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Abstract

Time series modeling and forecasting has fundamental importance to various
practical domains. Thus a lot of active research works is going on in this subject during
several years. Many important models have been proposed in literature for improving the
accuracy and efficiency of time series modeling and forecasting.
The aim of this thesis is to present a concise description of some popular time
series forecasting models used in practice, with their salient features. In this thesis, we
have described two important approaches of time series models, ARIMA and SVM based
models, together with their inherent forecasting strengths and weaknesses. We have also
discussed the basic issues related to time series modeling, such as stationarity, parsimony,
overfitting, etc. Our discussion about different time series models is supported by giving
the experimental forecast results, performed on PALTEL`S stock market price dataset. To
evaluate forecast accuracy as well as to compare among different models fitted to a time
series, we have used performance measures, to compare the different models. For
PALTEL`S stock market price dataset, we have shown the obtained forecast diagram
which graphically depicts the closeness between the original and forecasted observations.
To have authenticity as well as clarity in our discussion about time series modeling and
forecasting, we have taken the help of various published research works from reputed
journals and some standard books.
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ملخص

ححليل السالسل الضهٌيت لَ دّس هِن ّأساسي في هجاالث عذيذة ،سيوا هجاالث الخٌبؤاث
الوسخقبليت ّ خاصت في الوجاالث االقخصاديتٌُ ّ ،اك العذيذ هي الذساساث الخي حٌاّلج دساست
السالسل الضهٌيت ّ حطبيقاث عليِا.
حِذف ُزٍ األطشّحت إلٔ حقذين ّصف لبعض ًوارج الخٌبؤ في السالسل الضهٌيت هع دساست
الخصائص الباسصة لِزٍ السالسلّ ،لقذ حوج الوقاسًت بيي هٌِجيخيي هِوخيي في ححليل السالسل الضهٌيت
ُوا هٌِجيت بْمس ّجيٌنيٌض ّهٌِجيت أخشٓ ظِش لِا اسخخذاهاث في ححليل السالسل الضهٌيت ُّي
هٌِجيت شعاع الذعن اآللي (ّ ،)SVMحن دساست القْة الناهٌت للخٌبؤ ّالضعف لألسلْبييّ ،حن أيضا
هٌاقشت القضايا األساسيت الوخصلت بالسالسل الضهٌيت هثل السنْى ّالخشابظ الزاحي ّها إلٔ رللّ ،حن
اسخخذام في ُزٍ الوقاسًت في الجضء العولي الٌوزجت ّالخٌبؤ بأسعاس أسِن ششمت االحصاالث الفلسطيٌيت
بالخل ،لخحذيذ هذٓ جْدة ّ أفضليت مل هي الوٌِجيخيي ّ ،اسخخذهج الوقاييس ّ االخخباساث هثل
( ّ )Lujng-Box, Mean Square Error and Theil‟s U-statisticsهقاييس أخشٓ حن رمشُا
في الجضء العولي لخحذيذ الٌوْرج األفضل لوٌِجيت بْمس ّجيٌنيٌضّ ،الٌوْرج األفضل لوٌِجيت شعاع
الذعن اآللي ّ هي ثن الوقاسًت بيي الٌوْرجيي ّ ححذيذ األفضل بيٌِوا.
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Chapter 1
General Frame
1 – 1 Introduction:
Forecasting future observations based on time series data, received great
attention in many fields. Several techniques have been developed to address this issue
to predict future behavior of a particular phenomenon. Forecasting economic
processes are usually difficult to be performed in a timely manner. Analysis of time
series is a study of ordered sequence of observations taken at equally spaced
intervals. The stock market prices' data is undoubtedly considered the largest and most
important of all financial data. The stock market exchange process is a complex,
nonlinear, and a dynamic system of which its time series, represented by the exchange
rates, are inherently noisy, non-stationary, non-linear, and of an unstructured nature.
(Taylor, 1992; Yaser & Atiya, 1996). These characteristics, combined with the
immense trading volume and the many correlated influencing factors of economic,
political, and psychological nature, has made exchange rate forecasting one of the
most difficult and demanding applications of financial forecasting techniques (Beran
& Ocker, 1999; Fernandez-Rodriguez et al, 1999).
Time series analysis can be done using two main approaches: Box- Jenkins
Methodology (1976) which contains autoregressive integrated and moving average
models (ARIMA). The main characteristic of these models is that they are
multiplicative models, meaning that observed data are assumed to result from the
products of factors involving differential or difference equation operators responding
to a white noise input. Other methods use additive models or structural models. In
those methods, it is assumed that the observations include sum of components, each of
which deals with a specified time series structure. None of them have inferential tools
such as the Box–Jenkins model, for example model selection, parameter estimation
and model validation. ARIMA model can therefore be considered as a benchmark
model in evaluating the performance of new method.
Support Vector Machine (SVM) is one of the new methods in modeling that
has good performance in classification and regression analysis. A few papers have
1

tried to use it for time series, see Okasha (2014), and Murkharejee (1997). They have
considered dynamic models e.g., the Mackey class equation was used to show the
efficiency of SVM. Support Vector Machines are a relatively new learning method
used for classification problems. The basic idea is to find a hyper plane which
separates the d-dimensional data perfectly into its two classes. However, since data is
often not linearly separable, SVM's introduce the notion of a kernel induced feature
space" which casts the data into a higher dimensional space where the data is
separable.

