and investors alike (Salisu
and Oloko, 2015). In view of the current bearish behavior of oil price in the international markets,
it is arguably of special interest to study the relationship between oil and coffee prices (Gil-Alana

and Yaya, 2014).

MGARCH models are becoming increasingly popular for modelling and forecasting time-varying
correlations between asset prices. One advantage of MGARCH models is that they specify time
varying equations of volatility co-movements. This makes them ideal to study the volatility
linkages and transmissions, understand commodity market integration, price cycle of booms and
busts. MGARCH models also inform financial managers in deciding optimal portfolio selection to
achieve maximum asset returns. They can be used to calculate the value at risk of a financial
position comprising multiple assets (Tsay, 2005). Volatility linkages and transmissions are also
important to understand commodity market integration, price cycles of booms and busts and

analysis of market crises.

Naturally, different papers in the literature tend to focus on different commodity pairs when
studying volatility interconnectedness. The focus of this work is on the co-volatility between Brent
crude oil and Coffee Arabica prices in the commodity futures markets which are markets where
one can buy specific quantities of a commodity at a specified price with delivery set at a specified
time in the future. The choice of these commodities is motivated by the fact that these are the most
actively traded commodities in the world which also happen to be major importing and exporting
commodities of Ethiopia. Existing work appears to focus mostly on in-sample modeling of co-
volatility of commodity prices giving less attention to model forecasting performance. This work

will also seek to bridge this gap in the literature.



1.2 Statement of the problem

It is said that coffee and crude oil futures are 'acting like sisters’: the two has color in common.
Both have a dark brown hue. But that's about all. One is a liquid mineral that keeps us on the move.
The other is a crop, a bean that keeps us awake. So, why futures in crude oil and coffee should
have started moving as a pair? The duo have been named as the latest odd couple in commodities,
following copper and wheat, and gold and farmland. In London, broker Marex said the correlation
between the two assets was "particularly tight". For example, "Crude oil topped on May 2, 2011
and then fell 22%. Coffee topped on May 3, 2011 and then fell 22%. Crude has since put in a
bottom on May 23, 2011 and then retraced 8.2% and coffee put in a bottom on May 23, 2011 and
then retraced 11.5%”. “The correlation between coffee and crude oil even goes down to the hourly
charts”. It may be that the surge in interest in coffee, even in developing countries, has tied it more
closely to world economic sentiment. If so, the crude-coffee coupling may last a little

(Agrimoney.com, 2011).

A number of recent papers have investigated the co-volatility of energy and commodity price
mainly due to increased interest for understanding the drivers and dynamics of such co-volatilities
in these highly volatile times. Alternative estimation approaches are used in the literature, but thus
far there is a dearth of work undertaking a thorough “MGARCH” analysis —a statistical framework
which is particularly suited for modeling asset prices co-volatility. Moreover existing work appears
to focus mostly on in-sample modeling of co-volatility of commodity prices giving less attention
to model forecasting performance. Accordingly, this work will seek to contribute to the literature

by undertaking a systematic analysis of volatility forecasting performance.

Most of the existing research on volatility spillovers employ statistical models in order to estimate
realized volatilities which turned out to be oftentimes poor approximations of true volatilities. An
attractive alternative to model-based statistical volatility is to compute realized volatility based on
high frequency intra-day or ‘tick’ data. Realized volatility has been found to be more accurate
than model based volatilities in predicting latent volatility (Christensen and Prabhala, 1998;
Fleming, 1998; Jorion, 1995; Blair et al., 2000). Thus, the results provided by previous studies
can be potentially misleading in that they may have underestimated or overestimated the extent of

the true volatility.



This thesis avoids this potential pitfall by using realized volatility based on a 30-minute intra-day

data. We argue that doing so represents an important contribution to the literature of co-volatility

measurement within commodity markets.

1.3 Objective of the study

1.3.1 General Objective

The general objective of this study is to model the co-volatility of the Arabica coffee and crude oil

prices using MGARCH type models and perform volatility and co-volatility forecasting using

realized variance.

1.3.2 Specific Objectives

The specific objectives of this study are:

1.

To fit a univariate GARCH models for each commodity prices separately as reference point
for the analysis.

To fit and select the best fitting MGARCH models for the two commodities’ price co-
volatility.

To forecast the volatility of the two commodities taking into account their co-volatility.
To compare the realized volatility forecasts obtained from weekly return square and a high

frequency (a thirty minute interval) data.

1.4 Significance of the study

The work makes the following contributions to the literature.

1.

From an applied econometrics stand point, the work provides a robust and systematic
investigation of the statistical and econometric properties of the co-volatility of the two

important commodities.

The direction and magnitude of correlation between the prices of coffee and crude oil which
are documented in this work would help the design of a more informed policy making on
the part of Ethiopian authorities as well as others stakeholders and market participants

interested in foreseeing the volatility of these two important commodities.



The remaining part of the paper is organized as follows. The next chapter includes a brief review
of related literatures about commodity volatility and co-volatility modeling. In chapter three we
describe the methodology used to model the volatility of financial time series returns, check model
adequacy and evaluate relative forecasting performance. Chapter four comprises the descriptive
analysis, model selection, the univariate GARCH and the bivariate GARCH model fits, and

forecast comparison analyses. The last chapter concludes.



CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

In this section we review the development of multivariate GARCH models and their wide
applications in financial returns. Understanding and predicting volatilities and correlations of asset
returns has been the object of much attention, since volatilities and correlations are the two most
important elements in financial activities such as asset pricing, asset allocation decisions, portfolio

management and risk assessment (Tsay, 2005).

In the last two decades there has been an explosion in volatility research. The “Dynamic Volatility
Era” began with the introduction of the Autoregressive Conditional Heteroskedastic (ARCH)
model (Engle, 1982). The ARCH (p) model expresses the conditional variance as p — th order
weighted average of past (squared) disturbances and thus is able to describe volatility clustering
in financial series. Following this, an enormous body of research has focused on extending and
generalizing the ARCH model, mainly by providing alternative functional forms for the
conditional variance. Some of the most important contributors to the dynamic volatility literature
have been Engle, Bollerslev, Nelson and Ding. Bollerslev (1986) proposed the Generalized ARCH
(GARCH) model, as a more parsimonious way of modeling volatility dynamics. A limitation of
the standard ARCH and the GARCH models is that they only use information on the magnitude
of the returns while completely ignoring information on the sign of the returns. To remedy this
Nelson (1991) introduced the Exponential GARCH (EGARCH) model, which was the first in the
family of asymmetric GARCH models.

The most significant contribution of this extensive volatility research is that now we have a much
clearer and better understanding of the probabilistic features of speculative returns data. This is of
crucial importance in the search for an overarching framework, which will be able to first capture
the empirical regularities adequately and ultimately give us reliable volatility forecasts. There are
a number of extensive surveys of the literature including for instance Bollerslev (1990), Chou and

Kroner (1992), Engle and Nelson (1994), and Ding and Engle (2001).



During the last few decades, a body of research regarding energy and commodity price volatility
has been presented. A large proportion of this research has focused on a univariate approach for
studying volatility clustering and volatility persistent and asymmetric effect in the returns. A well-
known research among econometricians is the study performed by Andersen & Bollerslev (1998),
where they concluded that univariate standard volatility models in fact are able to perform accurate
volatility forecasts. But, only a smaller fraction of the literature has concentrated on a multivariate
approach for conditional correlation forecasting, and the performance of these models. Empirical
literatures on volatility modeling and forecasting performances are discussed in the following two

sections separately.

2.2 Modeling commodity prices co-volatility

The surge in oil and grains prices in the last decade has motivated many studies to focus on the co-
movement of crude oil and agricultural commodities. A number of studies blame increasing food
prices in the last decade on the rise of biofuel market and high oil prices (see, for example, Abott
et al., 2008; Baffes, 2007; Chang and Su, 2010; Collins, 2008; Mitchell, 2008; Rose grant ef al.,
2008; and Yang et al., 2008). For instance, Chang and Su use an EGARCH model to study the
volatility transmission between crude oil, corn and soybeans and found significant volatility
spillovers across these markets. Choi and Hammoudeh (2010) applied the DCC model to study
the time volatility and correlations in the returns of Brent oil, copper, gold and silver and the
S&P500 index. They found increasing significant correlations among all the commodities since
the 2013 Iraq war but decreasing volatility correlations in to S&P500 index. Kiohos and
Sariannidis (2010) explored, in the short run, the effects of oil and financial markets on the gold
market. They used a GJR-GARCH model in testing the relationships between them using daily
data from January 1, 1999 to August 31, 2009. Their findings showed that the oil market had

positive influences on the gold market, and indicated volatility persistence in the gold market.

Noemi and Junior (2011) investigate causality links between the crude oil price and, coffee and
cocoa prices in the long-run. It appears that variations in coffee and cocoa price follow oil price
with respective four and five year intervals. They also examine the volatility of oil and futures
spillover effects on three major tropical commodities: Arabica coffee, Robusta coffee and cocoa
applying GARCH models. The study aimed at identifying interactions, similarities, and causalities

between coffee and cocoa price on the one hand and, oil and futures price on the other hand.



Their analysis of coffee and cocoa historical prices shows that coffee price volatility has uneven

or differing reactions depending on the nature of the market shocks.

Zhang et al. (2010) study the causality between oil and gold volatility. Their results indicate that
the crude oil price changes Granger cause the volatility of gold but not the other way around. Alom
et al. (2011) found that the oil price volatility is positively correlated with food price
volatility. However, they also found that this relationship varies across countries and time periods.
Similarly, Du et al. (2011) investigate the volatility linkages between crude oil, wheat and corn
using a bivariate stochastic volatility model. Their results show that oil price shocks trigger
sharp increases in agricultural commodity markets. They attributed the increase in connections
between oil and food to the recent increase in commodity investments. Similar results on variance

dependence between oil and corn is provided by Harry and Husdon (2009).

Singh et al. (2011) analyzed the time-varying volatility in crude oil, heating oil, and natural gas
futures market. They incorporated changes in important macroeconomic variables and major
political and wealth-related events into the conditional variance equations. Their results showed
that, among the macro variables considered, the spread between the 10-year and 2-year treasury
constant maturity rate had a positive relationship with the volatility of all commodities. Ciner
et al., (2013) investigated return relations among stocks, bonds, gold, oil and exchange rates,
taking data from the US and the UK. Their results showed significant relationship between oil and
gold, whereas weak relationship was found in the case of gold with both UK and US exchange
rates. Owing to this fact, gold was placed as a safe-haven commodity against exchange rate

shocks, while it was not placed as a safe-haven commodity against oil price shocks.

Ewing and Malik (2013) considered daily samples between July 1993 and June 2010 for
multivariate GARCH models in order to examine the volatility transmission between gold and oil
futures by incorporating structural breaks. They found strong evidence of significant volatility

transmission between gold and oil price returns in the presence of structural breaks.

Mensi et al. (2013) applied VAR-GARCH to investigate the returns and volatility transmission
between the S&P500 and commodity price indices for energy, food, gold and beverages for the
period 2000- 2011.They found significant volatility transmission between the S&P500 and

commodity markets. The results further revealed highest correlation between the S&P500 index



and gold prices, and between the S&P500 index and WTI oil price. Shams and Zarshenas (2014)
found evidence of co-movements in gold, oil prices and exchange rates based on copular functions

and applications of GARCH models.

2.3 Volatility forecasting

Literatures on volatility forecasting are vast. Andersen et al. (2006) provide a comprehensive
theoretical overview on the topic. An extensive survey of the literature’s main findings is provided
in Poon and Granger (2003, 2005). Volatility forecasting assessments are commonly structured to
hold the test asset and estimation strategy fixed, focusing on model choice. Christian et al. (2012)
take a more pragmatic approach and consider how much data should be used for estimation, how
frequently a model should be re-estimated and what innovation distributions should be used. Their
forecast evaluation relies on recent contributions for robust forecast assessment developed in
Hansen and Lunde (2005) and Patton (2009). Their study omits volatility prediction models based

on high-frequency realized volatility measures and stochastic volatility models.

Important contributions in these areas include Andersen et al. (2003), Deo ef al.(2006), Engle and
Gallo (2006), Ait-Sahalia and Mancini (2008), Hansen et al. (2010), Corsi (2010),and Ghysels et
al.(1995). While realized volatility models often demonstrate excellent forecasting performance,
there is still much debate concerning optimal approaches. However, recent results reported by
Hansen and Lunde (2005) have suggested that, in the context of exchange rate returns, nothing can

beat a GARCH (1, 1) model.

David G. McMillan and Alan E. H. Speight (2012) extend the Hansen and Lunde line of research
by utilizing intra-day data and obtaining daily volatility forecasts from a range of models applied
to the higher-frequency data. They have considered a range of models estimated using daily and
intra-day data to inform the choice of the most appropriate model for daily returns volatility for
exchange rates. Their paper particularly consider a daily GARCH(1,1) model as in Hansen and
Lunde and a GARCH(1,1) model estimated using 5S-minute returns as their two baseline models
and compare these to a range of models from the extant literature, including both asymmetric and

long-memory GARCH models.



The volatility forecasts obtained from these models are assessed using four different measures of
‘true’ volatility. More specifically, in addition to the usual ‘ex post’ squared returns measure they
also construct realized volatility and two versions of bias-corrected realized volatility. In order to
evaluate these forecasts, they utilize the Mincer—Zarnowitz regression test of predictive power,

comparing forecasting performance on the basis of the R? values obtained.

