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ABSTRACT

THE 2018 FORECASTING OF OPEC OIL PRICE BY USING TIME SERIES
MODEL

Hawre Asaad OMARBL
M.Sc. Thesis., Statistics Science
Supervisor: Prof. Dr. Fevzi ERDOGAN
Oct 2017, 77 pages

This thesis aims to study and analyse the monthly data of OPEC crude oil prices
from January 2005 to February 2017 in order to find and apply a method that can forecast
oil prices for the following years. This is important because oil prices play a significant
role in the stationary power of money, which in turn affects the economic stabilities of
both the developed and growing countries. In this study ARIMA models were used to
forecasting the coming two years (the period from March 2017 till December 2018). The
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) residual
variances were used to select the appropriate ARIMA model for the dependent parameters
investigated, in comparison with the oil prices before subsequent forecasting. The thesis
attained that the monthly time series for the price is non-stationary and it has a trend,
which is mostly due to the global inflation of money that took place after January 2005.
Before any analysis was made, some modifications (differentiation) were applied to the
series to turn them into stationary time series, after which the most competent models for
the forecasting could be deduced. The thesis forecasted for the future monthly data for

money supply using the model ARIMA.

Keywords: Akaike information criterion (AIC), Augmented Dickey-Fuller Test,

Bayesian Information Criterion (BIC), Time series model ARIMA, Z-test, forecast point.






OZET

ZAMAN SERILERI MODELI KULLANARAK OPEC PETROL FiYATININ
2018 YILI TAHMINI

OMARBL, Hawre
Yiiksek Lisans Tezi, Istatistik Anabilim Dalt
Tez Damismant: Prof. Dr. Fevzi ERDOGAN
Ekim 2017, 77 sayfa

Tez, Ocak 2005°den Subat 2017°ye kadar OPEC Ulkesi i¢cin OPEC Ham Petrol
Fiyatinin aylik verilerinin dogrulugunu ¢aligmayi ve analiz etmeyi amac¢lamistir. Paranin
istikrarinda ve gelismis ve gelisen iilkelerin ekonomik istikrarinda en 6nemli role sahip
oldugu icin bu ¢aligma yapilmistir. Bu calismada dniimiizdeki iki yil1 tahmin etmek igin
ARIMA modelleri kullamilmistir (Mart 2017'den Aralik 2018'e kadar olan dénem).
Sonraki tahminden once petrol fiyatiyla karsilastirmali olarak arastirilan bagimli
parametreler icin ARIMA modellerinin segilmesi igin Akaike Bilgi kriteri (AIC) ve Bayes
Bilgi Kriteri (BIC) artik varyansi kullanilmistir. Tez, fiyat i¢in aylik zaman serilerinin
istikrarli olmadigr ve Ocak 2005’den sonra paranin enflasyonu sebebiyle bir trendi
oldugunu bulmustur ve serileri sabit zaman serilerine degistirmek gerekmistir, boylece,
gelecek donem tahmini icin en yetkin modelleri edinmistir. Tez ARIMA modelini

kullanarak para arz1 igin gelecek aylik verilerini tahmin etmistir.

Anahtar kelimeler: Akaike bilgi kriteri (AIC), Bayesian Bilgi Kriteri (BIC),
Genisletilmis Dickey-Fuller Test, Zaman serisi model ARIMA, Z-testi tahmin noktasi.
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SYMBOLS AND ABBREVIATIONS

Along with a description of some symbols and abbreviations used in this study

are presented below.

Symbols Description

N Number of original time series

p Rank order non-seasonal autoregressive model
P Rank order seasonal autoregressive model

?; None seasonal autoregressive model coefficient
D, Seasonal autoregressive model coefficient

0; None seasonal moving average model coefficient
0; Seasonal moving average model coefficient

d None seasonal difference degree

D Seasonal difference degree

t Time

a;b; Fourier series factor

S Length of the season

Q Rank of seasonal moving average model

q Rank of none seasonal moving average model
K Number of lags

Pk Time series auto-correlation

u Time series mean

o2 Time series variance
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SE

ACF

PACF

AR

MA
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ARIMA

DF

Auto-covariance time series at offset k
Time-series variation

Partial auto-correlation between series X and Y
Auto-covariance between series X and Y

Back shift operator

Variance of error

Differences factor

Original time series

Stationary time series

Description

Mean square error

Standard error

Auto correlation function

Partial auto correlation function

Auto regressive

Moving average

Auto regressive moving average

Auto regressive integrated moving average

Dickey-Fuller
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1. INTRODUCTION

Oil is the most important source of energy. According to 2013 British petroleum
statistical report, oil accounted for 33.1% of the world primary energy consumption in
2012. Even though there are many other sources of energy (natural gas and coal), oil’s
transportation cost is negligible with respect to its price. Therefore, it can be exported to
any desired destination and it has an international market.

The Organization of Petroleum Exporting Countries (OPEC) is the main source
of crude oil. About 72.6% of the world oil reserves are under OPEC ownership. OPEC
exercises enormous influence on the world prices of oil due to many factors, in particular
to its spare oil capacity of roughly 4 million barrels per day (in 2014, based on an assumed
85% utilisation rate). Additionally, according to the International Energy Agency (IEA),
non-OPEC countries had an excess demand of 35.5 million barrels per day in 2013. This
gap is satisfied with the oil supplied by the 12 members of OPEC. In 2013, the non-OPEC
share of global oil production was approximately 59.8% of the total world production of
oil. Due to the non-OPEC, excess demand-supply, it is a common belief that non-OPEC
producers behave as price takers and that OPEC may play a central role in the world oil
market by adjusting its production and setting the prices of oil.

Crude oil is a key commodity for the economy. The effect of increasing price and
its daily fluctuations affect not only the economies and financial markets but extend to
reach individuals as well. This is because an increase in oil prices has a direct effect on
petrol prices; in addition, it also affects the prices of other goods and services. Therefore,
forecasting crude oil is a very important task to reduce the impact of price fluctuations,
and help investors, hedgers, and individual to make informed decisions when dealing with
energy markets.

There are ample studies addressing the accuracy of crude oil volatility modelling
and forecasting. These include Autoregressive Conditional Heteroscedasticity, ARCH-
type models (Fong and See, 2002; Giot and Laurent, 2003), Asymmetric threshold
autoregressive (TAR) model (God by et al., 2000), and artificial based forecast methods
(Fan et al., 2008a), Interval Least Square (ILS) (Xu et al., 2008),






Support Vector Machine (SVM) (Xie et al., 2006), Artificial Neural Networks
(ANN) (Kulkarni and Haidar, 2009), Adaptive Network-based Fuzzy Inference System
(ANFIS) (Ghaffari and Zare, 2009), Fuzzy Neural Network (Liu et al., 2007),
Autoregressive Moving Average (ARMA) (Cabedo and Moya, 2003)...etc. However, the
complexity of the model specification does not guarantee high performance on out-
performed out-of-sample forecasts.