Typically,

casting

into

such

a

space

would

cause

problems

computationally, and with over fitting. The key insight used in SVM's is that the
higher-dimensional space doesn't need to be dealt with directly (as it turns out, only
the formula for the dot-product in that space is needed), which eliminates the above
concerns. Furthermore, the VC-dimension (a measure of a system's likelihood to
perform well on unseen data) of SVM's can be explicitly calculated, unlike other
learning methods like neural networks, for which there is no measure. Overall, SVM's
are intuitive, theoretically well- founded, and have shown to be practically successful.
SVM's have also been extended to solve regression tasks (where the system is trained
to output a numerical value, rather than , yes/no" classification).
In this study, we will compare the Box-Jenkins methodology with the support
vector machine to determine which one give a better forecasting .

1 – 2 Study Problem:
Many researches were conducted using Box-Jenkins methodology for
forecasting, while many other methodologies may give more accurate results such as
Support Vector Machine (SVM). The main question of the study in this thesis is to
compare the ability of Support Vector Machines methodology to give a better
forecasts with Box-Jenkins methodology for the PALTEL`S stock market price.

1 – 3 Objectives of the Study:
This study target to realize the following :
1 - Analyze the data using the Box-Jenkins methodology in time series.
2- Discuss the Support Vector Machine methodology in time series .

2

3- Compare the results of the Support Vector Machine methodology with those of the
Box-Jenkins methodology to determine the best for forecasting .
4- Build and discuss the best model for forecasting the PALTEL`S stock market prices.

1-4 Study Importance :
This study deals with an important subject since it considers a new methodology
(Support Vector Machine) for forecasting in time series and judging the accuracy of
the results. Moreover, Support Vector Machine is very important methodology for
forecasting Economic Data because of it doesn‟t put strong conditions on data, it can
explain changes on data by wording the convex objective function and Lngrang
multipliers, This can control decision function.

1 – 5 The Data:
The main variable in the data is a time series of the PALTEL`S stock market
price. PALTEL`S stock market prices are weekly observations taken in the period
1997-2014 ). This time series is a combination of some possible components
Trend : This may be loosely defined as "long – term change in the mean level"
(Chatfield, 1995).
Seasonal Effect : Many time series, such as sales figures and temperature readings,
exhibit variation which is annual in period. For example, unemployment is typically
„high‟ in winter but lower in summer. this yearly variation is easy to understand, and
we shall see that it can be measured explicitly and/or removed from the data to give
deseasonalized data (Chatfield, 1995).
Cyclic Changes: Apart from seasonal effects, some time series exhibit variation at a
fixed period due to some other physical cause. An example of that is the daily
variation in temperature. In addition, some time series exhibit oscillations which do
not have a fixed period but which are predictable to some extent (Chatfield, 1995).
Other Irregular Fluctuations : After removing trend and cyclic variations from a set
of data, we are left with a series of residuals, which may or may not be „random‟. We
shall examine various techniques for analyzing series of this type to see if some of the
apparently irregular variation may be explained in terms of probability models, such

3

as moving average or autoregressive models which we can see if any cyclic variation
is still left in the residuals (Chatfield, 1995).

1 – 6 Methodology Of The Study :
The research of this thesis is applied research and will be built on impericak
results. The main research problem of this thesis is to conduct a comparison between
support vector machines (SVM's) and Box-Jenkins methodologies to determine which
one gives the forecasting. Thus, the methodology of the study will be discussing both
methodologies then applying them on a real data set and conduct a comparison
between the results of the forecasting from both methodologies.

