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ABSTRACT

Crude oil is an important energy commaodity to madkSeveral causes have
made crude oil prices to be volatile. The fluciatof crude oil prices has affected
many related sectors and stock market indices. éjeforecasting the crude oll
prices is essential to avoid the future priceshefrion-renewable natural resources to
raise sky-rocket. In this study, daily WTI crudd prices data is obtained from
Energy Information Administration (EIA) from"2January 1986 to 30September
2009. We use the Box-Jenkins methodology and Ghkrnedla Autoregressive
Conditional Heteroscedasticity (GARCH) approach famecasting the crude oil
prices. An Autoregressive Integrated Moving Averg8RIMA) model is set as the
benchmark model. We found ARIMA(1,2,1) and GARCHJ}lare the appropriate
models under model identification, parameter ediona diagnostic checking and
forecasting future prices. In this study, the ase$yare done with the aid of EViews
software where the potential of this software iret@sting daily crude oil prices time
series data is explored. Finally, using several suess, comparison performances
between ARIMA(1,2,1) and GARCH(1,1) models are mg@ARCH(1,1) is found
to be a better model than ARIMA(1,2,1) model. Basedthe study, we conclude
that ARIMA(1,2,1) model is able to produce accuffatecast based on a description
of history patterns in crude oil prices. Howevee GARCH(1,1) is the better model
for daily crude oil prices due to its ability toptare the volatility by the non-constant

of conditional variance.
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ABSTRAK

Minyak mentah merupakan komoditi tenaga yang pgntintuk umat
manusia. Beberapa penyebab telah memjadikan hanyakmmentah akan berubah-
ubah. Fluktuasi harga minyak mentah telah mempehgaelbagai sektor berkaitan
serta indeks pasaran saham. Oleh sebab itu, rarkefmda harga minyak mentah
adalah agak penting untuk mengelakkan harga masmmdimber alam yang tidak
diperbaharui daripada meningkatkan mendedak. D&ajpan ini, harga minyak
mentah harian WTI data yang diperolehi daripada rgne Information
Administration (EIA) dari 2 Januari 1986 sampai 3@ September 2009. Kami
menggunakan metodologi Box-Jenkins dan pendekatarer@lized Autoregressive
Conditional Heteroscedasticity (GARCH) dalam merisara harga minyak mentah.
Sebuah model Autoregressive Integrated Moving AyerdARIMA) ditetapkan
sebagai model patokan. Kami menemukan ARIMA(1,8d) GARCH(1,1) adalah
model yang sesuai di bawah pengenalan model, estipgrameter, diagnostik
pemeriksaan dan peramalan harga masa depan. Dalpam kni, analisis yang
dilakukan dengan bantuan perisian EViews di mantensd perisian ini akan
dieksplorasi dalam memprediksi harga minyak mentahian data siri masa.
Akhirnya, dengan menggunakan beberapa ukuran, pdirigan prestasi di antara
ARIMA(1,2,1) dan GARCH(1,1) model diuji. GARCH(1,litemui untuk menjadi
model yang lebih baik daripada model ARIMA(1,2,Mengikuti kajian ini, kami
membuat kesimpulan bahawa model ARIMA(1,2,1) balemnghasilkan perkiraan
yang tepat berdasarkan keterangan pola-pola datgemak harga minyak mentah.
Namun, GARCH(1,1) adalah model yang lebih baik kntarga minyak mentah
harian kerana kemampuannya untuk menangkap vtadatibblen pemalar bukan

varians bersyarat.
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CHAPTER 1

INTRODUCTION

11 Introduction

Crude oil or petroleum is a naturally occurring dladnmable liquid found in
rock formations in the earth. It has consistinga@omplex mixture of hydrocarbons

of various molecular weights plus other organic poonds.

The main characteristics of crude oil are generabgsifies according to its
sulphur content and its density which the petrolemmtustry measured by its
American Petroleum Institute (API) gravity. Obvibyscrude oil may be considered
light if it has low density with API gravity leshdn about 40. Typically, heavy crude
has high density with API gravity 20 or less. Ihet words, the higher the API
gravity, the lower in its density. Brent crudengportant benchmark crude which has
an API gravity of 38 to 39. Crude oil may be reéefto as sweet if it contains less
than 0.5% sulphur or sour if it contains substamtmounts of sulphur. Sweet crude
is preferable to sour one because it is more sudethe production of the most

valuable refined products.

Moreover, the geographical location of crude oddarction is another main
count. In the crude oil market, the two currenerehces or pricing markers are West
Texas Intermediate (WTI) and Europe Brent. The farm the base grade traded, as
‘light sweet crude’, on the New York Mercantile Brange (NYMEX) for delivery at
Cushing, Oklahoma. While the latter is traded omdan’s International Petroleum



Exchange (IPE) for delivery at Sullom Voe and isoabne of the grades acceptable
for delivery of the NYMEX contract (Lin and Tamvaki2001).

The price of a barrel of oil is highly dependentlmth its grade, determined
by factors such as its specific API gravity, sulplwontent and also location of
production. The vast majority of oil is not trade an exchange but on an over-the-
counter basis. Some other important benchmarksidecDubai, Tapis (Malaysia),
Minas (Indonesia) and Organization of the Petroldtxporting Countries (OPEC)
basket. The Energy Information Administration (El&¥es the imported refiner
acquisition cost where the weighted average coslladil imported into the United
State (US) known as "world oil price".