One of the models that have gained enormous popularity in many areas and
forecasting research practice is Box-Jenkins method. However, despite the fact that the
Box-Jenkins method is powerful and flexible, it is not able to handle the volatility that is
present in most data series. To handle the volatility in the crude oil data, this thesis utilizes
the forecasts obtained from the Box-Jenkins model by using AIC and BIC approaches to

select best model and forecasting.

1.1. Objective of the Study

The specific objective of this thesis are as follows: to identify patterns of oil price
from OPEC over the period of 2005 to 2017, then develop the suitable time series model

and use it to estimate next year’s forecast.






2. LITERATURE REVIEW

Interest on examination of time series was initiated by one of the French
athletes (Joseph Fourier, 1807) when he simplified the time series in the form of infinite
limits, total Pocket (Sine) and (Cosine); and this approach was named the Fourier Series

for his efforts.

Zt:ZaiCos%+ZbiSin% (1.1.1)
i=1 i=1

Where:
a;,b; : Fourier series factor
t: time

N: Number Views original time series

Stocks (1879), Schuster (1906) and Beveridge (1922) all applied Fourier string in
data analysis for time series to find sessions or hidden periods. Yule (1926) found out that
simplified string Fourier does not give a good prediction, and cannot be used to estimate
the hidden courses for the series because the length and size of the real series are not
consistent. He instead proposed the idea of “Autoregressive” approach. Walker (1931)

expanded the method of Yule where he found the regression model of none seasonal

degree (p).

Zy=01Ze 1+ 072 5+ +0pZp + & (1.1.2)
Where:

p: None seasonal autoregressive model rank.

@;(i = 1,2, ...,p): none Seasonal autoregressive model coefficient.

&:: Random errors.

Statsky (1937) added Moving Average none seasonal MA(q):

L, =¢-0¢,-0,6 ,—..— 0, (1.1.3)






Where:
g: rank of Non-Seasonal Moving Average model.

6.(i=12,...,q) : parameter of Non-Seasonal Moving Average model.

Wold (1954) innovated the idea of models (Autoregressive and moving average)
called “mixed models” symbolized with ARMA (p,q). Researcher Durbin’ study (1960)
on the regression model parameters showed a way that used least squares. Then, Walker
(1962) generalized findings of Durbin and mixed models of ARMA (p, q). The
researchers Box & Cox (1964) made a research on mathematical transfers to the non-
stationary time series around variance. The researchers Box & Jenkins conducted a study
of models of stationary and non-stationary time series between 1962 and 1967. The
researchers Box and Etal (1967) studied on Seasonal Multiplicative Model in the non-
stationary time series which consists of two parts: seasonal and non-seasonal part,
symbolized as ARIMA (p, d, q) (P, D, Q)°

Where:

p: rank of none seasonal autoregressive model.
g: rank of none seasonal moving average model.
d: none seasonal difference degree.

S: length of the season.

P: rank of the seasonal autoregressive model.

Q: rank of the seasonal moving average model.

D: seasonal difference degree.

Watts, Box & Jenkins (1970-1980) suggested suitable models with which to
analyze stationary and none stationary time series. The researchers Box & Jenkins (1989)
identified the steps for making for time series (ldentification, Estimation, Diagnostic,
Forecasting). McLeod (1977) made little modifications on the method of Box & Jenkins
in estimating the parameters of the models ARMA (p, q) and his results were found to be
closer to the maximum possible estimates. Dent & Swanson (1988) developed a method
suitable for forecasting in the field with rare information from ARMA (p, q) through

testing in the field of transportation. Later, Hasza (1980) studied the behaviour of



autocorrelation function model ARMA (p,q) and found a function that relies on these
models and offset intervals.

Wood Ward & Gray (1981) used partial autocorrelation function in determining

mixed models ARMA (p, q) as a generalisation of the findings of Box & Jenkins in their
study. Tiao & Hillmer (1980) suggested that the value of the time series for any time that
can be represented in two ways: first as the aggregate effects of seasonal outcomes,
general direction and randomness at the time of these outcomes, and the second method
as the product of these three results.
Many researchers used methods of time series analysis in different fields of applications
including: (Nizar Mustafa Al-Sarraf, 1981), (Saadoun al-Muhsin Muhammad, 1982),
(Iftikhar Hameed Al-nagash, 1982), (Sardar Tahir Ali, 1983), (Kanaan Abdul-Latif
Abdul-Razzaq, 1984) (Haitham Salim al-Zubaidi, 1985), (Abbas Fadel Abbas, 1985),
(Mohammed Habib Alsharot, 1986), (Nevzat Mohamed Ahmed, 1986), (Kameran Fadhil
Othman, 1987), (Karima Abdolkazem Khafaji, 1989), (Buthaina Abdagadir Abdulaziz,
1994,) (Nadia Omar Ahmed, 2000).



3. METHODOLOGY

1.2. Time Series

Time series is a set of observations generated sequentially in time. If the set is
continuous then the time series is continuous, if the set is discrete then the time series is
discrete. When the observations are completed at constant time interval and time is
considered at a discrete breakdown, then time series is considered a discrete time series.
Also, when observations are recorded with continuous intervals and time periods are

completed at fixed time intervals then time series is a continuous time series.

1.3. Applications

The usage of time series models is twofold:

e Obtain an understanding of the underlying forces and structure that produced the
observed data.

e Fit a model and proceed to forecast, monitoring or even feed-back and feed-

forward control.

1.4. Time Series Analysis Goals

e Describe
e Explain
e Forecast
e Control

e The development of a short-term time series (data generation).
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1.5. Time Series Analysis Usage

Time Series Analysis is used for many applications:
e Economic Forecasting
e Sales Forecasting
e Budgetary Analysis
e Stock Market Analysis
e Yield Projections
e Process and Quality Control
¢ Inventory Studies
e Workload Projections
e Utility Studies

e Census Analysis and, etc...

1.6. Methods used to model time series

The fitting of time series models can be an ambitious undertaking. There are many
methods of model fitting including the following:
e Box-Jenkins ARIMA models.
e Box-Jenkins Multivariate Models.
e Holt-Winters Exponential smoothing (single, double, triple).
The user’s application and preference will decide the selection of the appropriate

technique.

1.7. Model Building Strategy Box and Jenkins (1976)

There are three main steps in the process, each of which may be several times
e Model specification (or identification).
e Model fitting.

e Model diagnostics.
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1.7.1.1. Model specification (or identification)

The classes of time series models are selected that may be appropriate for a given
observed series. In this step, we look at the:
e Time plot of the series.
e Compute many different statistics from the data.
e Apply any knowledge of the subject matter in which the data arise, such as

biology, business, or ecology.

1.7.1.2. Model fitting

Model fitting consists of finding the best possible mates of those unknown
parameters within a given model. In this thesis, criteria such as AIC, BIC, least squares

and maximum likelihood for estimation were all utilized.