1 – 7 Literature Review :
Tay & Cao (2002), conducted a study focused on the modified version of
support vector machines, called C-ascending support vector machine, to model nonstationary financial time series. The C-ascending support vector machines are obtained
by a simple modification of the regularized risk function in support vector machines,
whereby the recent ε-insensitive errors are penalized more heavily than the distant εinsensitive errors. This procedure is based on the prior knowledge that in the nonstationary financial time series the dependency between input variables and output
variable gradually changes over the time, specifically, the recent past data could
provide more important information than the distant past data. In the experiment, Cascending support vector machines are tested using three real futures collected from
the Chicago Mercantile Market. It is shown that the C-ascending support vector
machines with the actually ordered sample data consistently forecast better than the
standard support vector machines, with the worst performance when the reversely
ordered sample data are used. Furthermore, the C-ascending support vector machines
use fewer support vectors than those of the standard support vector machines,
resulting in a sparser representation of solution.
Huang, et al. (2004) found that SVM is a very specific type of learning
algorithms characterized by the capacity control of the decision function, the use of
the kernel functions and the sparsity of the solution. In this paper, the authors
investigated the predictability of financial movement direction with SVM by
forecasting the weekly movement direction of NIKKEI 225 index. To evaluate the
4

forecasting ability of SVM, they compared its performance with those of Linear
Discriminant Analysis, Quadratic Discriminant Analysis and Elman Back propagation
Neural Networks. The experiment results showed that SVM outperforms the other
classification methods. The paper proposed a combining model by integrating SVM
with the other classification methods. The combining model performs best among all
the forecasting methods.
Pai, et al. (2010) claimed that SVR model is a novel forecasting approach and
has been successfully used to solve time series problems. However, the applications
of SVR models in a seasonal time series forecasting has not been widely investigated.
This study aims at developing a seasonal support vector regression (SSVR) model to
forecast seasonal time series data. Seasonal factors and trends are utilized in the
SSVR model to perform forecasts. Furthermore, hybrid genetic algorithms and tabu
search (GA/TS) algorithms are applied in order to select three parameters of SSVR
models. In this study, two other forecasting models, autoregressive integrated moving
average (SARIMA) and SVR are employed for forecasting the same data sets.
Empirical results indicated that SSVR outperforms both SVR and SARIMA models in
terms of forecasting accuracy. Thus, they concluded that SSVR model is an effective
method for seasonal time series forecasting.
Ismail, et al. (2011) used a hybrid model of self-organizing maps (SOM) and
least square support vector machine (LSSVM) for time-series forecasting. The
authors introduced local grey support vector regression SVM (LG-SVR) for financial
time series forecasting. Grey relational grade is regarded as weighting function with
LG-SVR. leave-one-out errors and pattern search method are adopted for model
selection. Experiments demonstrate that LG-SVR can speed up computing speed and
improve prediction accuracy.
Jiang and He (2012) introduced a local grey SVR (LG-SVR) for financial time
series forecasting. Grey relational grade is regarded as weighting function with LGSVR. Leave-one-out errors and pattern search method are adopted for model
selection. Experiments demonstrated that LG-SVR can speed up computing speed and
improve prediction accuracy.

5

Okasha (2014) made a study in forecasting financial time series, such as stock
price indices, is a complex process. This is because financial time series are usually
quite noisy and involve ambiguous seasonal effects due to holidays, weekends,
irregular closure periods of the stock market, changes in interest rates, and
announcements of macroeconomic and political events. Support vector machines
(SVM) and Artificial neural networks (ANN) have been used in a variety of
applications, mainly in classification, regression, and forecasting problems. In the
SVM method for both regression and classification, data is mapped to a higherdimensional space and separated using a maximum-margin hyperplane. This paper
investigated the application of SVM in financial forecasting. The autoregressive
integrated moving average (ARIMA), ANN, and SVM models were fitted to Al-Quds
Index of the Palestinian Stock Exchange Market time series data and two-month
future points were forecast. The results of applying SVM methods and the accuracy of
forecasting were assessed and compared to those of the ARIMA and ANN methods
through the minimum root-mean-square error of the natural logarithms of the data.
We concluded that the results from SVM provide a more accurate model and a more
efficient forecasting technique for such financial data than both the ANN and ARIMA
models.

1-8 Outline Of The Thesis:
In the present chapter of this thesis we gave an overview of the subject and
research issue and literature review. In the next chapter we provide an introduction
about time series, theory and application of Box-Jenkins methodology. In chapter (3)
we introduce the support vector machine, theory of support vector machine and its
application, and conduct a comparison between support vector machine and Box–
Jenkins methodology. In chapter (4) we analyze the data using both methodologies
and compare the results. Finally, we give recommendation and conclusion in chapter
(5).
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Chapter 2
Box-Jenkins Approach to Time Series Forecasting
2.1 : Introduction :
The theory and practice of time-series analysis and forecasting has been
developed rapidly over the last few decades. One of the well-known short-term
forecasting methods is often referred to as univariate Box-Jenkins analysis, or
ARIMA analysis. In terms of short-term forecasting, univariate time series models
frequently outperform sophisticated structural models (Harvey and Todd 1983).
Several years ago researchers introduced this method for model building and
forecasting.
The ARIMA model deals with a univariate time series data as a combination
of autoregression (AR) and moving average (MA) models. The process of AR
depends on a weighted sum of its past values and a random disturbance terms while
the process of MA model depends on a weighted sum of current and lagged random
disturbances. If a time series is not stationary, it can be differenced (integrated) once
or more to become stationary. Therefore, the stationary process of ARIMA model is a
combination of both lagged from past values and random disturbances, as well as a
current disturbance term (Pindyck and Rubinfeld 1998).
The purpose of this chapter is to present the concepts of univariate BoxJenkins/ARIMA analysis in a manner that is friendly to understand by the reader
lacking a sophisticated background in mathematical statistics.