Their results showed a substantial degree of consistency across the three euro exchange rate series
they considered, across the four different measures of ‘true’ volatility and across the different test
regressions and encompassing tests. Namely, the daily GARCH (1, 1) model is largely inferior to
all other models, whereas the intra-day GARCH (1, 1) model provides largely superior forecasts

compared to all other models.

Following the results they conclude that, while it appears that a daily GARCH(1,1) model can
be beaten in obtaining accurate daily volatility forecasts, it appears that an intra-day GARCH(1,1)
model performs as well as any alternative model and better than most, and any improvement on it
provided by more complex models is marginal. Therefore, it appears to remain the case that a
GARCH(1,1) form but utilizing higher-frequency data cannot be beaten, at least on the basis of
the data series considered there, though it remains an avenue for further research to determine

whether this conclusion continues to hold in other market settings.
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CHAPTER THREE

DATA AND METHODOLOGY

3.1 Financial time series and their characteristics

Financial time series analysis is concerned with the theory and practice of asset valuation over
time. Most financial studies are often concerned with the analysis of returns of assets, rather than
the prices of assets. The main reason for using returns instead of prices is that return series are
easier to handle than price series because the former have more attractive statistical properties.
Financial data have some peculiar behaviors that are not usually observed in other non-financial
types of data. The following are among the main and common characteristics that distinguish

return series from prices series (Rossi, 2004).

1. Return of an asset is a scale-free measure of the investment opportunity.
Asset prices are generally non stationary. Returns are usually stationary;
Return series usually show no or little autocorrelation;

Serial independence between the squared values of the series is often rejected;

Volatility of the return series appears to be clustered,

A

Normality tends to be rejected in favor of some thick-tailed distribution.

Statisticians assume stationarity for a financial variable under study because non-stationary data,
as a rule, are unpredictable and cannot be modeled or forecasted. The results obtained by using
non-stationary time series may be spurious in that they may indicate a relationship between two
variables where one does not exist. In order to get consistent, reliable results, non-stationary data
need to be transformed into stationary data. As mentioned above and econometricians agreed so
far, return series are usually found to be stationary. It is thus important to ensure stationarity of the

series before analyzing the price data.

Let p;, t = 1,2,3 .., be a time series of prices of a financial asset, e.g. daily quotes on a share, stock
index, currency exchange rate or a commodity price, etc. Instead of analyzing py, which often

displays unit-root behavior and thus cannot be modeled as stationary, we often analyze log returns

on Fryzlewicz, 2007), i.e. the series
p, (Fry
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Ve = loyﬁ = logp, — logpy_1 (3.1)

The log return series (y;) displays many of the typical behaviors in financial log-return series such
as: Absence of autocorrelations, heavy tails, aggregational Gaussianity, volatility clustering,
conditional heavy tails, leverage effect, volume/volatility correlation and asymmetry in time

scales.

3.2 Stationarity

The concept of stationarity is fundamental in time series analysis. A time series {y;} is said to be

strictly stationary if the joint distribution of (., ¥, ..,¥t,) is identical to that of

(yt1+k,yt2+k, ...,ytT+k)for all t, where k is an arbitrary positive integer and (ty,t; ..., tr) is a
collection of T positive integers. In other words, strict stationarity requires that the joint
distribution of (yt Yty ytT) is invariant under time shift. Strict stationarity imposes a very

strong condition and is hard to test empirically. Often the concept of weak stationarity is used. A
time series {y;} is weakly stationary if both the mean of y, and the covariance between y, and
Y¢_; are time invariant, where [ is an arbitrary integer. More specifically, {y,} is weakly stationary
if (a) E(y;)=W, which is a constant and (b) cov(y;, ¥¢—;) =y; which only depends on [ . In practice,
suppose that we have observed n data points {y; | t = 1, ..., n}. Weak stationarity implies that the
time plot of the data would show that the values fluctuate with constant variation around a fixed
level. In application, weak stationarity enables one to make inferences concerning future
observations (e.g. Forecasting).The covariance y; = cov(y;,y¢—;) is called the lag — [ auto-

covariance of y, . It has two important properties: (a) y, = Var(y,) and (b) y_; = y;. In the
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finance literature, it is necessary to test weakly stationarity of an asset return series. There are three
methods of testing stationarity: graphical analysis, unit root test due to Dickey and Fuller (1979)
and Phillips-Perron (PP) test.

A. Graphical Analysis of the Series

Before pursuing formal tests, it is always advisable to plot the time series under study. Such a plot
gives an initial clue about the likely nature of the time series. For instance, if a line-graph of a time
series shows an upward trend, then this suggests perhaps that the mean of the data has been
changing. This may be a clue that the series is not stationary. Such an intuitive feel is the starting

point of more formal tests of stationarity.
B. Unit Root Test

A test for stationarity that has become widely popular over the past several years is the
unit root test.The Augmented Dickey-Fuller (ADF) test is discussed below. To illustrate the use

of Dickey-Fuller test, consider first an autoregressive process of order one (AR (1)) process:

Ve =W+ Y1t & (3.2)

where w and @, are parameters and &, is assumed to be white noise. y is a stationary series if
—1<a; <1.If a; =1,y isanon-stationary series (a random walk with drift); if the process
is started at some point, the variance of y increases steadily with time and goes to infinity. If the
absolute value of @; 1is greater than one, the series is explosive. Therefore, the hypothesis of a
stationary series can be evaluated by testing whether the absolute value of @ is strictly less than
one. The augmented Dickey-Fuller (ADF) test takes the unit root as the null hypothesis, H,: a; =
0. Since explosive series do not make much economic sense, this null hypotOhesis is tested against
the one-sided alternative H, : a; < 1.The test is carried out by estimating an equation with y,_4

subtracted from both sides of the equation:
Ayt =w + 6yt—1 + gt (3.3)

where § = a; — 1, A is the first difference operator, and the null and alternative hypotheses are

H,6=0 ,H,: 56 <O.
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While it may appear that the test can be carried out by performing a t — test on the estimated &,
the t — statistic under the null hypothesis of a unit root does not have the conventional t-
distribution. Dickey and Fuller (1979) showed that the distribution under the null hypothesis is
nonstandard, and simulated the critical values for selected sample sizes. Recently, MacKinnon
(1991) has implemented a much larger set of simulations than those tabulated by Dickey and
Fuller. In addition, MacKinnon estimates the response surface using the simulation results,
permitting the calculation of Dickey-Fuller critical values for any sample size and for any number
of right-hand variables. The simple unit root test described above is valid only if the series is an
AR (1) process. If the series is correlated at higher order lags, the assumption of white noise
disturbances is violated. The ADF test uses different methods to control for higher-order serial
correlation in the series. It makes a parametric correction for higher-order correlation by assuming

that the y series follows an AR ( p) process and adjusting the test methodology:
Ve =W+ Y1 T Yo T+ ApYep + & (3.4)

The ADF approach controls for higher-order correlation by adding lagged difference terms of the

dependent variable to the right-hand side of the regression:
Ay; = w + 68y 1 + V1AYi—1 + VLAY o + -+ Vp_ 1AV pi1 + & (3.5)

where § = (Zle a)—1y=— Zgz j+1 k> A s the first difference operator, and the null and

alternative hypotheses are H,: 6 =0 ,H,: 6 < 0.

An important result obtained by Fuller is that the asymptotic distribution of the t-statistic on § is
independent of the number of lagged first differences included in the ADF regression. Moreover,
while the parametric assumption that y follows an autoregressive (AR) process may seem
restrictive, Said and Dickey (1984) demonstrate that the ADF test remains valid even when the
series has a moving average (MA) component, provided that enough lagged difference terms are

augmented to the regression.

Researchers usually face two practical issues in performing the ADF test. First, they have to
specify the number of lagged first difference terms to add to the test regression (selecting zero
yields the Dickey-Fuller (DF) test; choosing nOumbers greater than zero generate ADF tests). The

usual advice is to include lags sufficient to remove any serial correlation in the residuals. Second,
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they have the choice of including a constant, a constant and a linear time trend, or neither in the
test regression. The choice here is important since the asymptotic distribution of the t-statistic

under the null hypothesis depends on the assumptions regarding these deterministic terms.

To solve the two problems, one approach would be to run the test with both a constant and a linear
trend since the other two cases are just special cases of this more general specification. However,
including irrelevant regressors in the regression reduces the power of the test, possibly concluding
that there is a unit root when, in fact, there is none. If the series seems to contain a trend one should

include both a constant and trend in the test regression.

If the series does not exhibit any trend and has a nonzero mean, one should only include a constant
in the regression, while if the series seems to be fluctuating around a zero mean, one should include
neither a constant nor a trend in the test regression. The null hypothesis of a unit root is rejected

against the one-sided alternative if the t-statistic is less than the critical value.

C. The Phillips-Perron (PP) Test
Phillips and Perron (1988) propose an alternative (nonparametric) method of controlling for serial
correlation when testing for a unit root. The PP method estimates the non-augmented DF test
equation and modifies the t -ratio of a coefficient so that serial correlation does not affect the

asymptotic distribution of the test statistic. The PP test is based on the statistic:

2 T(Yo—fo)(s-e(@))
fa = ta(G)Y? == (3.6)
0

where @ is the estimate of a, t, is the t -ratio, s.e(@ ) is the standard error of @ and s is the

standard deviation of the test regression. In addition, yq is a consistent estimate of the error

2
variance in Equation (3.2) (calculated as(t — n)s? where n is the number of regressors).The

remaining term f, is an estimator of the residual spectrum at frequency zero. The asymptotic

distribution of the PP modified t-ratio is the same as that of the ADF statistic.

3.3 Tests for autocorrelation

A weakly stationary series is not serially correlated (or is a white noise process) if the

autocorrelation function is 0 for all k >0. The ACF at lag k, denoted by p, is defined as:
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Yr __ Covariance atlag k

pp =L = (3.7)

Yo variance

Since both covariance and variance are measured in the same units of measurement, p; is unit
less, or pure, number. It lies between -1 and 1. If we plot p, against k , the graph we obtain is

known as the population correlogram.

In practice it is only possible to compute the sample autocorrelation function (SACF), py.To
compute this, first computing the sample covariance at lag k, 7, and the sample variance, ¥, is a

must.

Therefore, the SACF at lag k is

P = (3.8)

Y |;)

A plotof Pjagainst k is known as the sample correlogram.

Financial applications often require to test jointly that several autocorrelations of y; are zero.Box

and Pierce (1970) propose the Portmanteau statistics (Q-statistics). The Q-statistic is defined as
m

Q=n) pi (3.9)
k=1

Where n=sample size and m=lag length. The null hypothesis for this test is, all the p;, up to certain
lags are simultaneously zero. In large samples, the g statistic is approximately distributed as the

chi — square distribution with m degree of freedom .In application, if the computed Q exceeds
the critical value from the chi — square distribution at the chosen level of significance, the null

hypothesis is rejected.

Ljung and Box (1978) modify the above Q-statistic as LB statistic (Ljung-Box Q-statistic) which

1s defined as:

m A2
LB = n(n + 2) Z (n’f k) ~ 22 (3.10)
k=1
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Although in large samples both Q and LB statistics follow the chi-square distribution with m
degrees of freedom, LB statistic has been found to have better performance in small samples than

the Q statistic.

3. 4 Univariate Time Series Analysis

At first sight it would not seem very sensible for economists to pay much attention to univariate
analysis. After all, economic theory is rich in suggestions for relationships between variables.
Thus, attempting to explain and forecast a series using only information about the history of that
series would appear to be an inefficient procedure, because it ignores the optional information in
related series. There are two possible rationales: The first is that a priori information about the
possible relationships between series may not be well founded. In such case a purely statistical
model relating current to previous values may be a useful summary device and may be used to

generate reliable short-term forecasts.

Alternatively, if theoretical speculations about the economic structure are well founded, it can be
shown that one manifestation of that structure yields autoregressive moving average (ARMA)

equations for each of the dependent variable in the structure (Johnston and DiNardo, 1997).

3.4.1 The univariate GARCH model

First of all let the returns 7, be expressed as the change in logarithmic price over a certain

period

Ty = logpL (3.11)

t—1

Consider the following financial return model;

Te =Wt & & = 0tZ; (1)
z; ~1id N (0,1) (i1) (3.12)
ol =aptaet, ,a,>00<a; <1 (iii)

Where;

1, —return series at time t,

Us-the average return at time ¢,
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& —the innovation term

The autoregressive AR (p), moving average MA (q) and autoregressive moving average ARMA
(p, q) models are applicable when the innovation term (&) maintains a constant variance
(homoscedasticity). If the error term &, is conditionally heteroskedastic, then ARCH/GARCH
models are applicable to model the conditional variance of the innovation term. Since the model
involves just one lag of 2 (i. e €2_,), it is known as ARCH(1) model. The generalized ARCH (here
after, GARCH) model is a generalization of the ARCH model in that it includes lagged variances
in the conditional variance equation. GARCH models have the advantage of capturing long lags
in the shocks by using fewer parameters than ARCH models. The GARCH (1, 1) model is defined
as:

Ty = U + & (3.13)

of = ag+ayef 1 + B1of (3.14)

The GARCH model with p number of lagged variance term and q number of lagged squared error
terms denoted as GARCH (q, p),and can be written as:

q p
a§=a0+zaig§_i+2bja§_j @ >0, a 20, b0 (3.15)
i=1 =1

Where the volatility term o/ ; denote the variance and j represents the number of lags, and the

term £2_; is the squared error for the period t — i. We can write the above equation more
compactly:
of = w+ a(L)e? + B(L)of
where a(L) = a;L + -+ a,L?
B(L) = Py + -+ BpL?