1.7.1.3. Model diagnostics

The model diagnostic is concerned with assessing the quality of the specified and
estimated model. How well does the model fit the data? Are the ones of the model
reasonably well satisfied? If no inadequacies are found, the modelling may be assumed
to be complete, and the model may be used, for example, to forecast future values.
Otherwise, another model needs to be chosen in the light of the inadequacies found; that

is, model specification step must be repeated.
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1.8. Objectives of Analysis

The aims of analysis the time series are to Describe, Understand Forecast and

Start with a time
series realization

> Identify time series model

!

Estimation of the model
parammeters

Control.

1.

Model diagnostic
checking:
Is the model
adequate?

1.9. Technigue of Analysis

The graphical plot is used to determine the most suitable specification plotting the
data over time and the auto-correlation function (ACF) and partial auto-correlation
Function (PACF) are then plotted.

If the time series plot is stationary in the mean, it can be assessed, as there is no
evidence of a change in the mean overtime. The time series plot is stationary in the
variance if the plotted series illustrates no change in the variance over time. If the time
series patterns are non-stationary, non-stationarity factors should be removed; this can be
done with the method called “differencing” or “differentiation”.

The “different” series are defined as the change between each observation in the
original series. Usually, the difference approach is used first anyway because it is very
important to removing non-stationary factors from sets.

Seasonality is defined as a pattern that repeats itself over fixed intervals of time.
If (AR) and (MA) models are used, the seasonal aspects of the data can be seen, and then
the ACF and PACF can be tested at the seasonal lags.
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1.10. Augmented Dickey-Fuller Test

In econometrics and statistics, an augmented Dickey—Fuller test (ADF) tests the
null hypothesis of a unit root is present in a time series sample and the alternative
hypothesis is different depending on which version of the test is used, but is usually
stationarity or trend-stationarity. It is an augmented version of the Dickey—Fuller test for
a larger and more complicated set of time series models. Augmented Dickey-Fuller t-
statistic uses to know time series data stationary or not; the result is a negative number,
the more negative it is, the stronger the rejection of the hypothesis that there is a unit root
at some level of confidence.

The unit root test is then carried out under the null hypothesis y = 0 against the
alternative hypothesis of y < 0. Once a value for the test statistic

A

=7
SE(¥)

Is computed it can be compared to the relevant critical value for the Dickey—Fuller

DF,

Test. If the test statistic is less (this test is non-symmetrical so we do not consider an
absolute value) than the (larger negative) critical value, then the null hypothesis of y =

0 is rejected and no unit root is present.

Hypotheses for the test

The null hypothesis(HO) for this test is that there is a unit root.

The alternate hypothesis(H1) differs slightly according to which equation you’re using.
The basic alternate is that the time series is stationary (or trend-stationary).

The more negative the DF test statistic, the stronger the evidence for rejecting the null
hypothesis of a unit root.
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1.11. Akaike Information Criterion (AIC)

Akaike information criterion (AIC) is a measure of the relative quality of
statistical models for a given set of data. Given a collection of models for the data, AIC
estimates the quality of each model, AIC will choose the best model from a set, it won’t
specify anything about absolute quality. In other words, if all of your models are poor, it
will choose the best of a bad bunch. Therefore, once the best model is selected, running a
hypothesis test to figure out the relationship between the variables in the model and the
outcome of interest should be considered. Hence, AIC provides a means for model
selection.

AIC is founded on information theory: it offers a relative estimate of the
information lost when a given model is used to represent the process that generates the
data. In doing so, it deals with the trade-off between the goodness of fit of the model and
the complexity of the model.

Suppose that we have a statistical model of some data. Let (L) be the maximum
value of the likelihood function for the model; let k be the number of estimated parameters

in the model. Then the AIC value of the model is the following.

AIC = 2k — 2In(L)

Where:

L: the maximized value of the likelihood function of the model M, i.e. L = p(x|8, M)
where 8 are the parameter values that maximize the likelihood function.

X = the observed data;

k = the number of free parameters to be estimated.

Given a set of candidate models for the data, the preferred model is the one with
the minimum AIC value. AIC rewards goodness of fit (as assessed by the likelihood
function), but it also includes a penalty that is an increasing function of the number of
estimated parameters. The penalty discourages overfitting because increasing the number
of parameters in the model almost always improves the calculated goodness of the fit.
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1.12. Bayesian Information Criterion (BIC)

Bayesian information criterion (BIC) is a criterion for model selection among a
finite set of models; the model with the lowest BIC is preferred. It is based, in part, on the
likelihood function and it is closely related to the Akaike information criterion (AIC).

When fitting models, it is possible to increase the likelihood by adding parameters,
but doing so may result in overfitting. Both BIC and AIC attempt to resolve this problem
by introducing a penalty term for the number of parameters in the model; the penalty term
is larger in BIC than in AIC.

BIC = In(n) k — 2In(L)

L = the maximized value of the likelihood function of the model M, i.e. L = p(x|0, M),
where @ are the parameter values that maximize the likelihood function;

x = the observed data;

n = the number of data points in x, the number of observations, or equivalently, the
sample size;

k = the number of free parameters to be estimated. If the model under consideration is a

linear regression, k is the number of regressors, including the intercept.

Properties

It is independent of the prior or the prior is a constant.

It can measure the efficiency of the parameterized model in terms of predicting the data.
It penalises the complexity of the model where complexity refers to the number of
parameters in the model.

It is closely related to other penalised likelihood criteria such as AIC.
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1.13. Stationary

The time series will be stationary if there is no change in mean, variance and auto-
correlation as time is changed.

There are two types of stationary series.

1.13.1. Strictly stationary

The series will be Strictly Stationary if the joint probably distribution of
(Z¢,)Z¢,, -, Zy,) i equal to the joint probability distribution (Z;, 4k, Z¢, 4k s Zt, k)
and the following conditions are met:

e Mean is constant every time:

E(Z)=mn (1.13.1)
e Variance is discrete every time:

E(Z, — p)? = o2 (1.13.2)
e Auto-covariance function does not depend on time:

E(Z,Z; 1) = Vi (1.13.3)

1.13.2. Weakly stationary

Time series are “Weak Stationaries” if just first two moments of it re time-

invariant.

1.14. None Stationary

If the properties of series change with time, they are called are non-stationary series;
and non-stationarity in the time series means organisational changes about the mean and
the variance with a change of time. In such a case non-stationarity factors should be
removed before time series analysis are conducted, because their presence will give

misleading results in forecasting. There are two types of non-stationary series:
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1.14.1. None stationary around the mean

Some time series fluctuate around a mean, these are called “series non-stationary
around mean”. This non-stationarity can be removed by calculating suitable differences.