2.2 Theoretical Aspects For ARIMA Models:
An autoregressive integrated moving average (ARIMA) model consists of
three parts. An autoregressive component (AR) indicating the number of lags of the
dependent variable that is to be included, a component indicating the order of
integration (I) and a moving average (MA) component that captures the effect of
lagged values of the error term. On other hand the ARIMA model is one of the most
popular experts among forecasters (Crawford & Fratantoni, 2003; Dhrymes &
Peristiani, 1988; Hein & Spudeck, 1988).
7

It was the early work of that lay the foundation for the development of AR and
MA models. Box and Jenkins (1976) integrated the earlier work in this field and
developed a three-stage approach for identifying, estimating and verifying ARIMA
models. The Box-Jenkins method, as it has come to be known, is still widely used
today. The AR process is by itself a widely used model among forecasters (Bjørnland
et al., 2012; Marcellino et al., 2006; Sklarz et al., 1987). It is most common that the
pure AR process is included in the literature in a benchmark capacity. That is, if a
simple AR model best forecasts a series then there is no point in investing resources
in more complex models. The first order autoregressive process, AR(1), is simply the
linear relationship between a dependent variable and its own lag. The AR(1) can be
expressed as

where

is an observed time series,

is the intercept and

are error terms which we

assume to be independent and identically distributed with expectation zero and
variance

. We can then write

. In (2.1) a constant term

though this is not always the case. The model parameters,

is included,
, need to be

estimated. There are several estimation procedures to choose from such as method of
moments, ordinary least square (OLS) and maximum likelihood estimation (MLE).
More generally, a pth order autoregressive process AR(p) is given by

where

is the lag order and

.

Similarly, a first order moving average process, MA(1), can be expressed as:

where
And

are the error terms.
more

generally,

a

qth

order

moving

where q is the lag order of the error term.
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average

process,

MA(q)

is

By combining the AR(p) and MA(q) models one can express an ARMA(p,q)
model as:

By following the notation in Hyndman et al. (2008), another way of expressing the
ARMA model is:

where L is the backshift/lag operator,

is the intercept and

and

are

polynomials of order p and q respectively.
To clarify, the lag operator means that

. Before moving from the

ARMA to the ARIMA model, we need to introduce an important concept for any time
series analysis, namely stationarity.
It is common to distinguish between two types of stationarity in time series
analysis. First, a series is said to be difference (or weakly) stationary if it has a
constant mean and variance, and the covariance between two values in the series
depends only on the time separating them, and not on the time they are observed.
Normally when we talk about stationarity, we mean difference stationary. Second, a
series is said to be trend stationary if it becomes stationary after subtracting the
deterministic (constant and trend) components (Hill et al., 2008). The label
deterministic is used so to distinguish between a constant (deterministic) trend and
stochastic trends. An alternative to de-trending the series, is keeping both the constant
and trend in the model. Using the AR(1) to illustrate, we can express the process with
a constant and a deterministic trend as :

where t is time and the coefficient of the trend term.

2.3 Box-Jenkins Approach For Building ARIMA Models:
Autoregressive integrated moving average model was introduced by (Box, G.
E. P., Jenkins, G. M., 1976). ARIMA is one of the most well-known time series
models and it is found on two concepts associated with time series. These two are
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stationarity and Wold‟s Decomposition Theorem. These models are mathematical
models and used for short term forecast of ‟well behaved‟ data and find the best fit of
time series in order to get a forecast. The Box-Jenkins approach uses an iterative
model-building strategy that consist of four stages in general. In the first stage we
identify the model or we find the order of the model that we are using and in the
second step, estimation of the model coefficients is done. Then model checking and at
the end forecast is obtained with that model (Vandaele, 1983).
In this part we state some practical steps for building proper ARIMA models
with relative ease. This part is intended to be a compact and convenient summary
from easy reference to make us familiar with the essential concepts underlying
ARIMA models.
Forecasts from an ARIMA model are only as good as the accuracy of the data
and the judgment of the analyst. All data should be checked for accuracy before any
analysis is performed.