To ensure that the conditional variance is well defined in a GARCH (p, q) model all the coefficients
in the corresponding linear ARCH (o) should be positive rewriting the GARCH (p, q) modeled as
an ARCH (0):
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07 = 0, if * = 0 and all ¢, = 0. The non-negativity of w* and ¢y, is also a necessary condition
for the non-negativity of Z (Rossi, 2004).

The a coefficients of lagged squared returns are interpreted as how fast the model react to, for
example, market events, the b —coefficients of lagged conditional variance determines the degree
of persistence in the volatility. A large value of a indicates that the conditional variance decays
slowly, and that the volatility is persistent. On the other hand, if the a value is relatively higher

than the b value, then the volatility is more extreme. The sum of a; and b; (Z;Ll a; + Z]P=1 b;)

should be less than one for the above GARCH (q, p) to be stationary. Nevertheless, one regions’
volatility has impact on volatility of the other regions. Making estimations that include this

contagion effect requires an extended model.

3.5 Multivariate GARCH models

A large part of the literature deals with univariate models. But markets interact, and therefore a
generalization from the univariate model to a multivariate one is needed. MGARCH models can
be categorized in to four types (Silvennoinen and Terdsvirta, 2008):

* Models of the conditional covariance matrix: The conditional covariance is computed in a
direct way. For example the vector error correction (VEC) and Baba-Engle-Kraft-Kroner
(BEKK) models.

* Factor models: The return process is assumed to consist of a small number of unobservable
heteroskedastic factors. This approach benefits from that the dimensionality of the problem

reduces when the number of factors compared to the dimension of the return vector is small.

* Models of conditional variances and correlations: At first the univariate conditional variances
and correlations are computed and then used to get the conditional covariance matrix. Some
models are for example the Constant Conditional Correlations (CCC) model and the Dynamic

Conditional Correlations (DCC) model.
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* Nonparametric and semi parametric approaches: Models in this class form an alternative to
parametric estimation of the conditional covariance structure. The advantage of these models is

that they do not impose a particular structure (that can be misspecified) on the data.

This paper uses models of conditional variances and correlations. But before describing these
models more profoundly, some definitions are required. This study uses two commodity price
series, resulting in a bivariate approach.

7'1,t]

e (3.16)

e

Tt is the vector of returns which can be decomposed as:
1/2
=Wt &, &=H P2t

we = EC relle-1) (3.17)
z;~1idN (0, Iy)

_771/2 1/24/
var(r, | L )=H;"*(H;"*)'=3,

where:
118 N X 1 vector of returns

Heis N X 1 expected return at time ¢ given the available information set [,_;

H,_L1 2 NxN is cholesky factor of time varying conditional covariance matrix ) ;.
z; 1s N X 1 vector of independent zero-mean and unit variance

The variance of the conditional unpredictable component can also be defined as:

h’l 1t hlZ,t ]

3.18
ha1e Poze ( )

var(r | ) =3, = |

As can be seen in Equation (3.18) the matrix obtained is symmetric. Additionally, the matrix ),
has to be positive definite for all t. The approach of multivariate modeling brings complications.
Firstly, it may be hard to ensure that ), is positive definite for all t. Secondly, the number of
parameters becomes too large to estimate, and at last it may be difficult to obtain the stationarity

condition for };.

The following subsections will describe the theory of the models, where the VEC and DVEC
models which are the predecessors to the CCC, VCC and DCC models are first described. The
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various MGARCH models proposed in the literature differ in how they trade off flexibility and
parsimony in their specifications for ). Increased flexibility allows a model to capture more

complex Y;.

3.5.1 The VEC model

The VEC model is a generalization of a univariate GARCH model and developed by Bollerslev,
Engle and Wooldridge in 1988. In this model the conditional variances and covariance are not only
functions of all lagged conditional variances and covariances, but also of lagged squared returns

and the cross products of the returns (Silvennoinen &Terdsvirta, 2008). The general VEC model

is defined as:

P q
vech(};) = vech(C) + Z Ai vech(&,_jg{_;) + z Bj vechy,_; (3.19)
i=1 j=1

and the case when p = q = 1 is defined as

vech(};) = vech(C)+Avech(&;_1&{_1)+tBvech(X;_1) (3.20)

W+ 1) X 1 vector. For a

The left term is the lower diagonal matrix that is transformed into a N

VEC(1,1) model the left term can be expressed as follows.

hll,t
vech(¥y) = |hize (3.21)

h22,t

Despite the models flexibility, the number of parameters tends to grow rapidly. The rate of growth
can be expressedas N (N + 14) (N(N + 1) + 1) /2.

3.5.2 The DVEC model

The diagonal VEC is a simplified VEC, where A; and B; are diagonal matrices in aspiration to

obtain a positive definite ) ;. This new version was also introduced by Bollerslev, Engle and

Wooldridge in 1988. The DVEC (p, q) model is defined as

p q
3. = C+ Z Al O(ee;€l_) + Z BiOY,_, (3.22)
i=1 =1
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where Ai and Bj are diagonal matrices and © is the Hadamard (element by element) product of

two matrices.

The DVEC(1,1) is
Yt = C+ AO(g—18_1) + BO(X-1) (3.23)

The model above can be decomposed into univariate GARCH models of variances and co
variances as:

_ 2
hyy =ag; + €71 + B1hy—
hye = agy +a€5 1 + Brhoe g (3.24)
hy1e = ap3 + a3€1¢-182¢—1 + B3hy1t—1

where hi1&ho; denote the conditional variance of r; and r2 and hy; is the covariance between the

two returns.

3.5.3 The CCC model

The Constant Conditional Correlation model was suggested by Bollerslev (1990), where the time

varying covariance matrix ).; at time t is expressed as:

Y, = DtRDt (3.25)

The right hand side consists of the conditional correlation matrix R that is time invariant.D is a

diagonal matrix of (hy h,, ..., hy) such as:

Vhi

A3
I

Vit

where each h; ; follows a univariate GARCH process. The conditional correlation matrix is given

by R =[p; ;], and the non-diagonal elements of ¥, are:

hyje = hil,t/zhjl,t/zpi,j NVIF] (3.26)
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Since the return process 7;.is modeled with a univariate approach, the desired conditional

variances can be expressed in vector form

p
BiY:—j OZ{_]- (3.27)
j=1

q
Zt == C + Z Aist_jesé_j +
i=1

The first term C is a vector of the intercepts with a size of n X 1 and the matrices of the
coefficientsare n X n.
The advantage of the CCC model is that the computational procedure is more easily performed

since the correlation matrix |H|;; is constant. However, this means that the model may be too

restrictive (Orskaug, 2009).

3.5.4 The DCC model

This model was developed by Engle & Sheppard (2011). The dynamic conditional correlation
model is

Y, = Dt RtDt (3.28)

Where Y ; is the covariance matrix and Rt is n X n matrix of the conditional correlation of the

returns. The diagonal matrix Dt is expressed as:
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Jhie 0... 0

De=| o Ay ..
0
0

0 ... 0 Jhe

where each h;, follows a univariate GARCH process. Furthermore, ), has to be positive definite,
which is automatically obtained while, Rt is a correlation matrix that is symmetric by definition.
When this matrix is defined, two requirements are needed. Firstly, }); needs to be positive definite,
since it is a covariance matrix. Secondly, the parts that belong to Rt need to be less than one. These

requirements are met through decomposition:

R, = diag(q;ir) " *Q.diag(q;ir)”* for, i=1,...,n where
Q=1 —m —1m,)Q + & 161 + Q1 and Q =cov [,e.]=E[e;e.].

Where Q is the unconditional covariance, and will be finite as the model contains finite parameters
and the vector & has finite variance. Additionally, the parameters m; and m,are scalars and

dijt

Vqiit4jjt

diag (Q) is used to rescale the parts of Qt in order to fulfill that | Di j| = <1 and where

/@nnt is the content of the matrix diag (Q). An estimate of Q is:

~ 1 '
Q= ;2{=1 Et & (3.29)

Moreover, the scalars ; and m, must be larger than zero, but the sum has to be less than one. One
may note that these are conditions of the univariate GARCH to be stationary, but which is applied
in the DCC model. (Orskaug, 2009).

3.5.5 The VCC model

Varying conditional correlation (VCC) multivariate generalized autoregressive conditionally
heteroskedastic (MGARCH) models in which the conditional variances are modeled as univariate
generalized autoregressive conditionally heteroskedastic (GARCH) models and the conditional
covariance are modeled as nonlinear functions of the conditional variances. The conditional

correlation parameters that weight the nonlinear combinations of the conditional variance follow
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the GARCH -like process specified in Tse and Tsui (2002). The VCC MGARCH model is about
as flexible as the closely related dynamic conditional correlation\ MGARCH model and more
flexible than the constant conditional correlation model, and more parsimonious than the diagonal

vector error conditionally heteroskedastic (DVECH) models.

MGARCH models differ in the parsimony and flexibility of their specifications for a time varying
conditional covariance matrix of the disturbances, denoted by );. In the conditional correlation
family of MGARCH models, the diagonal elements of ), are modeled as univariate GARCH
models, whereas the off-diagonal elements are modeled as nonlinear functions of the diagonal

terms. In the VCC MGARCH model,

hije = Py, hiichjje (3.30)
Where the diagonal elements hii, t and hjj,t follow univariate GARCH processes and pij, t
follows the dynamic process specified in Tse and Tsui (2002) and discussed below. Because the
p ij,t varies with time, this model is known as the VCC GARCH model.
The VCC-GARCH (1,1) model proposed by Tse and Tsui (2002) can be written as

Tt - th +Et

1
Et = Ht ZZt (331)
Xt = DeR¢Dy
R =1 —m —m)R + my€ 1 + MR

Where

X¢ 1s a k x 1 vector of independent variables, which may contain lags of 7;
0 is an m x k matrix of parameters;

1. 1s an m x 1 vector of dependent variables;

Ht1 /2 is the Cholesky factor of the time-varying conditional covariance matrix ) ;
z; is an m % 1 vector of independent and identically distributed innovations;

D; is a diagonal matrix of conditional standard deviation
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R; is a matrix of conditional correlations,
[ 1 pize - - - Pime |
P21t 1. . .pame
Rt ==
Pm1e - - - Pmat 1

R is the matrix of means to which the dynamic process in Equation (3.31) reverts; m;and 7, are
parameters that govern the dynamics of conditional correlations, and they are nonnegative and

satisfy 0 <m; +m, < 1.

3.6 The model order selection: AIC and BIC

An important step before making the estimations is to determine the order of the models.
Theoretically one can do this using the autocorrelation function, but in practice this may be
difficult. A more formal way is to use an information criterion and choose the order that minimizes
the criterion value. Two common criteria are the Akaike Information Criterion (AIC) and the

Bayesian Information Criterion (BIC). The formulas for these are
AIC = =2 X LLF + 2M

BIC = —2 X LLF + M x LN(N)

where N is the sample size, and M is the number of parameters. LLF is an abbreviation for log
likelihood function. The reason for using both criteria is that the BIC is consistent but inefficient,
and the AIC is the opposite, not consistent but efficient. No criteria are superior to others, but an
overall assessment is needed based on the results showed by the criteria. For a model to be best it

should have the smallest information criteria (Brooks, 2008).
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3.7 Estimation Procedure: The Quasi Maximum Likelihood method

A common issue using multivariate data for estimation is that the likelihood function becomes flat.
Therefore, the choice of starting values is a crucial aspect of the estimation. Nevertheless, the
remedy for the problem is simply to perform the estimation with different start values. The starting

values should be set in the way that renders the highest possible likelihood. (Orskaug, 2009).

The majority of empirical papers has concluded that financial data suffer from fat tailed
distributions and this is often corrected by assuming the data follow Student-t distribution.
However, the maximum likelihood (ML) method relies on the assumed distribution, then
appointing an incorrect distribution to the maximum likelihood data then the ML is not consistent.
But, by using the quasi maximum likelihood (QMLE) the estimation remains consistent even under
misspecification. Furthermore when dealing with models with conditional heteroskedasticity, the
estimates are known to be asymptotically normal (Bollerslev&Wooldridge, 1992). Another thing
that may be pointed out regarding the estimation procedure is that robust standard errors are used
since they allow the sample to contain heteroskedasticity. In other words, the robust standard error

better deals with non-constant variance.

Given the MGARCH models in the previous section, the log-likelihood function for {er, ..., &}

obtained under the assumption of conditional multivariate normality is:
1 R
logLr(er, .., €1;0) = — > [TNlog(2m) + X{_1(log|Xel + €Y €0)] (3.32)

e The assumption of conditional normality can be quite restrictive.
e The symmetry imposed under normality is difficult to justify, and the tails of even
conditional distributions often seem fatter than that of normal distribution.
Let {(r, x;);t = 1,2,...} be a sequence of observable random vectors with 7.(NX 1) and x,(LX
1).
The vector 7, contains the "endogenous" variables and x; contains contemporaneous "exogenous"
variables.
We = (X, Te—1, Xp—1, -5 71, X1)

The conditional mean and variance functions are jointly parameterized by a finite dimensional

vector 0:
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{:u't(wtt 9): 9 € @}
{Zt(wti 9)! 0 € 9}

where ® c R” and i, and ¥}, are known functions of w, and 6.