The main method of taking differences are as follows:

1.14.2. Difference operator

In time series analysis, the first difference operator A is a special case of the lag
polynomial.
AZy =7y —Zy4
AZ, = (1 - B)Z,
Similarly, the second difference operator works as follows:
A(AZ) = AZy — AZ,_4
A%Z, = (1 — B)AZ,
A%Z, = (1 — B)?Z,
The above approach generalises to the i difference operator
A'Z, = (1 - B)'Z,
B: backshift operator.

1.14.3. None stationary around variance

If the variability increases over time that means there is a trend in this time series
and that it is non-stationary around variance. A time series with stationary around mean
but not around variance should be made stationary using a suitable transform. There may
be a time series that both in the mean and in the variance, is non-stationary in this case,
its variance should be made stationary first.

Generally, for variance transforming we use power transformation of Box-Cox:

D
2 X -1
F(xt) = xé ) = S 7
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x¢: Original series
F: Transformed series

A: Power transformation

1.15. Auto-Correlation

This is the correlation between the elements of a series and others from the same

series separated from them by a given interval.
_ E(Zt _lu)(zt—k - y)

2 2
\/GZI Gzt—k

Since stationary series:

Pk

o =o%  =E(Z,~uf
Then:

0, = E(Zt _:u)(zt—k _:u) _ Y
E(Zt _:U)Z 7o

Because a stationary time series variance is constant and equal to all the periods.

And the correlation properties:

Po =1
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1.16. Partial Auto-Correlation

Partial auto correlation is defined as the direct autocorrelation between and y, and
Y+ The function also calculates the degree of relation between y, and y,, since the
impact of alternative time lags on y is stable. Partial autocorrelation function shows the
partial correlation of a time series with its native lagged values which qualify for the
values of the time series at all shorter lags. That's correlation between two observations
under the hypothesis that we know and held into account the values of some other set of

variables. Suppose (rx: k = 1,2,3 ...) a set of partial autocorrelations at various lags y

given by:
oo Tk i1k —1
kk — = o s
LN ;(=11Tk_1,]r]
Where:

Tk,j = rk—l’j — T'kkrk_ljk_j, ] = 1,2,3, ,k -1

1.17. Time Series Models

1.17.1. Auto-regressive model AR(p)

The public version of the template is:

Zt = ¢1Zt—1 + Q)ZZt_Z + b + @pZt_p + gt (1171)

Where:

&~N(0,0,)

@1, D, ..., D, are parameters of AR(p), the equation (1.17.1) is called the regression
model and symbolises her code AR(p) model just may be written using the Back-Shift
Operator:

O(B)Z; = &

@(B) =1-0,B — 9,B% — - — @,B?

Where:

B: Backshift operator.
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In order to verify the condition permanently, the template must be the roots of the
characteristic equation (@(B) = 0 absolute value) is greater than one. To find auto-
correlation we take into consideration the equation (1.17.1) and batting (Z;_,) and taking
the expectation, we get:

E(ZZ.)=#E@Z Z_ )+ $EZ Z ) +..+$,E(Z_,Z ) +E(sZ.) (1.17.2)

Ve =OVatOlVio Tt PpVip (1.17.3)

And dividing the equation (1.17.3) on (y,) Get the auto-correlation function:

Pk =Pt DpPiat TPy (k 2 1) (1.17.4)

It is decreasing exponentially. While partial auto-correlation function equal to
zero after rank p They disrobed after a period (p).
If (k =1,2,...,p) and we substitute equation No. (1.17.1) get p of equations:

PL=¢ + D0 +"'+¢pppfl

P2 =P+ @0, +...+ ¢ppp72

pp = ¢1pp—1 +¢2pp—2 ++¢p
Which can estimate values ( p,, p,...., o, Equation solution above).

The regression model could be non-seasonal and seasonal time series. The
formula is that rebooting fixed intervals if there is a template called Seasonal Auto-
Regressive Model, and denoted as AR (P)° and worded as follows:

L, =D 2, +D,Z, 5 +...+DZ, o+ (1.17.5)
Where:

P: The rank of seasonal auto-regression model.

@, : Seasonal Autoregressive model coefficient.

S: The length of the season.

The template can be written by a ricochet back:

D(B)°Z, = ¢,

And auto-correlation for this model is:

Dys = D" k=12,.. (1.17.6)
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1.17.2. Moving-average model MA(Q)

The public version of the template is:

L= —0¢&,-0,6,—.—0&, (1.17.7)
Where:

6,,0,,...,6, are parameters of MA(q), the equation (1.17.7) is called moving average
model and symbolise MA (q) and can write the template using the backshift operator:
Z, =0(B)s,

6(B)=1-60,B—0,B> —...— 6,B°

q

Where the variation form is:
yo=Var(Z,)=Q1+6+6; +..+6;)o:
And that auto-correlation function template is:

-0, +016’k+;+‘9229k+2+"'2+9q‘k0q vk=12,..,q
D, = 1467 +0; +...+ 0, (1.17.8)
. vk >q+1

Watch that auto-correlation function equal to zero after class g it cuts out after
the period (q). While partial auto-correlation function decreasing exponentially when it's

seasonal, it is called Seasonal Moving-Average model and denoted MA (Q)®:
Li=6 -0 50,86 55 —...— ®Q5t-Qs 1.17.9)
Where:

S: The length of the season

Q: Rank of seasonal moving average model

®i . Seasonal moving average coefficient

The template can be written by a backshift operator:

Z, =0(B)¢,

®(B)=1-0,B° -0,B* —...-©,B*°
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1.17.3. Mixed (Auto-Regressive Moving-Average) model ARMA(p,q)

Many time series cannot be represented as a model to be only moving-average or
only auto-regression, because these chains often contain characteristics of both of the
models and therefore cannot be represented in a standard model. However, there is one
model that gives these specifications, called the mixed model (autoregressive
movingaverage) and abbreviated to ARMA(p,q); where (p) is regression rank (q)
represents moving average rank while (p,q) represent the rank. General formula hybrid

template is as follows:

=gl +¢L ,+. 4 ¢pzt—p té -0 -0y ..~ qut—q (1.17.10)

And abbreviated by a retracement back to:
#(B)Z, =0(B)¢,
This auto-correlation function and form are:

Pi = PPy + T DOy (1.17.12)

It is decreasing. The partial autocorrelation function behaviour the same.

Autoregressive integrated moving average (ARIMA) model is a generalization of
an autoregressive moving average (ARMA) model. Both of these models are fitted to time
series data either to better understand the data or to predict future points in the series
(forecasting). ARIMA models are applied in some cases where data show evidence of
non-stationarity, where an initial differencing step (integrated) can be applied one or more

times to eliminate the non-stationarity.






4. APPLY PART

4.1. Data

In this study we analysed 12 years of crude oil price from Jan 2005 until Feb 2017
and concluded that oil price has a 12 months’ seasonal cycle.
Lowest during Nov — Feb, highest during Jun — Sep.
Major uptrend during 2007 - 2008 and downtrend since 2014.
Data Source: opec.org
Time Frame: January 2005 ~ Apr 2017.