2.3.1 : Ideal Number Of Cases (Observations) :
We should have a minimum of about 50 observations to build an ARIMA
model (Sharawee, 2005). This usually allows sufficient degrees of freedom for
adequate identification and estimation even if one loses observations due to
differencing. When seasonal variation is present, it is desirable to have more than 50
observations.

2.3.2 : Plot Of The Original Realizations :
An important preliminary step is visual inspection using a plot of the original
realizations. Inspection of the data is most important in deciding if the variance of the
realizations is stationary.

2.3.3 : Testing The Stationarity For The Time Series :
The Box-Jenkins methodology requires that the time series under analysis be
“stationary” in both mean and variance. For a formal definition of stationarity, the
reader is referred to Jenkins & Box (1976). A major problem in practice is
distinguishing between a long-memory (stationary) process and non-stationary
11

process. A feature of both models is that the empirical autocorrelation function will
die out slowly and the spectrum will be large at zero frequency. Given a set of data
with these properties, that appears non-stationary, or at least nearly non-stationary,
then it may be worth considering a fractional ARIMA model, with

, as well

as an ordinary ARIMA model with d=1, where d is order of diffirence. The problem
then is how to estimate d. This is not easy though some progress has been made. One
basic question which is often asked is whether d is exactly equal to one, meaning that
a unit root is present. There is a large and growing literature in econometrics (e.g.
Dejong & whiteman, 1993) on testing for a unit root. There are several types of test
designed for different alternative hypotheses, one being the so-called augmented
Dickey-Fuller test.
The testing procedure for the augmented Dickey-Fuller test, (ADF) test is the
same as for the Dickey–Fuller test but it is applied to the model:

where

is a constant,

is the coefficient on a time trend and

autoregressive process. Imposing the constraints

is the lag order of the

and

corresponds to

modeling a random walk with a drift. Consequently, there are three main versions of
the test, analogous to the ones discussed on augmented Dickey-Fuller test (e.g.
Dejong & Whiteman, 1993) .
By including lags of the order

the ADF formulation allows for higher-order

autoregressive processes. This means that the lag length

has to be determined when

applying the test. One possible approach is to test down from high orders and examine
the t-values on coefficients. An alternative approach is to examine information criteria
such as the Akaike information criterion, Bayesian information criterion or the
Hannan–Quinn information criterion.
The unit root test is then carried out to test the null hypothesis
the alternative hypothesis of

against

. Once a value for the test statistic

̂
̂

is computed it can be compared to the relevant critical value for the Dickey–Fuller
Test. If the test statistic is less (this test is nonsymmetrical so we do not consider an
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absolute value) than the (larger negative) critical value, then the null hypothesis of
is rejected and no unit root is present.

2.3.4 : Transformation :
The difference transformation of a time series is the most common one for
data in economics and business. This transformation is appropriate when the standard
deviation of a time series is proportional to the mean.

2.3.5 : Identification And Estimation Of The Initial Model :
Box-Jenkins forecasting models essentially involve examining the patterns of
the ACF and PACF. The estimated ACF and PACF are used as a guide in choosing
one or more ARIMA models that might fit the available data. These tools are
considered important in the identification stage since they evaluate the statistical
relationship between observations in a univariate time series.
An important guide to the properties of a time series is provided by a series of
quantities called sample autocorrelation coefficients, which measure the correlation
between observations at different distances apart. These coefficients often provide
insight into the probability model which generated the data. Given N observations
, on a discrete time series we can form N-1 pairs of observations, namely
. Regarding the first observation in each pair as one
variable, and the second observation as a second variable the correlation coefficient
between

and
∑

√∑

̅

(
(

̅

̅

)(

) ∑

(

∑

where ̅
̅

is given by

∑

)
̅

)

is the mean of the first
is the mean of the last

observations, and

observations (Chatfield, 1995).

As the coefficient given by equation (2.10) measures correlation between
successive observations it is called an autocorrelation coefficient. Equation (2.10) is
rather complicated, and so, as ̅
∑
̅
∑

̅

, it is approximated by

̅
̅

⁄
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∑

Where ̅

is the overall mean. Some authors also drop the factor

, which

is close to one for large N , to give the even simpler formula
∑

̅

̅

∑

̅

In a similar way we can find the correlation between observations as a distance
k apart, which is given by
∑
̅
∑

̅
̅

This is called the autocorrelation coefficient at lag k.
In practice the autocorrelation coefficients are usually calculated by computing
the series of autocovariance coefficients, { }, which we define by analogy with the
usual covariance formula as
∑
̅