The validity of most of the inference procedures is proven under the null hypothesis that the first

two conditional moments are correctly specified, for some 6, € O,
E(ry | we) = pe(wy, 65)
var(r; | we) = Xe(we, 65)

The procedure most often used to estimate 8, is the maximization of a likelihood function that is

constructed under the assumption that

(1 | we )~N (e, Xoe)

The approach taken here is the same, but the subsequent analysis does not assume that 7; has a

conditional normal distribution (Rossi, 2012).

For observation t the quasi-conditional log-likelihood is
N 1
lt(Q,Tt,Wt) = —EIH(ZH) - /2 ln|2t(wt, H)I

= =1/, (e = ue(we, 0))' S (W, 0) (1 — e (W, 6))

Letting  €:(1:, we, 0g) =1 — ue(w, 8): (N X 1) denote the residual function

1,(8) = — 2 log(2m) — 1/, log|5.(6)] - 2 ()T (B)e.(6) (333)

T
LogLe(6) = ) 1, (0)

3.8 Determining the conditional distribution

When fitting a GARCH-model based on financial data, the conditional distribution of the returns
has to be defined. Studies, for example Bollerslev (1987) and Hsieh (1989), illustrate that returns

28



are not normally distributed. Instead, the Student-¢ distribution captures the observed kurtosis in
empirical returns in a more sufficient way than the normal distribution. Returns have excess
kurtosis and fatter tails than the normal distribution. Therefore, the Student-¢ distribution is more
suitable (Reider, 2009). There are three assumptions about the conditional distribution of the error
term commonly employed when working with GARCH models: normal (Gaussian) distribution,

student’s t-distribution, and the generalized error distribution (GED).

3.8.1 Univariate N-GARCH, T-GARCH, and GED- GARCH

For normal (Gaussian) distribution we have:
e =U+ &, & = 0:Z;
z,~N (0, 1)
02 = ag+ taet, + ot (3.34)

Many studies show that distributions of financial series have fat-tail, so Nelson (1991) and
Hamilton (1994) use GED and t-distributions to adjust the deviation of the tail. For the students

distribution the density function is given by:

flx,7r) = % (14 x%/(v —2))"®*D/2 |y is degree of freedom (3.35)

For the GED-GARCH model first we give out the distribution density:

r.r(3/p)1/? 3/r) x— T
flx 1w 6,1) = %exp — {rr((l//r)) (T”)Z} /2, 0<r<oo (3.36)

r(.)is GAMMA function. If a variate x is drawn from this pdf, we can denote x~GED (u,02,r).we

can describe the model below:
Te = U+ &, &=0pz
Zi~G (0,1,r)

0 = ag+ ta;et ; + ot (3.37)
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3.8.2 Multiple N-GARCH, T-GARCH, GED -GARCH

We just introduce multiple student t-distribution because we are familiar with multiple normal

distribution.

A. Multiple student’s t-distribution

fr@) =alZl v+ = wE o - w2, yer® (3.38)
In which,¢; = v"/2r[%2] [ngr(g)]_l, r(.)is GAMMA function, then
E(Y)=ny, var(Y) = v%zz,v > 2
We useT,, (v, 1, })) to denote multiple students t-distribution.
B. Multiple generalized error distribution

If a random variable x has a GED with mean zero and unit variance, the pdf of x is given by:

ny o )2 3
orcinsn = 2 LR oo - [

If n dimensional vector x obeys this distribution, it can be denoted as x~ GED (i, Y, 7). Here i, )., r

r/2
(x =X (x— u)} (3.39)

are parameters, | is the mode of the distribution, and also is the mean. The relationship between
variance-covariance matrix v and ), can be shown below:
rE3ra+1/r)
ré/nra+n/r

v =Y x (3.40)

3.9 Estimation evaluation

The evaluation is done with several methods. Firstly, the estimations are compared using the
method of three measures: MAE, RMSE and the explanatory power from an ordinary least squares
regression. Secondly, an attempt to determine the goodness of fit of the residuals is done through

univariate approach consisting of an analysis with the Ljung-Box test.

3.9.1The Ljung-Box test

If the estimated output contains auto correlated residuals, this indicates that there is still variation

left to be explained by the model. One way to test for autocorrelation in the residuals is the Ljung-
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Box test which checks if the autocorrelations are different from zero in a set of data. The test

hypothesis with lag length g, is defined as:
Ho:yp1 ==y, =0
H,:at least one y;#0, i=1,...,q

where y;denotes the autocorrelation for a certain lag i and the test statistic is

4 ~
Q=TT +2) z Tyiz : (3.41)

i=1
where T is the length of the series, and g is the number of lags specified and y; is the
estimated autocorrelation for lag i.When n gets large Qq becomes asymptotically y2distributed
with q degrees of freedom. The null hypothesis for significance level a, is rejected if Qq > X12—a,q
where a rejection means that the hypothesis of random errors is rejected. In practice, several lag

lengths are used and compared since different lags may give different results.

The multivariate form of this test was proposed by Hosking (1980) and others. Hosking (1981)
demonstrated the equivalence of the several forms in the literature. It is often applied to the
residuals of a multivariate regression, such as a VAR (vector auto regression). The null hypotheses

of no multivariate autocorrelation of degree q are:

Hotyr=-=vq =0
H,:at leastoney;#0, i=1,..,q

The test statistic in its multivariate form is defined as the following according to Hosking (1980):

1 -1 7 —
LB, =T(T +2) Z?zlﬁtr[co j€00 €070 ] ~Xiz(q-1 (3.42)
where
T
1 !
Coj :? Z Stet_j
t=j+1

Under the null hypothesis (of independence) the Ljung-Box test statistic has approximately a chi —
square distribution with k2(q — L) degrees of freedom. Here T is the length of the series, and q
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denotes the order of autocorrelation, L is the length of lags in the multivariate regression. The null
hypothesis of the multivariate test is that the autocorrelation functions of all series have no
significant elements for lags one through that specified lags. A rejection indicates that at least one

series is not white noise.

3.9.2The ARCH LM test

This test was introduced by Engle in 1982, and it investigates whether the conditional Volatilities
of the chosen sample of data contain variation. The test can be used first to determine if there is

volatility clustering in the data, and then to determine if there is any ARCH —effects left in the

residuals. Firstly, the estimated residuals, é‘tz are regressed as:

q
2=C+ (Z a; éf_i> +o, (3.43)

i=1
and secondly, the hypotheses are
Hy:ay =a; =+ =a;=0

H:at least one of a;#0

If Hy is true, then homoscedasticity characterizes the variance indicating no volatility clustering.
The test statistic is

LM = nR2~y? (3.44)

Where n is the number of observations and R? is computed from the regression (3.43) using
estimated residuals. If n is large, LM is chi-squared distributed with g degrees of freedom.
The multivariate LaGrange Multiplier (LM) test can be used, since we are using two series. The

test is based on the following regression:

& =C+p1&_1+ -+ Pg€—qt % (3.45)

where v, is an error term which is assumed to be white noise. The null and alternative

hypotheses of no multivariate autocorrelation of degree q are:

Ho:py = pz == pg=0
Hy: at least one p; #0

This test is defined as follows according to Johansen (1996):
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LM(q) = Alog ((5) ~x2., (3.46)

[Cyl

Where A=T — (k(k + 1) — qk) + > (k(q — 1) = 1)

Cris the estimated variance covariance matrix of the residuals in Equation (3.45) when the null
hypothesis is imposed and Cu is the estimated variance covariance matrix of the residuals in

Equation (3.45) when null hypothesis is not imposed.

3.10 Forecasting Procedure and Evaluation

3.10.1 The Procedure

The series of conditional correlation forecasts for the period of 2016w1 to 2016w44 is compared
to the realized values for the same period. Starting with an initial estimation for the eleven years
period of 2005w1 to 2015w52, a forecast is made for the following week (T + 1). The estimation
window is moved one week and another forecast is made for (T + 2). This procedure continues
throughout the forecast period. More generally expressed, the estimation window reaches between
the first observation at time t and the last observation of the first period at time T. This means that
the length of the window d is d = T — t . The last observation of the evaluation period is
denoted T *. The forecast horizon k is set to be constant as k = 1. The forecast loop continues
until the starting point t and the ending point T of the first period both have moved a number of

steps equal to T * —T — 1, which results in a series of T * —(T + 1) forecasts.

3.10.2 Defining a proxy

In evaluating volatility forecasts the usual proxy for ‘true’ volatility is ‘ex post’ squared returns,
or the squared errors. However, as noted by Andersen and Bollerslev (1998) and Andersen et al.
(1999), although the use of squared returns or the squared errors is justifiable as an unbiased
estimate of the volatility process, it provides a very noisy measure due to a large idiosyncratic
term. Specifically, the returns innovation can be written as & =04Z; with Z; an independent zero
mean and unit variance stochastic process and o, is the volatility process. If the model for o7 is
correctly specified, then the conditional expectation, E(&?|l;_,) = E(c2z?|I,_;) = 6?, and the

squared error is an unbiased estimate of the volatility process; however, it still contains the noisy
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idiosyncratic term, zZ. This typically resulted in a poor performance, which instigated a discussion

of the practical relevance of volatility models.

However, Andersen and Bollerslev (1998) showed that the ‘poor’ performance could be explained
by the fact that the squared return is a noisy proxy for the conditional variance. By substituting the
realized variance (instead of the squared return), Andersen and Bollerslev (1998) showed that

volatility models perform quite well.

Hansen and Lunde (2003) provide another important argument for using the realized variance
rather than the squared return. They show that substituting the squared returns for the conditional
variance can severely distort the comparison, in the sense that the empirical ranking of models
may be inconsistent for the true (population) ranking. So an evaluation that is based on squared
returns may select an inferior model as the ‘best” with a probability that converges to one as the
sample size increases. For this reason, our evaluation is based on the realized variance. Building
upon this line of research Andersen et al. (2003) define the so-called ‘realized volatility’ on day t

as:

N

RV = z rtz,i (3.47)

i=1
Where;
N-is the number of equally spaced intervals within a day,

Tt i—1s a logarithmic return on day 7 at time interval i; withi=1,2..., Nandr=1, ..., T.

Thus realized volatility is the sum of squared intra-day returns. In principle, letting N tend to large,
i.e. continuous time sampling, the measure approaches the true integrated volatility of the
underlying continuous time process and is theoretically free from measurement error. Further, this
measure allows a market participant to essentially treat volatility as an observed variable and to

allow direct estimation.

3.11 Forecast evaluation
3.11.1 The MZ regression

A popular way to evaluate volatility models out-of-sample is in terms of the R? from a Mincer —

Zarnowitz (MZ) regression,

of=a + bhi+v,, (3.48)
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that is, squared returns are regressed on the model forecasts of ¢ and a constant.

Here:

o -is ex-post volatility (e.g. realized volatility) at time t, h? is estimated (in-sample) or forecasted
(out-of sample) volatility at time ¢,

v; -independent and identically distributed; Vi~ NV (0, 1). a.and b are parameters to be estimated.
If the model for conditional variance is well specified, we should have: a =0, b = 1. According to

specific features of financial data series, the value of R? is usually low (even less than 5%)

(Anderson et al., 2009).

3.11.2 Mean Absolute Error (MAE)

Another way of determining the goodness of the estimations and forecasts is calculating the MAE.
The approach is to measure how the received conditional covariance are close to their

corresponding realized value. The formula is:

MAE =~%7_|o? — h?| (3.49)

Where the proxy is used as Jtz and the estimated conditional covariance is used as h? .By

comparing the MAE between the estimated models, it can give an indication of which model that

makes the best estimations.

3.11.3 Root Mean Square Error (RMSE)

The third measure is the Root Mean Square Error (RMSE), which is defined as

RMSE = \/%z’gzl(ag — h2)? (3.50)

Using these methods, the estimated models can be compared, and using the same measurements
for estimations and forecasts, one can determine if the relatively best estimations model also makes

the best forecast.
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Data

The data considered in this paper were the weekly time series of Brent crude oil and coffee
Arabica futures market closing price, given in US dollars per barrel and US dollars per pound,
respectively. Both series contain data spanning between first week of January 2005 and last week
of October, 2016 (a total of 616 observations) extracted from Bloomberg database. The full sample
is split into two parts: in sample data, in order to estimate the parameters of models and out of
sample data, in order to make forecasts. The in-sample period spans from first week of January
2005 up to last week of December, 2015 and the out-of-sample period spans from first week of
January, 2016 through last week of October, 2016. For the out of sample period, we have also
extracted a 30 minute intra-day data for realized volatility measuring purpose. All calculations

were done using Stata 13.