Table 4.1 Descriptive Summary of OPEC data

Maximum value 131.22
Minimum value 26.5
1st Quartile 52.78
Median 72.59
Mean 76.18

3rd Quartile 104.91
Standard Division 26.42

The oil prices from 2005 to 2017 based on the OPEC crude oil price data is
presented in Table 4.1 above. The crude oil price differs, starting $26.5 to $131.22 for a
barrel. This reveals that the price of crude oil possibly will go through enormous changes
from period to period. The table also shows the mean value ($76.18) and the S.D ($26.42)

of the crude oil price data.


https://www.eia.gov/forecasts/steo/realprices/real_prices.xlsx
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Figure 4.1. Price vs Time.

Figure 4.1 illustrates the graph of crude oil price against the time and how crude
oil price gradually increased from 2005 until 2008, and from 2010 until 2014.

Furthermore, the price saw major changes from time to time.
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Figure 4.2 Sample ACF of opec price.
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Figure 4.3. Sample PACF of OPEC price.

The easy way to realise the series are not stationary is by figure 4.2 and figure 4.3;
these show that many ACF and PACF lags are significant, which means the series are not

stationary.

4.2. Test for Stationary

The data stationarity must be confirmed for the application of the time series
models (especially ARIMA model). As long as the price variation has not changed
significantly (excluding the 2008 and 2014 values), the assumption of constant variance
may be normal. However, it is incontestable that oil price data has a trend, so the data will
probably not be stationary right away to achieve model of time series. Hence, the
differences in the model should be modeled, rather than the actual values. In case if the
differences are still not stationary, more differencing should be applied.

In the thesis, the first differencing on the data was performed, and the resultant
series were tested using Augmented Dickey-Fuller Test. The approach is demonstrated in

the following steps:
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(ADF) Augmented Dickey Fuller Test

Lag order =0,

DF =-1.533,

P-value = 0.7709

The alternative hypothesis is Stationary

P-value greater than alpha=0.05, that means time series is not stationary.

Non-seasonal difference and seasonal difference were used to find a number of
seasonal and non-seasonal differences to obtain the stationarity of time series. The result
needed to get the time series stationary to get first difference is displayed below:

(ADF) Augmented Dickey Fuller Test for first difference of OPIC price
Lag order =0,
DF =-7.2492,
P-value = 0.01
The alternative hypothesis is Stationary
A p-value less than alpha=0.05 was found, which means that the time series was
now stationary. In other words, the result shows that the time series need to the first

differenced to get the stationary time series, and only for once.

o
—

Price

-10

T T T T T T
2006 2008 2010 2012 2014 2016

Time

'Figure 4.4. Difference time series plot of monthly OPEC price.

Figure 4.4 shows that after a first difference of the time series of OPEC prices, the
time series plot has some variation but no trends can be seen. Meanwhile, the time series

appear to be stationary.
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Figure 4.6. PACF of OPEC price.

The Figure 4.5 shows that the sample ACF is tailed off, but Figure 4.6 shows that
the sample PACF value is only significant at lag 1, and it is clear that an ARIMA (1,1,0)

model is suitable as a first consideration.



31

4.3. Modeling

A forward stepping calculation of each model with BIC and AIC values was

completed to assist in evaluating and choosing the best and most precise model of

parameters that fits the data. A basic model was assumed for the data. The next step was
to use this model to verify the BIC and AIC output of the ARIMA model, and choose the

best model which yielded the minimum BIC and AIC values.

Table 4.2 ARIMA parameters with BIC and AIC

Models AR D MA BIC AIC
1 0 1 1 932.060 926.107
2 0 1 2 925.127 918.196
3 0 1 3 929.997 918.090
4 0 1 4 934.631 919.748
5 1 1 0 922.968 917.015
6 1 1 1 927.810 918.880
7 1 1 2 929.944 918.037
8 1 1 3 934.909 920.026
9 2 1 0 927.715 918.784
10 2 1 1 931.419 919.512
11 2 1 2 934.838 919.955
12 2 1 3 939.799 921.939
13 3 1 0 928.889 918.982
14 3 1 1 932.152 917.268
15 3 1 2 936.696 918.836
16 1 0 0 969.951 961.000
17 2 0 2 943.908 926.006
18 1 2 0 948.950 943.010
19 1 2 1 926.348 917.439
20 2 2 0 953.228 944.318
21 2 2 1 931.002 919.123
22 3 2 0 953.551 941.672
23 3 2 1 932.488 917.639
24 4 2 0 956.399 941.550
25 4 2 1 937.259 919.440

According to Table 4.2, the lowest AIC and BIC value is on row 5 with AIC

(917.015), BIC (922.9684) and parameter ARIMA (1,1,0).
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Figure 4.7. Residuals from ARIMA (1,1,0) model.

According to the residual plots, the first check of diagnostic was to review the
residual plots over time. If the achieved model is adequate, it should give a plot suggests
a rectangular scatter around the zero-horizontal level without any trends at all.

Figure 4.7 shows such a plot of standardized residues from the AR(1) model close-
fitting to time series for OPEC prices. Standardization allows us to see residuals of rare
sizes easily. This plot supports the model, as no trends exist.
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Figure 4.8. ACF of residual from ARIMA (1,1,0).
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Figure 4.9. PACF of Residuals from the ARIMA (1,1,0) model.

Figure 4.8 and Figure 4.9 show the ACF and PACF residuals. Horizontal lines are
based on intermittent plotting at large error + standard delay. There is no indication of

auto-correlation in the residuals of this model.
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Figure 4.10. ARIMA (1,1,0) Residuals.

Figure 4.10 shows the residual histogram. Note that the overall shape is convex,
but definitely not perfect. Quantitative quantification plot should give more details as to
why. Quantile-quantile plots are an effective tool for assessing the normal states in such

cases.
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Figure 4.11. Residuals from the ARIMA (1,1,0) model normal Q-Q Plot.

Q-Q plot of residues from AR (1,1,0) model estimated for industrial color chain
is given in figure 4.11 and the plot seems to follow a well enough straight line, especially

in the extreme values.