̅

This is the autocovariance coefficient at lag k.
We then compute

for k=1,2,………..,m, where m<N. There is often little point in calculating

for

values of k greater than about N/4.
Note that some authors prefer to use

∑

̅

̅

rather than equation 2.14 (Chatfield, 1995).
The number of useful estimated autocorrelations is about n/4, that is, about
one-fourth of the number of observations.
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The plot of the ACF is a useful method in identifying the trend of a time
series. For instance, a time series is considered non-stationary if an ACF plot of the
time series decays extremely slowly; however, an ACF graph cuts off fairly quickly,
the time series should be identified stationary.
Table 2.1 Characteristics Of The ACF & PACF For AR & MA Processes
Process

ACF

PACF

AR(p)

Tails off as exponential decay or
damped sine wave-Decays
toward zero

Cuts off after lag p – Cuts off to
zero (lag length last spike equals
AR order of process)

MA(q)

Cuts off after lag q – Cuts off
to zero (lag length of last spike
equals MA order of process)

Tails off as exponential decay
or damped sine wave

ARMA(p,q)

Tails off after lag (q,p) – Tails
off toward zero

Tails off after lag (p,q) –
Tails off toward zero

Source: Excerpt from Pankratz, 1983 p.55.
Table 2.2 Detailed Characteristics Of Five Common Stationary Processes
Process

ACF

PACF

AR(1)

Exponential decay:

Spike at lag 1, then cuts off to

(i) on the positive side of

.

(ii) alternating in sign starting on
the negative sign

zero;
(i) spike is positive if
(ii) spike is negative if

;
.

.

AR(2)

A mixture of exponential
Spike at lags 1 and 2, then
decays or a damped sine wave. cuts off to zero.
The exact pattern depends on
the signs and sizes of
&
.

MA(1)

Spike at lag 1, then cuts off to
zero:

MA(2)

(i) spike is positive if

;

(ii)spike is negative if

.

Spike at lags 1 and 2, then cuts
off to zero.
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Damps out exponentially:
(i)alternating in sign, starting
on the positive side, if
;
(ii) on the negative side, if
.
A mixture of exponential
decays or a damped sine
wave. The exact pattern
depends on the signs and sizes
of and .

Exponential decay from lag 1:
(i) sign of = sign of
;
(ii) all one sign of
;

ARMA(p,q)

(iii)alternating in sign if
.

Exponential decay from lag 1:
(i
;
(ii) all one sign if

;

(iii) alternating in sign if
.

Source: Excerpt from Pankratz, 1983 p.55.
Assuming that the time series is stationary, the next step is to establish an
appropriate lag length structure in ARIMA model by following the guidelines in
Table 2.1 and 2.2. First, let us consider an AR model which expresses the current time
series values ( ), as a function of past time series values

,

.

The AR model can be written as:

where

is a dependent variable at time t and

,

,…, and

represents the

independent variables at time lags t-1, t-2, ….., and t-p, respectively. Hence,
,...,

are the unknown parameters which relates to

,

.

The number of lags for moving average (MA) terms is determined by
following the guidelines in tables 2.1 and 2.2. Generally, moving average terms take
into account the impact of the current random shock
…., and
The

where

and past random stock of

.

-order moving average model, MA(q), can be written as,

is a dependent variable at time t and

,

…., and

represent

the errors at time t, and errors in the previous time periods that correspond to t-1, t-2,
….., and t-q, respectively. Hence,
to

,

, ….., and

,

, ….,

are unknown parameter which relates

, respectively.

Theoretical ACF‟s with both AR and MA characteristics are implemented in
mixed ARIMA process, which can be determined by once again following the
guidelines in Tables 2.1 and 2.2. Having theoretically defined the proper lag length

15

for AR and MA, now it is time to combine both models into a single ARIMA model
of order (p,d,q) which can be written as :

2.3.6 : Inspection Of The Time Series:
Inspection of the time series may also help you form an initial impression
about the presence of a seasonal pattern. There may be obvious seasonal variation
mild seasonality, or perhaps no seasonal pattern will be apparent. The final decision
about including seasonal elements in a model must rest on autocorrelation analysis
and estimation-stage results, but preliminary inspection of the data can be a helpful
supplement.

2.3.7 : Identification Of The Best Model :
It is the most important step to modeling ARIMA model in time series. There
are many tests to identify the order of the time series model and the best model :
2.3.10.1 : The Extended Autocorrelation Function: This function helps to identify the
order of best ARIMA model. (Tsay and Tiao, 1984) .
2.3.10.2 : Akaikes-Information Criterio (AIC):
Akaike( 1973 and 1974) suggests the test as follow :

where (k) is the number of parameters in the model,

is the variance and

is the

number of cases . The best model that has smaller (AIC) because of the number of
parameters is the smallest (Tsay and Tiao, 1984).