Look back into the past, the increasing oil pridess affected certain
benchmark indices widely followed and traded. Oa tther hand, the scientific
community is confused over the absolute quantadfesil reserves. In fact, crude oil
is a limited and non-renewable natural reserve. dimegoing demand of crude oil
and its refined products will consequently in ailpply scarcity. In the end, this
energy commodity is most likely to keep an upwaedd in the future if without any

alternative replacements for crude oil.

There are ample studies addressing the accuracgruafe oil volatility
modelling and forecasting. These include Autoregues Conditional
Heteroscedasticity, ARCH-type models (Fong and 2082; Giot and Laurent,
2003), Asymmetric threshold autoregressive (TARHeldGodbyet al, 2000), and
artificial based forecast methods (Fetral, 2008a), Interval Least Square (ILS) (Xu
et al, 2008), Support Vector Machine (SVM) (Xet al, 2006), Artificial Neural
Networks (ANN) (Kulkarni and Haidar, 2009), AdamivNetwork-based Fuzzy
Inference System (ANFIS) (Ghaffari and Zare, 206Rjzzy Neural Network (Lieet
al., 2007), Autoregressive Moving Average (ARMA) (Cdbeand Moya, 2003), and
etc. However, the complexity of the model spectima does not guarantee high

performance on out-performed out-of-sample forecast



One of the model that has gained enormous popglerimany areas and
forecasting research practice is Box-Jenkins methbds, the purpose of this study
is to forecast crude oil prices using Box-Jenkirethnd. However, despite the fact
that the Box-Jenkins method is powerful and flexjlt is not able to handle the
volatility that is present in the data series. Bmdie the volatility in the crude oil
data, the current study proposes the use of ther@kred ARCH (GARCH) model.
Using the forecasts obtained from the Box-Jenkirmdeh as a benchmark, the

forecasts obtained from the GARCH will be evaluated

1.2  Background of the Study

In statistics, a sequence of random variables tsrbgcedastic if the random
variables have different variances. The term médiifering variance" and comes
from the Greek "hetero" ('different’) and "skedagislispersion’). In contrast, a

sequence of random variables is called homoscedadthas constant variance.

In particular, we consider crude oil prices datdheteroscedastic time series
models where the conditional variance given ingast is no longer constant(Palma,
2007). In a financial analysis, forecast of futwelatility of a series under
consideration are often of interest to assessiskeassociated with certain assets. In
that case, variance forecasts are of direct intevésourse (Lutkepohl, 2005).

One of the most prominent stylized facts of retuwnscrude oil prices is that
their volatility changes over time. In particulperiods of large movements in crude
oil prices alternate with periods during which psgc hardly change. This

characteristic feature commonly is referred to @atiity clustering.

It was first observed by Nobel Prize winner, RobErigle (1982) that
although many financial time series, such as, stetlrns and exchange rates are
unpredictable, there is apparent clustering invir@bility or volatility. This is often

referred to as conditional heteroscedasticity sihseassumed that overall the series



is stationary but the conditional expected valuetltg variance may be time-
dependent.

Later, Bollerslev (1986) had modified Engle’s ARGhbdel into a more
generalized model called GARCH model with is a difigal model to ARCH model
but more powerful. Currently, this model has beadely used in many financial
time series data. The simple GARCH model is abldeiect the financial volatility

in a time trend.

1.3 Statement of the Problem

The price of the energy commodity is highly voktthroughout the time.
Since crude oil prices variability does affect otlsectors and stock market, the

prediction of future crude oil prices becomes alici

This study will explore the following question :

“Which method between the Box-Jenkins and GARCHaqpers better in forecasting

crude oil prices, which is of high volatility?”

1.4  Objectiveof the Study

The objectives of this study are as follows:

1.4.1 To estimate suitable Box-Jenkins and GARCHletsofor forecasting crude

oil prices.



1.4.2 To evaluate the performance of the GARCH Bod-Jenkins models in

forecasting crude oil prices.

1.4.3 To forecast using EViews software.

15  Scopeof the Study

This study focuses on the Box-Jenkins and GARClHdetsoto forecast crude
oil prices. Since the oil price volatility is theam concern, the study uses only daily
data. The data were obtained from EIA frofff 2anuary 1986 to 80September
20009.

1.6  Significance of the Study

Since crude oil market is highly volatile, the sstion of the time series
model must be able to detect its volatility. We évdw determine the precisely Box-
Jenkins and GARCH models when forecasting the Niojabf crude oil prices. The
process will be done with the aid of software. A®sult of this study, a model and

software that can be used to forecast volatile 8erées can be proposed.

1.7  Summary and Outline of the Study

This dissertation is organized int® chapters. Chapter 1 discusses the
research framework. It begins with the introductiorcrude oil and the background
of the study. The objectives, scope and the sigamite of this study are also

presented.



Chapter 2 reviews crude oil prices in forecastifgrst, crude oil prices will
be reviewed. Then, the volatility in crude oil m$c will be discussed. The
discussions start on the past researchers’ worBax-Jenkins methodology and
GARCH-type models are also presented. Finally, tmml heteroscedasticity are

explained.

Chapter 3 begins methodology. In this chapter amalyf data sets using the
Autoregressive Integrated Moving Average (ARIMA)da®ARCH models are

carried out.

In chapter 4, a detail present on the analysihefsame data sets using the
ARIMA and GARCH models. Also, comparison betweea ARIMA and GARCH

models are made.

Chapter 5 summarizes and concludes the whole saundy makes some

suggestions for future investigation.