Coefficients:

ARIMA Model Estimate SE Z-value P value

AR 1 0.4603 0.073203 6.288 3.22E-10
Significant Codes: 0 “***’0.001 “***0.01 “** 0.05 *.> 0.1 “* 1

Diagnostic Z-test was used to find out that the model is adequate.
The model is adequate because P-value is less than alpha=0.05, which means that the

model can be used for forecasting.
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Figure 4.13. Boxplot of Price vs Month.
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4.4. Forecasting

In this step, a forecast for 2 years (from Mar 2017 until Dec 2018), using the model
derived, is presented. The forecast result below shows price within a year.
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Figure 4.14. Forecasts from ARIMA (1,1,0).
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Table 4.3 Forecast results Feb 2017 - Sep 2018 with drift

Date Point Forecast Lower Higher
Mar-17 53.89474 50.08245 57.70702
Apr-17 54.13627 47.38899 60.88355
May-17 54.24745 44.96501 63.52989
Jun-17 54.29862 42.82344 65.77381
Jul-17 54.32218 40.92313 67.72123
Aug-17 54.33302 39.21729 69.44875
Sep-17 54.33801 37.66634 71.00969
Oct-17 54.34031 36.2395 72.44111
Nov-17 54.34137 34.9135 73.76923
Dec-17 54.34185 33.67075 75.01296
Jan-18 54.34208 32.49785 76.18631
Feb-18 54.34218 31.38447 77.29989
Mar-18 54.34223 30.32249 78.36197
Apr-18 54.34225 29.30545 79.37905
May-18 54.34226 28.32812 80.3564
Jun-18 54.34226 27.38618 81.29835
Jul-18 54.34227 26.47606 82.20848
Aug-18 54.34227 25.59473 83.0898
Sep-18 54.34227 24.73963 83.94491
Oct-18 54.34227 23.90855 84.77599
Nov-18 54.34227 23.09956 85.58497
Dec-18 54.34227 22.311 86.37353







5. CONCLUSION

The main objective of this thesis study was to find the expected price of oil for the
year 2018 using a derived method based on the prices of previous years.

The sample ACF and PACF values were calculated from the original price series
using the R-program model, and relevant graphs were drawn for each of them. These
models were then used to find out the most suitable model for the forecast.

To achieve stationarity, the series were transformed by a difference of one. The
plot of the difference series indicated that the series were evenly distributed around the
mean. After the distribution (ACF and PACF) of the differentiated series, the ARIMA
model was determined to be the most appropriate one for the forecast, in the form of
ARIMA (1, 1, 0). The parameters of the supplied model were also estimated. The model
was then subjected to a statistical diagnostic test using the ADF statistic test. The analysis
proved that the model was statistically significant, adequate and accurate. The derived
model was then used to predict OPEC oil price values for the following years.
Expectations of the model are towards a good preservation of original data trends which
do not increase or decrease significantly.

However, the price is forecasted to be higher by the ARIMA (1, 1, 0) model with
the constant, compared to the previous model. The difference between the average prices
suggested by the models was as high as $54 for 2018.

It has been forecasted that the prices do not increase and decrease year over year.
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APPENDIX 1.

R Codes

library(tseries)

OPEC<-read.csv("Opec2005-2017.csv",sep=",")

opec.k<-ts(OPEC$price, start=c(2005,1),frequency = 12)

# plots of time series, ACVF, ACF & PACF for original data
ts.plot(opec.k,ylab="Price",main="Fig.1 Monthly Opec Price")
Month=c("J","F","M","A","M","J","J","A","S","0","N","D")
points(window(opec.k,start=c(2005,1)),pch=Month)
acf(OPEC$price,main=expression(Fig.2~~Sample~~ACF~~of~~opec~~price))
pacf(OPECS$price,main=expression(Fig.3~~Sample~~PACF~~of~~opec~~price))
#Fig.1 shows that the time series is not stationary because there are trend but there are
not seasonal.

#The Fig.2 also shows that the time series is not stationary because a lot of lags are
significant.

#But Fig.3 showa that there are only two lags are significant, we will consider
specifying AR(2).

# ststionary test

adf.test(opec.k,k=0)

# p.value=0.7709 greater than alpha=0.05, that means the time series is not stationary.
# ndiffs() and nsdiffs() in R were used to find number of difference and seasonal
non.seaso.<-ndiffs(opec.k)

seaso.<-nsdiffs(opec.k,frequency(opec.k))

rbind(""number of difference"=non.seaso.,"number of seasonal difference"=seaso.)

# the result shows that the time series need to once difference to get stationary.

# one difference was used to get stationary

opec.diff<-diff(opec.k)

adf.test(opec.diff, alternative="stationary", k=0)

# p.value=0.01 less than alpha=0.05, that means the time series is stationary.
ts.plot(opec.diff,ylab="Price",main="Fig.4 Difference time series plot of Monthly Opec
Price")

opec.diff<-diff(OPEC$price)

acf(opec.diff, main=expression(Fig.5~~Sample~~ACF~~of~~opec~~price))
pacf(opec.diff, main=expression(Fig.6~~Sample~~PACF~~of~~opec~~price))

#after one difference the time series is stationary because there are trend and no
seasonal, it is showed in Fig.4.

#The Fig.5 shows that the sample ACF is tails off,but Fig.6 shows that the sample
PACF value only at lag 1 is significant, we see clearly an ARIMA(Z,1,0) model worthly
is first consideration.

#Plots of the Residuals

#Our first diagnostic check is to inspect a plot of the residuals over time. If the model is
#adequate, we expect the plot to suggest a rectangular scatter around a zero horizontal
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#level with no trends whatsoever.

library(TSA)

opec.model=Arima(opec.k,order=¢(1,1,0))
plot(window(rstandard(opec.model)),ylab="Standardized Residuals,
type='0',main=expression(Fig.7~~Residuals~~from~~the~~ARIMA(list(1,1,0))~~Mode
)

abline(h=0)

#Fig.7 shows such a plot for the standardized residuals from the AR(1) model

#fitted to the opec price time series. Standardization allows us to see residuals of
#unusual size much more easily. The parameters were estimated using maximum
likelihood.

#This plot supports the model, as no trends are present.

Ht
acf(window(rstandard(opec.model)),lag.max=36,main=expression(Fig.8~~ACF~~of~~
Residuals~~from~~the~~ARIMA(list(1,1,0))~~Model))
pacf(window(rstandard(opec.model)),lag.max=36,main=expression(Fig.9~~PACF~~of
~~Residuals~~from~~the~~ARIMA(list(1,1,0))~~Model))

#Graph of the sample ACF & PACF of these residuals are shown in Fig.8 & Fig.9 The
dashed

#horizontal lines plotted are based on the large lag standard error of +. There are no
#evidence of autocorrelation in the residuals of this model.
hist(window(rstandard(opec.model)),xlab="Standardized Residuals',
main=expression(Fig.10~~Residuals~~from~~the~~ARIMA(list(0,1,1))~~Model))
#we investigate the question of normality of the error terms via the residuals.

#Fig.10 displays the histogram of the residuals. The shape is somewhat

#“bell-shaped” but certainly not ideal. Perhaps a quantile-quantile plot will tell us more.
ggnorm(window(rstandard(opec.model)),main=expression(Normal~~Q-Q~~Plot))
title(main=expression(Fig.11~~Residuals~~from~~the~~ARIMA(list(1,1,0))~~Model),
line=3)

gqgline(window(rstandard(opec.model)))

#quantile-quantile plots are an effective tool for assessing normality.Here we apply
them to residuals.

#A quantile-quantile plot of the residuals from the AR(1) model estimated for the
#industrial color property series is shown in Fig.11 The points seem to follow the
#straight line fairly closely—especially the extreme values. This graph would not lead
us

#to reject normality of the error terms in this model.