2.3.8 : Diagnostic Checking :
Having identified an ARIMA model and having satisfactorily estimated its
parameters, a model is examined for improvement. If there is evidence of
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autocorrelation or statistical insignificance, one needs to go back to the identification
stage and modify the model.
There are a number of diagnostic tools available for ensuring that an ARIMA
model is statistically adequate. A first check is to simply plot the autocorrelation of
the residuals of the fitted model. The residuals of an estimated ARIMA model should
resemble a white noise process if the model is correctly specified; a plot of
autocorrelation should immediately die out from one lag on. In that case, any
significant autocorrelations may results in model specification.
Secondly, a statistically acceptable model has random shocks,

, that are

statistically independent. The residual autocorrelations
supposed to be uncorrelated and normally distributed as

are
. The chosen

models will be assessed for autocorrelation in the residuals. Generally, it is testing the
null hypothesis, there is no residual autocorrelation, against the alternative hypothesis
where there is at least one nonzero autocorrelation.

To ensure these interests, one can adopt a diagnostic chi-square test, known as
the Ljung –Box test, on the autocorrelations of the residuals in order to check for
adequacy in the model. The Ljung-Box statistic is,

∑

̂

Where n is the number of observation used to fit the model and l is the number
of autocorrelations included in the test. Also,
autocorrelation. The
Thus, if

̂

is the squared sample

statistic approximately follows the chi-squared distribution.

is large, and statistically significant from zero, reject the null hypothesis;

hence, it indicates that the residuals of the estimated model are autocorrelated.
Third, one must test if the standardized residuals are normally distributed,
based on the third and fourth moments, by measuring the difference of the skewness
and the kurtosis of the series with those from the normal distribution. Skewness is a
measure of symmetry of the histogram. The skewness of a symmetrical distribution
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such as the normal distribution is zero. The kurtosis is a measure of the thickness of
the tails of the distribution. The kurtosis of a normal distribution is 3. If the
distribution has thicker tail than does the normal distribution, its kurtosis will exceed
three. One common test for normality is the Jarque-Bera (JB) test. Under the null
hypothesis of normality, the Jarque-Bera is distributed chi-square with 2 degrees of
freedom.

If JB is large, it rejects the null hypothesis, which indicates that residuals are
non-normally distributed. Thus, a statistically acceptable model is adequate when its
residuals are distributed as white noise, not autocorrelated, and normally distributed.
If a model is not statistically acceptable because its random shocks are not
statistically significant or the residuals are non-normally distributed, one must
reformulate the model by returning to an identification stage and repeat the process
until an acceptable or best model is found.

2.3.9: Forecasting :
Forecasting the future values of an observed time series is an important
problem in many areas, e. g. economics, production planning, sales forecasting and
stock control (Chatfield, Chapman and Hall, 1995).
Let t be the current time period. When forecasting we are interested in future
values of a time series variable which is
forecast origin, and

, where

. The period t is called the

is called the forecast lead time. In ARIMA analysis, forecasts

depend on the available observations on variable z up through period t. Let the
information contained in the set of available observations
designated , then the forecast of
expectation of

. That is, ̂

, designated ̂

be

, is conditional mathematical

is mathematical expectation of

given

:

̂
As an illustration, consider an ARIMA(l,0,1) model. We develop the general
algebraic form for the first several forecasts from this model. Then we show that the
ARIMA( 1,0,1) model is:
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̃
or

Now let

. By altering time subscripts appropriately, we use (2.24) to write an

expression for

:

Applying (2.22) to (2.25), we find that the forecast of

is :

̂
Since
example

is unknown at time t, we assign its expected value of zero. In this

and

together constitute

. That is,

information about past z‟s needed to forecast

and

are all the relevant

. (Remember that MA terms are

parsimonious algebraic substitutes for AR terms; thus (

, represents a set of past

z‟s.) (Chris Chatfield ,1995).
Continuing the preceding example with
expression for
forecast ̂

, we use (2.24) to write an

. Then the conditional expected value of that expression is the

:

̂
Since
expectation ̂

is unknown at origin t, it must be replaced by its conditional
from (2.26). Likewise,

is unknown at origin t and is replaced

by its expected value of zero. With these two substitutions, (2.27) becomes
̂

̂

Proceeding as above, we find that each subsequent forecast for this
ARIMA(l,0,1) is based on the preceding forecast value of z. That is, ̂
̂

, ̂
̂

depends on ̂

, and so on:
̂
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depends on

In the equations above, forecasts for

are called “bootstrap” forecasts

because they are based on forecast z‟s rather than observed z‟s (Chris Chatfield
,1995). Forecasts from other ARIMA models are found in essentially the same
manner as above. In practice,
Likewise, the

and

is unknown and is replaced by its estimate ̂ .

coefficients are replaced by their estimates, ̂ and ̂.