4.2 Test of stationarity and features of log return series

Our data consists of two commodity prices; crude oil, and Arabica coffee. Fig. 4.1 is the trend
charts of the two commodity prices in the study period. The two commodity prices present the
same trend and direction during the entire study period. Price for both of the commodities have
risen form 2005 up to 2008 and fallen from 2009 up to 2010 with a similar pattern. Another
impression is that both commodity level series are non-stationary. To visualize the returns series
for these two markets, we depict the return time series plots in Fig.4.2. The weekly return series
display volatility persistence properties, indicating that large changes tend to be followed by large
changes of both sign and small changes tend to be followed by small changes, and the differenced
series suggests stationarity. The plots further show that the volatilities of these two commodity
returns not only have a volatility clustering phenomenon during the selected sample period, but
have certain relation on their return volatility processes. That is, when the fluctuation of the
Arabica coffee price grew larger, the volatility of crude oil return also became larger for most of
the times. This is the main motive for discussing the relationships of coffee price returns and crude

oil price returns.
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Figure 4.1: Time series plot for level series, Arabica coffee and crude oil
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Figure 4.2 Time series plot for differenced series, Arabica coffee and crude oil
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The level series plot in Fig 4.1 show that the level prices are non-stationary. Thus, the first logical
step is to check the stationarity of these prices using unit root test. In this test the null hypothesis

of unit root is rejected if the t-statistic is less than the critical value.
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Table 4.1 and Table 4.2 summarize the DF and PP unit root test results of the two commodity
level prices, respectively. As can be seen in both tables, the t-statistics are greater than the critical

values, at 1%, 5% and 10% the significance. Hence, the null hypothesis of unit root would not be

rejected, that is, there is a unit root problem in each of the data.

Table 4.1: DF Unit root test of stationarity for level prices, with trend

Series t-statistic 1%critical value | 5% critical value | 10%critical
value
Crude oil -1.675 -3.960 -3.410 -3.120
Arabica coffee -2.053 -3.960 -3.410 3.120
Table 4.2: PP Unit root test of stationarity for level prices, with trend
Series t-statistic 1%critical value | 5% critical value | 10%critical
value
Crude oil -2.335 -3.960 -3.410 -3.120
Arabica coffee -2.365 -3.960 -3.410 3.120

If a time series data is non-stationary, it is necessary to look for possible transformations that
might bring stationarity. In practice, econometricians usually transform financial prices in to
return forms. This is because often return series are found to be stationary such that analysis is
possible. The log return series is obtained by:

1. = 52 * (log i)

Pt-1
where 77 is the log return series of the real price multiplied by 52 (which is simply a scaling
factor), to annualize as we are using weekly data and each year contains 52 weeks, and p, is the

real price series and log is the natural logarithm.

Table 4.3 and Table 4.4 summarize the DF and PP unit root test of the log return series for each
of the commodities. Both tables show that all the t-statistics are less than the critical values at all
levels of significance. These indicates that the null hypothesis of unit root would be rejected in
both cases. Hence, the log return series are stationary for each of the items as shown by the time

series plots.
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Table 4.3: DF Unit root test of stationarity for log Returns

Series t-statistic 1%critical value | 5%critical value | 10%critical value
Crude oil -5.791 -3.430 -2.860 -2.570
Arabica coffee -5.877 -3.430 -2.860 -2.570

Table 4.4: PP Unit root test of stationarity for log Returns

Series t-statistic 1%critical value | 5%critical value | 10%critical value
Crude oil -24.090 -3.430 -2.860 -2.570
Arabica coffee -25.400 -3.430 -2.860 -2.570

Another important feature of return series is that usually the series show no or little

autocorrelation. Figure 4.3 shows the plots of the sample autocorrelation functions (ACFs) of the

two return series for lags 1 to 40. A sample ACF has the approximate upper and lower confidence

bounds. The two sample ACFs suggest that the serial correlations of weekly price log returns are

very small except at a few lags. Most of the sample ACFs are with in or near to their confidence

limits indicating that autocorrelations that fall inside the limits are not significantly different from

zero. The null hypothesis of zero autocorrelation is rejected if the sample autocorrelation lies

outside the interval[—l.96 x 1 / T 1.96 x 1 / Nedk which covers the blue shaded area.

Figure 4.3: Sample autocorrelation functions of weekly coffee and oil level series
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Furthermore, squared log return series are usually strongly auto-correlated. Figure 4.4 represents
the plots of the sample ACFs of the squared log returns of the Arabica coffee and crude oil futures

prices.

Both sample ACFs suggest that the serial correlations of weekly price squared log returns are very
large. Most of the sample ACFs are out of their two standard-error limits (Blue shaded area). This
indicates that the sample ACFs of the squared log returns are significantly different from zero.
This illustrates the degree of persistence in variance and implies that GARCH models may be used

for modeling the variance.

Figure 4.4: sample autocorrelation functions of weekly differenced series, coffee and oil return
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In financial time series analysis it is often required to test that several auto correlation of the return
series are jointly zero. For this purpose, first we plot the autocorrelation function. But the plot is
an indication and not applicable for absolute decision. Instead we can use the Portmanteau or
general statistics of linear dependency Q (m), where m is the lag length. Under the null hypothesis
that py = p, = =ppy, =0, Q (m) is distributed as chi-squared variable with m degree of
freedom. The null hypothesis is rejected if Q (m) is greater than the tabulated value of chi-square

distribution.
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Table 4.5: Portmanteau test for white noise for returns and squared returns series

Return series Q(52) Prob.>chi(52)
Coffee return 60.989 0.1841

Oil return 70.1784 0.069

Coffee return squared 80.428 0.0472

Oil return squared 343.54 0.000

From table 4.5, looking at the p-values at 5% level of significance, we can agree that the returns
are not autocorrelated, but the squared returns are highly autocorrelated, but the squared returns

are autocorrelated.

It is also typical property of financial log-return series to exhibit skewness and kurtosis. A
descriptive analysis was then conducted on the prices, Pt and returns, rt. Table 4.6 presents a
general summary statistics of the two level series and differenced log return series. The table shows
that the skewness and kurtosis of the two log return series is different from that of the normal
distribution. Both kurtosis exceed three, which is the kurtosis value of the normal distribution,

indicating that the log return series data is peaked relative to the normal distribution.

All the skewness values are different from zero, which is the skewness value of the normal
distribution, showing the distribution of the log return series is not symmetric around its mean
compared to the normal distribution. Positive skewness means that the distribution has a long right
tail and negative skewness implies that the distribution has a long left tail. The Jarque-Bera test of

normality indicate the rejection of the normality of the log return series in the two commodities.

Looking at the distributions of the univariate series (with the theoretical univariate normal
distribution marked with a solid line), figure 1(appendix B), they clearly seem to be characterized

by leptokurtic distributions which is confirmed by the Jarque-Bera test of normality.
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Table 4.6: General Summary Statistics for Arabica coffee and crude oil series

Coffee market Crude oil market

Statistics Pt T Pt Ty
Mean 145.8668 0.0458 80.9327 0.0119
Median 132.7250 0 76.1950 0.1327
Maximum 299.3500 9.6800 144.4900 10.449
Minimum 88.2000 -7.538 28.9400 -15.451
Std.dev. 43.3636 2.229 26.1545 2.3639
Skewness 1.4120 0.0359 0.1347 -0.6890
Kurtosis 4.4545 3.6941 1.7781 7.2470
Jarque-Bera 144.8500 8.2600 488.0200 107.4100

(0.0000) (0.0161) (0.0000) (0.0000)

**Values below the Jarque-Bera statistics are p-values at 5% of significance level

Looking at Table 4.6, the average prices for Arabica coffee (per Pound) and crude oil (per Barrel)
were $145.8668 and $80.9327, respectively, over the entire period. The average log-returns were
then computed and it is 0.0458 and 0.0119 for coffee and oil, respectively. The average returns for
crude oil price were smaller than that of Arabica coffee price return in the sample period
considered. One more impression here is that the two commodities return is positive, which is an
implication of the increasing trend in the two commodity price. The estimate of the standard
deviation is 2.229 for coffee and 2.3639 for oil which is nearly similar. Hence, we can say that

they exhibit approximately similar variations in their prices.

4.3 Volatility Modeling

To build a volatility model for the log return series, the first step is specifying the mean equation.
Once we specify the mean equation we have to test for ARCH effects using the residuals of the
mean equation. If ARCH effects are statistically significant, specifying a volatility model and
carrying out a joint estimation of the mean and volatility equations is necessary. The conditional
mean specification is, in general, arbitrary for GARCH models of the conditional volatility.
Various modifications to the conditional means in GARCH models are possible (see, for example,

Asai and McAleer (2003).
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4.3.1 Specification of Mean Equation

Based on two statistics, the Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) we have chosen the temporary mean equation to estimate the joint mean and
variance parameters. In most applications, lower order ARMA models, say, ARMA (1, 1), ARMA
(1, 2), ARMA (2, 1) and ARMA (2, 2) are used. Table 4.7 gives the alternative ARMA models
together with their corresponding AIC and BIC.

Table 4.7: ARMA model selection for the weekly log returns using AIC & BIC

Lag length Returns
Arabica Coffee Crude Oil

P | Q AIC BIC AIC BIC

0 1 2587.192 | 2600.234 2551.377 2572.674
0 |2 2581.203 | 2598.593 2553.267 2570.656
1 0 2587.093 | 2600.135 2515.398 2564.44
1 1 2588.146 | 2605.535 2553.22 2570.609
1 2 2578.419 | 2600.156 2553.64 2575.377
2 0 2582.588 | 2599.977 2553.274 2570.664
2 1 2577.982 | 2606.049 2552.285 2568.674
2 2 2579.96 | 2599.719 2546.107 2564.419

As can be seen in Table 4.7, the best in-sample results are achieved by ARMA (2, 2) for both
commodity log return series. Therefore, ARMA (2, 2) is the best (having minimum AIC & BIC)
conditional mean equation for both of the two cases. Hence, the ARMA (2, 2) model given by the
following expression is used to model the conditional variance as mean equation of the log return

series of prices:
T = U+ Pl + oty + & + 0161 + 026 4.1)

Where;
1 —return series at time t, either of Arabica coffee or crude oil return, ARMA (2, 2) process

& 1s an innovation term.

4.3.2 Test for ARCH Effects

Considering the above chosen financial returns model i.e. Equation (4.1) and on fitting this model,
if there is no volatility clustering in each of the returns, the random disturbance term &; should be
a white noise process. The standardized residual plot from Equation (4.1) can be an initial insight

to judge the heteroskedastic characteristics of the error term. The standardized residual plot from
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residuals

residual

each commodity return series, and is given below (Figure4.5). The figure depicts the residual plots
of the two commodity return series generated from the mean equation .We see from the figure that
for both of the series there is a prolonged period of low volatility and prolonged period of high
volatility. For example for Arabica coffee return there is a long period of low volatility from the
first week of 2005 to the end of 2008 and also there exist a long periods of high volatility from
first week of 2014 to the end week of 2016. Crude oil return also exhibits a prolonged period of
low volatility than the coffee series, which is from the first week of 2005 to the first week of 2009.
In other words periods of high volatility are followed by periods of high volatility and periods of
low volatility tend to be followed by periods of low volatility, which is known as volatility
clustering. This suggests that the residuals or error terms are conditionally heteroskedastic and can

be represented by GARCH models.

Figure 4.5: Residual plots of the Arabica coffee and crude oil return series from the mean

Residal plot of coffee Arabica from ARMA model

° —
mn -
L
o |
J T T T T T T T
2004w1 2006w1 2008w1 2010w1 2012w1 2014w1 2016w1
year in weeks
Residal plot of crude oil from ARMA model
‘O_ -
v
° —
mn -
L
e
L]
n
L]
T T T T T T T
2004w1 2006w1 2008w1 2010w1 2012w1 2014aw1 2016w1

year in weeks

Based on the residuals from the mean equation chosen above, it is possible to test for the existence

of ARCH effect which will allow continuing the analysis using GARCH model.
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Table 4.8 shows the results of ARCH LM test for the two commodity returns. The last column of
the table includes the p-values that indicate rejection of the null hypothesis that “there is no ARCH
effect” up to the fourth lag at 5% level of significance. The results indicate that the two

commodities price log return series are volatile and need to be modeled using GARCH models.

Table 4.8: ARCH LM Test Summary Statistics

Series Obs*R? x4 Lag(p) Prob.
Arabica coffee 12.6477 9.488 4 0.0040
Crude oil 105.6419 9.488 4 0.0000

4.3.3 GARCH Model Identification

If an ARCH effect is found to be significant, the PACFs are helpful to determine the order of an
ARCH model. This is due to the expectation that is linearly related to in a manner similar to that
of AR model. In practice, for ARCH modeling a long lag is often needed and this requires
estimating a large number of parameters. To reduce the computational burden, a GARCH model
with low lags can be helpful. This results in a more parsimonious representation of the conditional

variance Pprocess.