# Select best model

# auto.arima() was used to choose a best model

auto.arima(opec.k)

# the result shows that ARIMA(1,1,0) is the best model according AICc AIC and BIC.
# Here AIC & BIC for 24 models were used for unsure the ARIMA(1,1,0) model is the
best model

param.iter<- c(0,1,1)

param.iter<-rbind(param.iter, c¢(0,1,2))

param.iter<-rbind(param.iter, ¢(0,1,3))

param.iter<-rbind(param.iter, c(0,1,4))

param.iter<-rbind(param.iter, ¢(1,1,0))
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param.iter<-rbind(param.iter, c(1,1,1))
param.iter<-rbind(param.iter, c¢(1,1,2))
param.iter<-rbind(param.iter, c¢(1,1,3))
param.iter<-rbind(param.iter, ¢(2,1,0))
param.iter<-rbind(param.iter, ¢(2,1,1))
param.iter<-rbind(param.iter, ¢(2,1,2))
param.iter<-rbind(param.iter, ¢(2,1,3))
param.iter<-rbind(param.iter, c¢(3,1,0))
param.iter<-rbind(param.iter, ¢(3,1,1))
param.iter<-rbind(param.iter, ¢(3,1,2))
param.iter<-rbind(param.iter, c(1,0,0))
param.iter<-rbind(param.iter, ¢(2,0,2))
param.iter<-rbind(param.iter, c(1,2,0))
param.iter<-rbind(param.iter, c(1,2,1))
param.iter<-rbind(param.iter, c(2,2,0))
param.iter<-rbind(param.iter, ¢(2,2,1))
param.iter<-rbind(param.iter, c(3,2,0))
param.iter<-rbind(param.iter, ¢(3,2,1))
param.iter<-rbind(param.iter, c(4,2,0))
param.iter<-rbind(param.iter, c(4,2,1))
colnames(param.iter)<-c("AR", "d", "MA")
arimaBIC<-function(ts, params=param.iter){
aic<-apply(params,1,function(p) {
mo.param<-p[1:3]
Arima(ts, mo.param)$aic
b
bic<-apply(params,1,function(p) {
mo.param<-p[1:3]
Arima(ts, mo.param)$hic
by
result<-cbind(params, bic,aic)
colnames(result)<-c(colnames(params), "BIC","AIC")
rownames(result)<-1:nrow(result)
result
}
I<-opec.k
result<-arimaBIC(l)
result
h<-((result[,4]+result[,5])/2)
minBIC<-which(h==min(h))
list("Minimum value of AIC and BIC"=minBIC)
# the result shows that ARIMA(1,1,0) is the best model according AIC and BIC.
kth <- stl(opec.k, s.window="period")
plot(kth, main="Fig.12 STL plot of oil price™)
boxplot(opec.k~cycle(opec.k),main="Fig.13 Boxplot of Price vs Month",ylab="Price",
year.labels = TRUE,year.labels.left = TRUE,
labelgap = 0.4, pch = 16, lwd = 1)
opec.model=arima(opec.k,order= resultfminBIC, 1:3])
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#Plots of the Residuals already was used but here Diagnostic test was used to know the
model is adequate or no.

#Fig.14

tsdiag(opec.model, gof.lag=20)

# Fig.14 shows three of our diagnostic tools in one display—a sequence plot of

#the standardized residuals, the sample ACF of the residuals, and p-values for the
#Ljung-Box test statistic for a whole range of values of K from 5 to 20. The horizontal
#dashed line at 5% helps judge the size of the p-values. All p-values greater than
alopha=0.05,

#that meaning the residuals follow white noise process. In this instance, everything
looks

#very good. The estimated ARIMA(1,1,0) model seems to be capturing the dependence
structure

#of the opec price time series quite well.

library(Imtest)

coeftest(opec.model)

# Diagnostic Test

# Z-test was used to know the model is adequate.

#the model is adequate because P-value are less than alpha=0.05, as Fig.13 showed the
model is adequte.

#Now the model can be use for forecasting.

library(forecast)

opec.model=Arima(opec.k,order= resultfminBIC, 1:3])
FORECAST.RESULT<-forecast(opec.model,h=24,level=50)

par(mfrow=c(1,1))

plot(FORECAST.RESULT,PI=TRUE,shaded=FALSE,pi.col=2, main = " Fig.15
Forecasts by using ARIMA(1,1,0)")

FORECAST.RESULT



APPENDIX 2. GENISLETILMIS TURKCE OZET (EXTENDED TURKISH
ABSTRACT)

ZAMAN SERILERI MODELiI KULLANARAK OPEC PETROL FiYATININ
2018 YILI TAHMINI

OMARBL, Hawre
Yiiksek Lisans Tezi, Istatistik Anabilim Dali
Tez Danismani: Prof. Dr. Fevzi ERDOGAN
Ekim 2017, 77 sayfa

Tez, Ocak 2005°den Subat 2017°ye kadar OPEC Ulkesi i¢in OPEC Ham Petrol
Fiyatinin aylik verilerinin dogrulugunu ¢alismay1 ve analiz etmeyi amaglamistir. Paranin
istikrarinda ve gelismis ve gelisen iilkelerin ekonomik istikrarinda en 6énemli role sahip
oldugu icin bu caligma yapilmistir. Bu ¢calismada dniimiizdeki iki yil1 tahmin etmek i¢in
ARIMA modelleri kullanilmistir (Mart 2017'den Aralik 2018'e kadar olan ddnem).
Sonraki tahminden Once petrol fiyatiyla karsilastirmali olarak arastirilan bagimli
parametreler icin ARIMA modellerinin secilmesi icin Akaike Bilgi kriteri (AIC) ve Bayes
Bilgi Kriteri (BIC) artik varyansi kullanmilmistir. Tez, fiyat i¢in aylik zaman serilerinin
istikrarli olmadigr ve Ocak 2005’den sonra paranin enflasyonu sebebiyle bir trendi
oldugunu bulmustur ve serileri sabit zaman serilerine degistirmek gerekmistir, boylece,
gelecek donem tahmini i¢in en yetkin modelleri edinmistir. Tez ARIMA modelini

kullanarak para arzi1 i¢in gelecek aylik verilerini tahmin etmistir.

Anahtar kelimeler: Akaike bilgi kriteri (AIC), Bayesian Bilgi Kiriteri (BIC),
Genisletilmis Dickey-Fuller Test, Zaman serisi model ARIMA, Z-testi tahmin noktasi.



1. GIRIS

Petrol en 6nemli enerji kaynagidir. 2013 BP istatistik Raporuna gore, petrol 2012
yilinda diinya ana enerji tiiketiminin %33.1’ini teskil etmistir. Diger enerji kaynaklarina
ragmen (dogal gaz ve kOmiir), maliyetine gore tasima maliyeti ihmal edilebilir
seviyededir. Bu nedenle, istenen her yere taginabilir ve uluslar aras1 bir piyasasi vardir.
Petrol Ihra¢ Eden Ulkeler Orgiitii (OPEC) ana ham petrol kaynagidir. Diinya petrol
rezervlerinin yaklasik %72.6’s1 OPEC kontroliindedir. OPEC, varsayilan %85 kullanim
oranina dayali olarak 2014’de kabaca 4 milyon varil giinliik kapasitesi basta olmak iizere
bir¢ok faktdr sebebiyle diinya petrol fiyatlari lizeinde biiyiik bir etkiye sahiptir. 1 Ayrica,
Uluslar aras1 Enerji Kurulu (IEA)’ya gore, OPEC dist tilkeler 2013°de giinliik 35.5 milyon
varil talep ettiler. Bu agik 12 OPEC iiyesi tarafindan saglanan petrolle kapatilmistir.
OPEC dist iilkelerin global petrol iiretim pay1 toplam diinya petrol {iretiminin %59.8’idir.
OPEC dis1 asir1 talep sebebiyle, yaygimlikla, OPEC dreticilerinin fiyat belirleyicileri
olarak hareket ettigi ve OPEC’in petroliin iiretim miktar1 ve fiyatlarin1 ayarlayarak diinya
petrol piyasasinda merkezi bir rol oynayabilecegine inanilmaktadir. Ham petrol ekonomi
icin kilit emtiadir. Artan fiyatin ve giinliik dalgalanmalarinin etkisi sadece ekonomileri
ve finansal piyasalar1 etkilemez ayni1 zamanda kisileri de etkiler. Ciinkii petrol
fiyatlarindaki bir artis benzin fiyatlarinda direkt etki yapacaktir; ayrica, diger mal ve
hizmetlerin fiyati1 da bundan etkilenecektir. Bu nedenle, ham petroliin tahmini fiyat
dalgalanmalarinin etkisini azaltmak ve yatirnmcilar, risk dengeleyicileri ve enerji
piyasalarinda islem yaparken bilingli islem yapan kisilere yardim etmek i¢in ¢ok

onemlidir.



2. LITERATUR INCELEMESI

Zaman serilerini sonlu limitler toplam Cep (Sine) be (Cosine) formuna
basitlestirdiginde Fransiz atletlerinin biri tarafindan zaman serilerini incelenmesi ( Joseph

Fourier, 1807) dikkat ¢ekmis ve bu caligmalarina (Fourier Dizisi) demistir.

7 =Y aCos 2% 4 Y hsin 2t
b E N i3 N

Burada:
ai, bi: Fourier serisi faktor.
t: zaman.

N: orijinal zaman serilerinin Izlenme Sayisi.

Her ikisi de (Stocks, 1879; Schuster, 1906 & Beveridge, 1922) seans ve gizli sireleri
bulmak i¢in zaman serisi i¢in veri analizinde Fourier dizisini benimsemistir. Put, Fourier
dizisini basitlestirmenin (Yule, 1926) iyi bir tahmin vermedigini ve gercek serilerin
uzunluk ve biiytikliigi tutarli olmadigindan gizli siireleri tahmin i¢in kullanilamayacagini
buldu. Put (Yule, 1927), (otoregresyon) dordiincii dereceye kadar zamanli ders
otoregresyon fikrini buldu. (Walker, 1931) genisletme metodunda (Yule), mevsimsel

olmayan dereceden regresyon modelini (p) biliyordu.

o=l +P L, +...+ ¢pzt—p + & (4.4.1)

Burada:
p: Mevsimsel olmayan otoregresyon model siralamasi.

¢ (1=12,..., p): yok Mevsimsel otoregresyon model katsayisi

&, . Rastgele hatalar.



3. UYGULAMA BOLUMU

3.1. Veriler

Ham petrol fiyatlarin1 Ocak 2005 yilindan Subat 2017’ye kadar analiz ettik ve petrol
fiyatinin 12 aylik mevsimsel dongiisii olduguna karar verdik.

Kasim-Subat arasinda en diisiik, Haziran-Eyliil arasinda en yiiksek

2007-2008 6nemli yukari trend ve 2014’den beri asag1 trend

Veri kaynagi: opec.org

Zaman gergevesi: Ocak 2005 - Subat 2017

OPEC verileri 6zeti
Maksimum deger: 131.22
Minimum deger: 26.5
1’inci Ceyrek: 52.78
Medyan: 72.59
Ortalama: 76.18

3’lincii ¢eyrek: 104.91
Standart Bolum: 26.42

Ozet tablosunda gosterildigi sekilde, 2005 ila 2017 arasi fiyatlar OPEC ham petrol
fiyatlarina dayalidir. Ham petrol fiyati varil bagina $26.5 ve $131.22 arasinda oynamustir.
Bu ham petrol fiyatinin donemden doneme anormal sekilde degisecegini gostermistir.
Tablo ayrica, ham petrol verilerinin ortalama ($76.18) ve Standart Boliim ($26.42) ‘ye

sahip oldugunu gostermektedir



3.2. Tahmin

Tiirettigimiz modeli kullanarak 2017 Mart ayindan 2018 Aralik ayina kadar tahmin

veriyoruz. Tahmin yil i¢i fiyatlarini veriyor.
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4. SONUC

Bu c¢aligmanin ana hedefi 2018 yil1 i¢in beklenen petrol fiyatin1 bulmaktir.
R-programi1 modelini kullanarak orijinal serilerden bir 6rmmek ACF be PACF
hesaplanmistir be grafikleri ¢izilmistir. Bu modeller, uygun modeli tespit etmek igin
kullanilmustir. Istikrar1 saglamak igin seriler bir farkla doniistiiriilmiistiir. Fark serilerinin
¢izimi serinin ortalama etrafinda esit olarak dagildigini géstermistir. Fark sersisinin (ACF
ve PACF) dagitilmasindan sonra, ARIMA modeli AREVIA (1,1,0) tespit edilmistir.
Verilen modelin parametreleri tahmin edilmistir. Daha sonra model, ADF test
istatistiklerini kullanarak bir istatistik teste tabi tutulmustur. Analiz, modelin kayda deger
sekilde farkly, yeterli ve yetkin oldugunu kanitlamistir. Verilen model, OPEC petrol fiyati
degerlerini tahmin i¢in kullanilmistir. Beklentiler onemli sekilde artmayan yad a
azalmayan orijinal verileri iyi temsil etmektedir.

Asgari BIC be AIC sebebiyle ARIMA modeli AREVIA (1,1,0) uygulanmistir. Son
olarak, fiyat tahmini sonraki 22 ay icin yapilmustir.

Ancak fiyat AREVIA (1, 1, 0) modele gore dnceki modele kiyasli bir sabitle daha yiiksek
olarak tahmin edilmistir. Boylece 2018 igin ortalama fiyat olarak $54 tahmin edilmistir.

Fiyatlarin y1ldan yila artip azalmadigi tahmin edilmistir.
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