To estimate and evaluate the forecasts of the competing GARCH models, different p and q values
for the standard symmetric GARCH models are tested using different statistics such as Akaike
Information Criterion (AIC) and Bayesian information Criterion (BIC) in order to choose the best
model based on the in-sample data. The appropriate specification is chosen, and then for this
specific p and q, the alternative GARCH models are estimated, tested and finally one GARCH
model is chosen based on forecasting performance. For this GARCH (p, q)-model different
distributions are evaluated. Namely, normal distribution, student’s t-distribution and generalized
error distribution (GED).Finally the parameters for the chosen GARCH model is presented. Table
4.9 summarizes these two statistics computed from different GARCH models. Note that the AIC
and BIC of the GARCH models are obtained by estimating the mean return and variance equations

simultaneously.
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Table 4.9: ARMA (2, 2)-GARCH model selection based on AIC and BIC

Arabica coffee, in sample output

Statistics GARCH(1,1) | GARCH(1,2) GARCH(2,1) | GARCH(2,2)
AIC 3290.974 3291.862 3292.442 3293.363
€] 2) (€)) “4)
BIC 3308.363 3313.599 3314.179 3319.447
€] 2) (€)) “4)
Rank Sum 2 4 6 8
Crude oil, in sample output
Statistics GARCH(1,1) GARCH(1,2) GARCH(2,1) GARCH(2,2)
AIC 3208.934 3204.773 3202.883 3200.631
4) A3) 2) €))
BIC 3226.324 3226.510 3224.620 3226.716
2) A3) €)) “4)
Rank Sum 6 6 3 5

The row ranks indicate the ranking of the various GARCH models based on the two statistics. As
a result, the lower the rank sum is the better the model. The best models for the two commodity

series are:

®,

RS

X/
°

» GARCH(1,1) for Arabica coffee
GARCH(1,2) for crude oil

That is, the conditional variance processes are modeled by

2 _ 2 2
of = w+ a6 4 + f10{4

2 _ 2 2 2
of = w+a&_q + p10 1 + P10,

GARCH (1, 1)

GARCH (1, 2)

4.4 Checking the adequacy of ARMA-GARCH models

In the above tables we have chosen the appropriate lag lengths for both commodity series,
ARMA(2,2)-GARCH (1, 1) for the coffee return series and, ARMA(2,2)-GARCH(1,2) for the oil
return series, and now it is necessary to check the adequacy of each of the model under the
proposed distributions.
To check the adequacy of the mean equation, we test whether the standardized residual is serially
correlated or not. The standardized residual is defined as:

€t

p=—
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If the mean equation is adequate, we expect the standardized residual term to be a white noise
process. To check the adequacy of the variance equation, test whether the square of the
standardized residual is serially correlated or not. If it is serially correlated, this would suggest that

the conditional variance equation is not valid.

Figures 2, 3, 4 and 5 in Appendix B comprise the correlogram of the standardized and squared
standardized residuals from the GARCH models. They show that the residuals are not
autocorrelated for both Arabica coffee and crude oil returns. This fact must be confirmed by a
statistical test, which is portmanteau test of white noise, and is given below in Table 4.10. All p-
values in the table are greater than 0.05. So we cannot reject the null hypothesis of white noise of

the error term. Hence all GARCH models under the three distribution assumptions are adequate.

Table 4.10: Portmanteau test for white noise, ARMA-GARCH model

N-GARCH T-GARCH GED-GARCH
Residuals Coffee Oil Coffee 01l Coffee | Oil
Standardized | 50.557 63.56 50.69 43.903 | 50.6165 | 43.36
(0.1224) (0.1306) (0.1197) | (0.3096) | (0.1215) | (0.329)
Squared 29.2764 50.03 33.97 41.848 |30.5925 | 41.065
stand.resid. | (0.8944) (0.396) (0.7373) | (0.390) | (0.858) | (0.423)

**values in parenthesis are p-values at 5% level of significance

4.4.1 Checking for normally distributed standardized errors

Once the selected model is adequate in modeling the volatility of a financial time series variable it
is necessary to check the normality of the residuals. Below the g-q plot of the standardized
residuals from each ARMA-GARCH models are given.

Figure 4.6: q-q plot, checking for normally distributed standardized errors, Arabica coffee series
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Figure 4.7: Checking for normally distributed standardized errors, Crude oil return series
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In all of the plots it appears that we have approximately normally distributed standardized errors,

except for deviations at the end tails. This indicates the normality of the residuals

4.4.2 Forecast comparison to realized volatility measures

Below in Table 4.11 and Table 4.12 we present different forecast accuracy measures. We compare

the realized volatility measures by taking the weekly return square and a high frequency (30-

minute intra-day) data as realized volatility measure. We use the mincer-zarnowitz regression to

our estimates. If the estimated parameters in this regression are as expected, it means a close to

zero and b close to one and R? is not lower than 30% from Equation(3.35), indicating that the

differences between the compared estimates are not huge and if so both of them are good estimates

(Mincer, 1969).

Table 4.11: Forecast error measures, ARMA (2,2)-GARCH (1, 1) models under different distribution

and realized volatility, Arabica coffee return.

Realized volatility
Weekly return square High frequency

Statistics N-GARCH | T-GARCH | GED- N-GARCH | T-GARCH | GED-

GARCH GARCH
MZ.reg .R2 | 0.0667 0.0712 0.010 0.156 0.230 0.155
MSE 21.030 22.6411 21.641 18.44 18.139 18.1755
RMSE 4.586 4.758 4.651 4.2941 4.25894 4.26234
MAE 4.576 4.753 4.581 3.5013 3.553 3.497
AIC 2540.605 2535.28 2536.791 2540.605 2535.28 2536.791
LogL. -1261.393 | -1264.303 | -1259.64 -1261.393 | -1264.303 | -1259.64
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Table 4.12: Forecast error measures, ARMA (2,2)-GARCH (1,2) model under different distribution
and realized variance, Crude oil return

Realized volatility
Weekly return square High frequency

Statistics N-GARCH | T-GARCH | GED- N-GARCH | T-GARCH | GED-

GARCH GARCH
MZ.reg .R2 | 0.016 0.022 0.011 0.1763 0.267 0.18
MSE 126.6363 125.6408 125.6408 67.985 64.512 64.56
RMSE 11.2532 11.2089 11.2039 8.2453 8.0319 8.0349
MAE 7.6397 7.5618 7.5817 7.9126 7.739 7.762
AIC 2460.264 2443.797 2443.877 2460.264 2443.797 2443.877
LogL. -1222.132 | -1213.938 | -1212.898 | -1222.132 | -1213.938 | -1212.898

Forecast error measures and R? values from the Mincer-zarnowitz regression presented in Table
4.11 & Table 4.12 imply that the realized volatility measure from high frequency data is a better
measure of unobserved volatility than the commonly used squares of returns (R2 values are the
lowest). This is also confirmed by the other forecast error measures having 44 one step ahead
forecasts (2016w1-2016w44). The values of the RMS and MAE should get lower if the computing
model is best performing. With regards to the distribution of the error term, the student’s t-

distribution combined with high frequency data is best performing for both series.

4.5 Estimations of the univariate GARCH

The values of the coefficients of the two commodities are shown below in Table 4.13.The
estimation was done assuming that the error term comes from student’s t-distribution with eight
degree of freedom. From the table, it can be seen that some of the coefficients in both of the returns
are not significant at 5% level of significance; for instance, the constant term is not significant in

both cases.

Non-negativity rules: As we are modeling variance and the estimated variance must be non-
negative, there is no easy rule that ensures non-negativity for the general GARCH(p, q) process
.But Nelson &Cao(1992) give easy checkable condition for GARCH(1,q) model and (somewhat)
manageable conditions for GARCH(2,q) model. The non-negativity condition for GARCH (1, 1)
and GARCH(2,1) model are:

02 =w+ae’, + ol GARCH (1, 1)

0f = w+ ayef_, + Brof 1 + P10, GARCH (1,2)
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For both of the models to be non-negative the following condition should be satisfied:
(l)>0, a120,ﬁ120,ﬁ1+ﬁ2<1,andBZZO
Looking the parameter estimates of ARCH and GARCH terms from the table below they satisfy

the non-negativity rule described above for both commodity return series.

Table 4.13: parameter estimates from ARMA(2,2)-GARCH models

Returns Coffee Oil
Mean equation
0, -0.5158 -0.7636
(0.000) (0.000)
0, -0.4884 0.6585
(0.000) (0.000)
p1 0.5645 0.780
(0.000) (0.000)
Do 0.4362 -0.9325
(0.000) (0.000)
Variance equation
) 0.1037 0.0317
(0.38) (0.160)
a 0.0249 0.0391
(0.0097) (0.002)
B4 0.9556 1.5861
(0.000) (0.000)
B, -0.6194
(0.000)
a+p 0.9805 0.9988

**values in parenthesis are p-values at 5% level of significance
4.6 Multivariate GARCH modeling

At the beginning of reviewing different formulations of MGARCH models, one should consider
what specification of an MGARCH model should be imposed in contrast to the univariate case.
On the one hand, it should be flexible enough to state the dynamics of the conditional variances
and covariance. On the other hand, as the number of parameters in an MGARCH model increases
rapidly along with the dimension of the model, the specification should be parsimonious to
simplify the model estimation and also reach the purpose of easy interpretation of the model
parameters. However, parsimony may reduce the number of parameters, in which situation the

relevant dynamics in the covariance matrix cannot be captured.
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A number of alternative MGARCH formulations for modeling long-run conditional
heteroskedasticity are extensively used in relevant literature. The most widely used are the time
varying conditional correlation (VCC), the constant conditional correlation (CCC) (Bollerslev,
1990), and the dynamic conditional correlation (DCC) models (Bollerslev, 1990). A more
elaborate discussion of these models is presented in chapter three. One complexity of MGARCH
models is that the number of parameters grow rapidly and researchers often use a single ARCH
and GARCH term in the model specification ,and often it is enough in capturing the variation

(Berben and Jansen ,2009).So in this paper we use bivariate-GARCH(1,1) models.

4.7 Model adequacy checking

Checking the adequacy of MGARCH models is essential in identifying whether a well specified
MGARCH model can obtain reliable estimates and inference. Graphical diagnostics for MGARCH
models can be done by examining plots of the sample autocorrelation (ACF).To ensure the
inference from the estimated parameters in the MGARCH model is enough valid, the residuals
should exhibit a set of white noise features like expected zero vector, no autocorrelations, constant
variance, and normal distribution of the residuals. The autocorrelation functions for the squared
process are shown to be useful in identifying and checking time series behavior in the conditional

variance equation of the GARCH form.

4.7.1 Residual analysis

Starting by looking at the residuals they should be following a white noise process. The
correlogram for the standardized and squared standardized residuals are given in Figurel1,12,13
(Appendix B). They shows that the residuals are not auto correlated for both Arabica coffee and
crude oil returns. By looking at the ACF graphs, it can be determined whether the processed data
has any trace of correlation in the residuals. If more than 5 % of the lags in the autocorrelation plot
falls outside the confidence interval, the residuals cannot be treated as white noise. In both the
estimated CCC, VCC, and DCC models, about less than five out of 100 lags fall outside the
confidence level. It can therefore be concluded that the residuals do not suffer from
heteroscedasticity. Portmanteau test of white noise confirms the graphical view. It is given in Table
4.14. Since all p-values exceed 5 %, the null hypothesis that there is no autocorrelation is not

rejected, meaning that the test confirms that the estimations have been successful.
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Table 4.14: Portmanteau test of white noise residuals from VCC-GARCH model

Returns Residuals Q(52) Prob.>chi(52)

Arabica coffee | Standardized residuals 59.07 0.2329
Squared Standardized residuals | 54.69 0.3726

Crude oil Standardized residuals 61.69 0.1783
Squared Standardized residuals | 51.71 0.4851

4.7.2 The ARCH LM test of residuals

The results from the ARCH LM test of the return series (Table 4.8) indicate the presence of
volatility clustering in the data. The next model diagnostic step is to determine whether there are
still ARCH effects left in the residuals. If there still are unexplained effects left, this means that
the chosen model suits the sample poorly since the return series suffer from heteroscedasticity
according to the first ARCH LM test. As can be seen in Equation 3.32, a desirable outcome for
the ARCH LM test of residuals is that all ai= 0 and that it is not possible to reject Ho. Table 3, 4,
5, (appendix A) contains the univariate Lagrange multiplier test and Table 6, 7 , 8, (appendix A)
contains the multivariate Lagrange multiplier test, both approaches show insignificant p-values for all
lags. The conclusion of the three all LM tests is that all models capture the volatility clustering

successfully.

4.7.3 Normality of standardized residuals

GARCH estimates could be sensitive to the assumption of normally distributed errors. So it is
important to check the extent to which this assumption is correct. Since the standardized errors are
not directly observable and they have to be estimated, chi-squared based tests such as the skewness
and kurtosis tests for normality are not strictly speaking applicable. Instead it is advisable to plot
the quantiles of the standardized residuals against the quantiles of the standardized normal

distribution (Q-Q plot) and check if they are similar (Sourafel, 2016).

52



Figure 4.8: Normality (q-q) plot of standardized residuals, VCC-GARCH model
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Figure 4.8 is the q-q plots of the standardized residuals from the selected VCC model, and the q-q
plot of the residuals from CCC and DCC model are presented in Figure 14 and 15, Appendix B.
In all of the plots it appears that we have approximately normally distributed standardized errors,

except for deviations at the end tails.

One of the major objective of this study is choosing an appropriate multivariate GARCH model
from the competing models. Using similar mechanism like the univariate GARCH model
selection, that is, using the Mincer-zarnowitz regression and the forecast error measures, a model
with minimum forecast error measure value and maximum MZ R? value is selected as an
appropriate model. We can chose a single bi-variate GARCH model, and then estimate the
parameters of the selected model. For the distribution of the innovation term, the multivariate
normal distribution and the multivariate version of student’s t-distribution with eight degree of
freedom are considered. Like the previous analysis, we also consider two volatility measures, that

is, the weekly return square and the 30-minute intra-day returns square.
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Table 4.15: Bi-variate GARCH model comparison under normal distribution for co-volatility of
coffee and oil returns

Realized volatility measure
Weekly returns squared 30-minutes interval returns based
Statistics measured (high freq.)
CCC DCC VCC CCC DCC VCC
MZ.reg 0.0145 0.0037 0.0070 0.2575 0.1740 0.3929
.R2
MSE 29.2503 | 29.9553 | 29.313629 | 0.7865 0.9161 0.8590
RMSE 5.1442 5.4730 5.4083 0.8868 0.9571 0.9268
MAE 3.7900 3.7452 3.7307 0.879 0.8517 0.8000
AIC 4965.981 | 4957.583 | 4962.655 4965.981 4962.655 4957.583
BIC 5022.474 | 5022.768 | 5027.84 5022.474 5022.768 5027.84
LL -2469.99 | -2463.79 | -2466.32 -2469.99 -2463.79 -2466.32

Table 4.16: Bi-variate GARCH model comparison under student’s t-distribution for co-volatility of
coffee and oil returns

Realized volatility measure

Weekly return square High frequency
Statistics | CCC DCC VCC CCC DCC VCC
MZ.reg 0.0937 | 0.0747 0.060 0.2372 0.1614 0.4014
.R2
MSE 29.36 29.99 29.28 0.7876 0.8877 0.8634
RMSE 54184 54763 5.4110 0.8874 0.9421 0.9291
MAE 3.7953 | 3.7532 3.742 0.8819 0.8423 0.8372
AIC 4945.74 | 4940.492 | 4943.54 4945.74 | 4943.54 | 4940.492
BIC 5002.24 | 5005.677 | 5008.725 | 5002.24 | 5005.677 | 5008.725
LL -2459.84 | -2455.24 | -2456.77 | -2459.84 | -2455.24 | -2456.77

Looking at Table 4.15 and Table 4.16 for each of the models, the R? obtained from mincer-
zarnowitz regression (R?) value is larger for high frequency data. Moreover, the R? is larger under
student t-distribution assumption of the innovation term. Now combining the high frequency data
and student t-distribution, the time-varying conditional correlation (VCC) model is better model

for the variance covariance estimation of the Arabica coffee return and crude oil returns.
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Table 4.17: parameter estimates from time varying conditional correlation (VCC-GARCH) model

under t-distribution (v=8)

Parameters Coefficients z-statistics | p-value
Mean equation
Pcoffee 0.0515 0.58 0.564
Poil 0.4915 0.64 0.521
écoffee 0.0634 1.46 0.144
0,11 0.0372 0.84 0.401
gcoffee,oil -0.0005 -0.01 0.992
éoil’coffee -0.0099 -0.30 0.760
Variance equation
Oeoffee 0.1278 1.03 0.302
Acoffee 0.0264 1.66 0.097
Bcoffee 0.9501 28.33 0.000
Woil 0.0894 1.62 0.105
Aoil 0.0783 3.57 0.000
Boi 0.9067 36.70 0.000
Pcoffee,oil 0.285 4.14 0.000
4 0.0320 1.76 0.031
i, 0.9125 15.38 0.000
C’)Zcoff. + Bcoff. 0.985 - -
Roit + Bour 0.9785 - -

Table 4.17 presents the parameter estimates from the VCC-GARCH (1,1) model with single
ARCH and single GARCH term. In the VCC model specified in Equation (3.31), the mean
equation contains the following parameters:

@:<911 612 ) _ <9coffee 6 coffee,oil)

021 Oz Ooivcorree  Boi

0 cofee and Ooii are the autoregressive parameters of order one for coffee and oil returns,
respectively, and 0 cofee, oi, measures the returns spillover from oil market to coffee market, and
also Boil coffee measures the returns spillover from coffee market to oil market. . If both spillover
parameters are significant, there is a bidirectional spillover effect between the asset prices. But
from the table, the estimated of coefficients from the mean equations for coffee and oil prices were
not significant at 5% level, implying that the current returns of oil price did not explain the
immediate past returns of oil price and also the reverse is true. If these mean return parameters are
not significant, refitting the variance equation by excluding the irrelevant expression makes sense.

The variance parameters excluding the mean estimate are presented in Table 4.18.
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Table 4.18: variance parameter estimates from time varying conditional correlation (VCC-GARCH)

model under t-distribution (v=8)

Parameters Coefficients | z-statistics p-value
Oeoffee 0.1647 1.04 0.300
Acoffee 0.0305 1.60 0.109
ﬁcoffee 0.9393 22.16 0.000

Doil 0.0835 1.60 0.109

Qoil 0.0774 3.60 0.000

Bois 0.9092 38.48 0.000

Pcoffee,oil 0.2886 1.60 0.000

4 0.02919 1.70 0.034

i, 0.919 15.88 0.000
C’)Zcoff. + Bcoff. 0.9698 B B
aoil + 301’[ 0.9866 - -

The results in Table 4.18 of the variance equations actually indicated volatility effects in the returns
series across the sample period considered. With regard to the estimates of the time varying
correlation, (Deofree,0ir)the correlation was found to be positive and significant. This implies
positive relationship between the conditional volatility series of the two commodity series and

indicates that the returns on these commodities rise or fall together.

The estimates of the parameters 7T; and 75, that is the parameters dealing with the effects of
previous shocks and previous dynamic conditional correlations on the current dynamic conditional
correlation, were significantly different from zero, with 7;=0.0291 and 7,=0.919.Time varying
conditional correlation(VCC) model reduces to constant conditional correlation (CCC) model
when 71;_ft, = 0 ; (Bauwens, Hafner and Laurent, 2012). Hence, employing CCC is too restrictive

for these series.

Concerning the estimates of persistence (&; + f; ), the persistence estimates were 0.9698 and
0.9866 at coffee and oil markets, respectively which is closer to one, implying that volatility is
persistent in these markets. The sufficient condition for the variance matrix to be positive definite
are the usual GARCH restrictions i.e. w, a, f > 0 for the univariate GARCH (1,1) model. Also,
this univariate GARCH process needs to be stationary i.e.1 —a — >0 .These conditions are

satisfied in the above output table.
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4.8 Discussion

The aim has been modeling and forecasting the co-volatility dynamics of weekly time series of
Brent crude oil and coffee Arabica futures market closing price using bi-variate GARCH models.
From the preliminary analysis over the time period considered, both of the price series show an
increasing trend. To determine whether the series are stationary or not, the Augmented Dickey-
Fuller (ADF) test was carried out. Often, raw data of commodity prices are non-stationary, which
was also the case in this study .For both level time series, the tests indicates to the existence of

unit root I(1). The first log difference of each time series was considered as stationary (Table 4.3).

There are some basic features to be fulfilled with the analysis of time series data in addition to
stationarity. One main feature is that, the distribution of financial log return series show high
skewness and kurtosis compared to the normal distribution, which is a hint of presence of volatility
in the time series data. This was true for the two commodity returns (Table 4.5). Another
characteristic of a stationary time series data is the behavior of autocorrelation in the data. Usually,
log return series show no or little autocorrelation but the squares of the log return series exhibit
high autocorrelation. Having autocorrelation in the squared log returns helps to use the concept of
heteroscedasticity embedded in a GARCH model. As shown in Figure 4.4, squared log return
series of both commodities are strongly auto correlated which is an indication of heteroscedasticity

in the log returns.

As a reference point for the analysis, a standard univariate GARCH models were fitted with
ARMA(2,2) mean equation, and it is found that the variance equation for Arabica coffee and crude

oil returns were GARCH(1,1) and GARCH(1,2) ,respectively.

In the two commodity returns it appears that the ARCH term coefficients were significant at 5%
level of significance. The result is an implication of the presence of volatility clustering, i.e. large
changes followed by large changes and small changes followed by small changes. In the case of
Arabica coffee our result go in line with the Hansen and Lunde (2005) findings. They conclude
that GARCH (1,1) model with high frequency data is enough to capture the volatility of exchange

rates return volatility, but in the case of crude oil our finding is something different.

Noemi and Junior (2011) investigate the volatility of two tropical commodities i.e. world coffee

and crude oil, and found that the two commodities were volatile, and hence our finding is in line
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with their analysis. They also conclude that fluctuations in coffee and cocoa price follow the oil
price fluctuation. Our results shows that Arabica coffee and crude oil volatilities are correlated (in
fact, not highly). In addition the co-variance of Arabica coffee and crude oil is found to be similar
to the variance of crude oil indicates that the variation in the Arabica coffee price follows crude

oil price, a similar finding with Noemi and Junior.

This study suggests that using high frequency data results in a more accurate forecast values in
both the standard univariate GARCH and multivariate GARCH models. This result agrees with
David G. McMillan and Alan E. H. Speight (2010) inference in the context of exchange rate
returns. In fact, they consider a daily GARCH (1,1) model and 5-minute intra-day return. In
addition to the usual ‘ex post’ squared returns measure, they also construct realized volatility and
two versions of bias-corrected realized volatility. In order to evaluate these forecasts they utilize
the Mincer—Zarnowitz regression test of predictive power, comparing forecasting performance on
the basis of the R? values obtained. In our analysis the procedure is similar, but we use a weekly

return series and a 30-minute interval intra-day return series and we stretch their conclusion.

Over all, the positive relationship between these commodity returns is consistent with previous
researchers on energy and commodity co-volatility (see for example, Choi and Hammoudeh

(2010); Du et al. (2011) ; Mensi et al. (2013).
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CHAPTER FIVE

CONCLUSION AND RECOMMENDATIONS

Forecasting the volatility dynamics of asset returns has been the subject of extensive research
among academics, practitioners and portfolio managers. This thesis estimates a variety of
Multivariate GARCH models using weekly closing price (in USD/barrel) of Brent crude oil and
weekly closing prices (in USD/per pound) of coffee Arabica, and compares the forecasting
performance of these models based on a high frequency intra-day data which allows for a more
precise realized volatility measurement. The analysis points to the conclusion that varying
conditional correlation (VCC) model with Student’s t distributed innovation terms is the most

accurate volatility forecasting model in the context of our empirical setting.

We recommend and encourage future researchers studying the forecasting performance of
MGARCH models to pay particular attention to the measurement of realized volatility, and employ

high-frequency data whenever feasible.

We also recommend that public policy makers interested in foreseeing the price volatility of these
two major commodities in the context of the Ethiopian economy consider using the information
documented in this study as input in their deliberations given that it is based on some robust

econometric work and highly appropriate data.

The scope of the analysis in this study has been limited to the co-volatility between the two
commodities. In order to overcome this limitation and provide a more nuanced analysis, it might
be profitable for future researchers to consider incorporating stock, currency and bond markets
volatilities into the analysis. The potential complexity of such a research agenda notwithstanding,
the results are likely to be rewarding in light of the deeper integration between global financial and
commodity markets in recent years, a phenomenon which came to be known as the financialization

of commodities.

59



REFERENCES

Abbott, P. C., Hurt, C., & Tyner, W. E. (2008). What's driving food prices? March 2009 Update (No.
48495). Farm Foundation.

Agrimoney.com,http://www.petecof.vn/cms/-target view-id 362page 28.htmlaccesesed (accessed, 01-
01-2017).

Ait-Sahalia, Y., and Mancini, L. (2008). Out of sample forecasts of quadratic wvariation.
Journal of Econometrics 147, 17-33.

Alom, F., Ward, B., & Hu, B. (2011, June). Spillover effects of World oil prices on food prices: evidence
for Asia and Pacific countries. In Proceedings of the 52nd Annual Conference New Zealand Association of
Economists (Vol. 29).

Andersen T., Bollerslev T., Diebold F., [2003], Parametric and nonparametric volatility measurement.

Andersen, T.G. and T. Bollerslev (1998). “Deutsche Mark-Dollar Volatility: Intraday Activity Patterns,
Macroeconomic Announcements, and Longer Dependencies”, Journal of Finance, 53, 219-265.

Asai, M. and M. McAleer (2003), “Trading Day Effects in Stochastic Volatility and Exponential
GARCH Models”, unpublished paper, Faculty of Economics, Tokyo Metropolitan University.

Baba, Y., Engle, RF. Kraftt D. and Kroner, KF. (1989). Multivariate simultaneous
generalized ARCH. Discussion Paper 89-57. San Diego. University of California.

Baffes, J. (2007). Oil spills on other commodities. Resources Policy, 32(3), 126-134.

Bauwens, L., Hafner, C. and Laurent, S. (2012). Volatility models. In Handbook of Volatility Models and
Their Applications (eds. L. Bauwens, C. Hafner and S. Laurent), NJ: John Wiley and Sons, Inc.

Bauwens, L., S. Laurent. and J.V.K. Rombouts (2003). Multivariate GARCH Models: A Survey, CORE
Discussion Paper 2003/31.

Berben, R.-P. and W. J. Jansen (2005): Co-movement in International Equity Markets: A Sectoral
View, Journal of International Money and Finance, 24, §32-857

Bollerslev, Tim, (1990), modelling the Coherence in Short-run Nominal Exchange Rates: A Multivariate
Generalized ARCH Model, The Review of Economics and Statistics, MIT Press, vol. 72(3), pages 498-
505, August.

Bollerslev T., Chou R.Y., Kroner K.F., (1992), ARCH Modeling in Finance: A Review of the Theory and
Empirical Evidence, ,,Journal of Econometrics” 52, 5-59.

Bollerslev, T. & J.M. Wooldridge (1992). Quasi-maximum likelihood estimation and inference in dynamic
models with time-varying covariance: Econometric Reviews 1,143-173.

Bollerslev, T., R.F. Engle & J.M. Wooldridge, (1988), A Capital Asset Pricing Model with Time-Varying
Covariance, Journal of Political Economy 96, 116 -131.

Bollerslev, T. (1987). “A Conditionally Heteroskedastic Time Series Model for Speculative
Prices and Rates of Return”, Review of Economics and Statistics, 69, 542-547.

Brooks, Chris (2008), Introductory Econometrics for Finance, Second Edition, Cambridge
University Press.

60


http://www.petecof.vn/cms/-target_view-id_362page_28.htmlaccesesed

Choi, K., Hammoudeh,S., (2010).Behavior of GCC stock markets and impacts of US oil and financial
markets. Research in International Business and Finance 20, 22-44.

Christensen, B. J., & Prabhala, N. R. (1998). The relation between implied and realized volatility. Journal
of Financial Economics, 50(2), 125-150.

Christian, C. (2012): “Volatility-Spillover Effects in European Bond Markets,”
European Financial Management, 13, 923-948.

Ciner, C., Gurdgier, C. and Lucey, B.M. (2013). Hedges and safe havens: An examination of stocks, bonds,
gold, oil and exchange rates. International Review of Financial Analysis, 29: 202-211.

Dickey, D.A. and Fuller, W.A. (1979): Distribution of the Estimators for Autoregressive Time Series with
a Unit Root, Journal of the American Statistical Association, 74, 427-431.

Ding, Z. and R.F. Engle (2001). “Large Scale Conditional Covariance Matrix Modeling, Estimation and
Testing”, Academia Economic Papers, 29, 157-184.

Du, X., Cindy, L. Y., & Hayes, D. J. (2011). Speculation and volatility spillover in the crude oil and
agricultural commodity markets: A Bayesian analysis. Energy Economics, 33(3), 497-503.

Engle, R. F., and Gallo, G. M. (2006). A multiple indicators model for volatility using intraday data. Journal
of Econometrics 131(1), 3-27.

Engle, R.F. and T. Bollerslev (1986). “Modeling the Persistence of Conditional Variances”, Econometric
Reviews, 5, 1-50 (with discussion).

Ewing, B.T. and Malik, F. (2013). Volatility transmission between gold and oil futures under structural
breaks. International Review of Economics and Finance, 25: 113-121.

Fryzlewicz, P. (2007): Lecture Notes: Financial time series ARCH and GARCH models, Department of
Mathematics  University of Bristol, Bristol BS8 1TW, UK,p.zfryzlewicz@bristol.ac.uk,
http://www.maths.bris.ac.uk/~mapzf/.

Gil-Alana, L. A. and Yaya, O. S. (2014). The relationship between oil prices and the Nigerian stock market:
An analysis based on fractional co integration. Energy Economics, 46: 328-333.

Hamilton, J. D. (2008). Understanding crude oil price. NBER working paper, 14492.

Hansen, P. R., Huang, Z., and Shek, H. H. (2010). Realized GARCH: a complete model of returns and
realized measures of volatility. Technical Report, School of Economics and Management, University of
Aarhus.

Hansen PR, Lunde A. (2005). A forecast comparison of volatility models: does anything beat a GARCH
(1,1)? Journal of Applied Econometrics 20: 873-889.

Hansen PR, Lunde A, Nason JM. (2003). choosing the best volatility models: the model confidence set
approach. Oxford Bulletin of Economics and Statistics 65: 839-861.

Harri, A., Nalley, L., Hudson, D., (2009). The relationship between oil, exchange rates, and commodity
prices. J. Agric. Appl. Econ. 41 (2), 501-510.

Hosking, J. R. M. 1980. The multivariate portmanteau statistic. Journal of the American Statistical
Association 75: 602—08.

—— 1981. Equivalent forms of the multivariate portmanteau statistic. Journal of the Royal Statistical
Society, Series B 43: 261-62.

61


http://www.maths.bris.ac.uk/~mapzf/

Johansen, S. (1996) “Likelihood Based Inference in Cointegrated Vector Autoregressive Models”.
Advanced Texts in Econometrics, Oxford University Press.

Johnston, J. and DiNardo, J. (1997): Econometric Methods, International Editions, McGrawHill Book Co.
Jorion,p.(2000).value at Risk: the new benchmark for managing financial risk. McGraw-Hill, New York.

Ljung, G. and Box, G. E. P. (1978): On a Measure of Lack of Fit in Time Series Models, Biometrika, 66,
6772.

MacKinnon, J.G. (1991).Critical Values for Co integration Tests, Chapter 13 in Long-run.

McMillan, D. G., Speight, A. E. (2010). Return and volatility Spillovers in Three Euro Exchange
rates. Journal of Economics and Business 62 (2), 79-93

Mensi, W., Beljid, M., Boubaker, A. and Managi, S. (2013). Correlation and Volatility spillovers across
commodity and stock market: Linking energies, food and gold. Economic modelling, 32: 15-22.

Mincer J, Zarnowitz V. (1969). The evaluation of economic forecasts. In Economic Forecasts and
Expectations, Mincer J (ed.). National Bureau of Economic Research: New York; 3—46.

Mitchell Donald (2008). A note on rising food prices. Policy Research Working Paper Series From the
World Bank.

Nelson DB. (1991). Conditional heteroscedasticity in asset returns: a new approach.Econometrica59: 347—
370.

Neomie, E.,and Junior D.(2011). Unraveling the underlying causes of price volatility in the world coffee
and cocoa commodity markets: UNCTAD special unit on commodities working paper series on commodities
and development.

Orskaug, Elisabeth (2009). Multivariate DCC-GARCH Model - With Various Error Distributions,
Norwegian Computing Center.

Patton AJ, Sheppard K. (2009). Evaluating volatility and correlation forecasts. In Handbook of Financial
Time Series, Andersen TG, Davis RA, Kreiss JP, Mikosch T (eds). Springer Verlag: Berlin; 801-838.

Phillips and Perron (1988): “Testing for a Unit Root in Times Series Regression”, Biometric,
Vol. 75, No. 2, pp. 335-446.

Poon SH, Granger CWJ. (2003). Forecasting volatility in financial markets: a review. Journal of Economic
Literature 41: 478-539.

Reider, Rob (2009), Volatility Forecasting I: GARCH Models URL: http://cims.nyu.edu/ almgren/time
series/Vol Forecastl.pdf (downloaded 25-04-2017).

Rossi, E. (2004): Lecture Notes on GARCH Models, University of Pavia.

Rossi, E. (2012): Lecture Notes on Multivariat GARCH Models, University of Pavia.

Said, S. E. and. Dickey, D. A. (1984): Testing for Unit Roots in Autoregressive Moving Average Models
of Unknown Order, Biometrika, 71, 599—607

Salisu, A.A. and Oloko, T.F. (2015). Modeling oil price—US stock nexus: A VARMA-BEKK-AGARCH
approach. Energy Economics, 50: 1-12.

62



Shams, S. and Zarshenas, M. (2014). Copular approach for modelling oil and gold prices and exchange rate
co-movements in Iran. International Journal of Statistics and Applications, 4(3): 172-175.

Silvennoinen, Annastiina & Terdsvirta, Timo (2008). Multivariate GARCH models, CREATES Research
Papers 2008-06, University of Aarhus.

Singh A., Karali B., and Ramirez O. A. (2011). High price volatility and spillover effects in energy markets.
Selected paper prepared for presentation at the Agriculture & Applied Economics Association’s 2011
AAEA & NAREA Joint Annual Meeting, Pittsburgh, Pennsylvania, July 24-26, 2011.

Sourafel, G.(2016): Introduction to Econometrics lecture note, Nottingham university.

Susmel, R. and R. F. Engle (1994). Hourly volatility spillovers between international equity markets.
Journal of International Money and Finance 13, 3{25}.

Tse,Y. K., and A. K. C. Tsui. (2002). A multivariate generalized autoregressive conditional
heteroscedasticity model with time-varying correlations. Journal of Business &Economic Statistics 20:
351-362.

World Bank (2009). Global Economic Prospects; commodities at the crossroad. Report to the 12 session
of the Human Rights Council.

Zhang, Y.J and Wei, Y-M. (2010).The crude oil market and the gold market: Evidence for co-integration,
causality and price discovery. Resources Policy, 35 (3): 168-177.

63



APPENDIX

Appendix A: Tables

Table 1: Parameter estimates from DCC model

Parameters Coefficients | z-statistics | p-value
Mean equation
Dcoffee 0.0517 0.0.58 0.561
Poit 0.0573 0.75 0.455
Ocofree 0.0507 1.19 0.232
0,1 0.0397 -0.91 0.0.362
Bcofreeoil -0.0066 -0.17 0.865
Boit,cof fee -0.0138 -0.42 0.971
Variance equation
Ocoffee 0.1318 1.02 0.309
Acoffee 0.0158 1.59 0.112
[?wffee 0.950 27.28 0.000
@oir 0.0871 1.58 0.113
Qoil 0.0806 3.62 0.000
Boit 0.9055 36.65 0.000
Pcofreeoil 0.24 2.27 0.023
4 0.036 2.53 0.011
i, 0.9379 41.23 0.000
&coff. + ﬁcoff. 0.9658 B B
Aot + ﬁoil 0.9861 B B
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Table 2: Parameter estimates from CCC model

Parameters coefficients | z-statistics | p-value
Mean equation
Dcoffee 0.0304 0.34 0.735
Doit 0.0573 0.75 0.456
Ocofree 0.0535 1.23 0.219
B, 0.02578 0.60 0.550
écoffee,oil -0.01724 -0.42 0.671
Boit,cof fee -0.0155 -0.47 0.637
Variance equation
Ocoffee 0.1540 1.02 0.45
Acoffee 0.0270 1.54 0.123
[?wffee 0.9446 23.68 0.000
@il 0.0944 1.62 0.105
Aoil 0.0761 3.48 0.0000
Boir 0.9072 35.36 0.000
Pcoffee,oil 0.29 6.09 0.000
C’)Zcoff. + Bcoff. 0.9716 - -
&oil + 301’[ 0.9833 - -
Table 3: ARCH LM test for CCC Table 4: ARCH LM test for DCC
Arabica coffee | Crude oil Arabica coffee | Crude oil
Lags LM p- LM p-value Lags | LM p- LM p-value
(p) value (p) value
1 0.12 |0.7287 | 0.058 | 0.8092 1 0.11 0.734 | 0.078 | 0.7803
2 0.25 |0.8830 | 0.102 | 0.9505 2 0.26 0.878 | 0.115 | 0.9442
3 0.73 |0.8660 | 0.123 | 0.9889 3 0.69 0.875 | 0.133 | 0.9876
4 1.02 ]0.1200 | 0.125 | 0.9982 4 1.05 0.130 | 0.134 | 0.9978
Table 5: ARCH LM test for CCC
Arabica coffee Crude oil
Lags(p) | LM p-value |LM p-value
1 0.107 | 0.744 0.077 |0.78
2 0.238 | 0.889 0.114 | 0.9446
3 0.637 | 0.888 0.132 | 0.9877
4 1.44 |0.100 0.133 |0.9979
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Table 6: multivariate LM test for , CCC-GARCH

Lags(p) | LM df | p-value
1 5.2758 | 4 0.2601
2 1.4475 | 4 0.8359

Table 7: multivariate LM test for, DCC-GARCH

Lags(p) |LM Df p-value
1 5.6559 | 4 0.22636
2 1.4848 | 4 0.82934

Table 8: multivariate LM test for, VCC-GARCH

Lags(p) | LM Df p-value
1 5.0033 | 4 0.2870
2 1.4710 | 4 0.8318
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Appendix B: Graphs

Figure 1: Histograms of Arabica coffee and crude oil return series, normality checking
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Figure 2:

Correlogram of standardized residuals,coffee return
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Figure 3 :

Correlogram of squared standardized residuals,coffee return
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Figure 4 :Correlogram of standardized residuals,oil return
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Figure 5:
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Figure 6:Variance and covariance prediction from GARCH (1,1),Coffee return
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Figure 7: variance and covariance predictions from GARCH (2,1) ,crude oil return
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Figure 8: variance and covariance prediction from VCC-GARCH
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Figure 9: variance and covariance prediction from CCC-GARCH
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Figure 10: variance and covariance prediction from DCC-GARCH
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Figure 11: correlogram of squared residuals from VCC-GARCH
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Figure 12: correlogram of squared residuals from CCC-GARCH
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Figure 13: correlogram of squared residuals from DCC-GARCH

correlogram of squared residuals.coffee:dcc~garch

o

10 a0
Lag

artlett’s formula for MA(Q) 95% confidence bands

correlogram of squared residuals.oil : dcc—garch

&
=1
o
g
=1
<
2
< T T T T
o 10 20 30 40
Las

Bartlett's formula for MA(a) 95% confidence bands

72



Figure 14: normality checking from the CCC-GARCH
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Figure 15: normality checking from the DCC-GARCH
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