As shown above, past z observations are employed when available. They are
available up to time t, the forecast origin; thereafter, they must be replaced by their
forecast counterparts (their conditional expected values). Past

, values are replaced

by their corresponding estimates, the estimation residuals ̂ , when these residuals are
available(Chris Chatfield ,1995). But when the time subscript on a random shock
exceeds the forecast origin t, that shock is replaced by its expected value of zero. This
is what happened as we moved from (2.27) to (2.28) in the case of the ARIMA(
1,0,1): there is no estimation for the residual ̂

, available when we forecast from

origin , so we substitute them by zeroes.

2.4: Summary:
In this chapter we discuss an important methodology in time series prediction it is
Box-Jenkins methodology, we have the theoretical part for it, and the steps for
approaches ARIMA model witch is important for stock market prediction. We have
the steps to build the best ARIMA model, we have The ACF, PACF, Extended
Autocorrelation Functions, Akaikes-Information Criterio (AIC), Ljung–Box test these
all tests to generate and Forecast the best model to predict the time series.
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Chapter3:
Support Vector Machines
3.1 Introduction:
The concept of a support vector machine (SVM) was recently developed by
Vapnik and his co-workers at AT&T company (Vapnik, 1995). Machine learning
involves designing and developing algorithms that allows computers to simulate the
behavior based on empirical data. Machine learning uses the learning process and
examples to capture the interest features of the unknown probability distribution of
data and perform tasks that are difficult or impossible to achieve using classical
algorithms. The problem of machine learning lies in the need to develop techniques
that enable the machine to learn from past experience and to predict the future.
Supervised learning objective is to automatically generate rules from a database of
examples already treated to make predictions on new cases.
SVM is an optimization technique that attempts to find a hyper plane in the
original input space to separate a given training set correctly and leave as much
distance as possible from the closest instances to the hyper plane on both sides. In
regression estimation, the data points that realize the maximal margin are called
support vectors. In other words, they are the data points whose approximation errors
are equal to or larger than the so-called tube size of SVM. If the training set is not
linearly separable, then a nonlinear boundary has to be constructed. In order to
achieve the nonlinear boundary, the original input space is mapped into a higher
dimensional space called feature space. The feature space is then searched for a hyper
plane that can separate the instances in the same feature space. The mapping from the
input space to the feature space is defined by a kernel function. The technique also
allows for misclassification by introducing a penalty factor C in the optimization
model and the total penalty is found by summing up penalties on each
misclassification. Therefore, the technique finds a hyper plane that minimizes the sum
of the reciprocal of the margin and the total penalty. The combined penalty function is
stated as the objective function in the optimization model. Since it was first
introduced, SVM has been studied extensively and used for several applications such
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as pattern recognition, hand written character, and text categorization (Joachims,1997;
Scholkpf and Vapnik, 1995; Schmidt,1996).
As a result of its performance in real world classification problems, the
principle of SVM has been extended to regression problems (Smola and Scholkopf,
1998). In SVM literature, when the SVM algorithm is used for classification
problems, it is called Support Vector Classification (SVC) and when it is used for
regression problems, it is called Support Vector Regression (SVR).

3.2 Theoretical Background Of SVM:
According to Cortes and Vapnik‟s (1995), SVM represent the relationship
between an output y and a set of inputs

in the form:

∑

where

represents a non-linear mapping of

space, i.e. a basis function, and

and

into a higher dimensional feature

are parameters learnt from the

instances of

training data.
In classiﬁcation, these parameters are found by using Quadratic Programming
(QP) optimization to ﬁrst ﬁnd the

∑

∑

which maximize:

( )

∑

where

are then used to ﬁnd

The

:

∑

(Smola and Scholkopf, 1998).
The set of Support Vectors
where

is then may be found by ﬁnding the indices

, b can then be calculated as:
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∑(

∑

)

The mapping

is intended to make the data linearly separable in the

feature space, and to this aim kernels

representing the

Radial Basis Function:

(

)

‖
(

‖

)

and the Linear Kernel:
(

)

are commonly used.
For regression, one ﬁrst needs to decide how signiﬁcant misclassiﬁcations
should be treated

and how large the insensitive loss region inside which

misclassiﬁcations are ignored should be
optimisation to ﬁnd the

∑

and

which maximize:

∑

subject to the constraints

. One then proceeds by using QP

∑

(

)

( )

:

∑

The

are then used to ﬁnd

and

:

∑

The set of Support Vectors S is then obtained by ﬁnding the indices
and

.

can then be calculated by:
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where

∑(

∑

)

3.3 Linear Learning Machines :
Perceptron is a linear machine designed to find the optimal separating hyper
plane (Collin, 2004). Consider a training set with

points. The perceptron will find a

decision function that can be used to classify new points in the input space whose
class is unknown. Formula

(∑

(

)

) presents the decision

function which represents the optimal separating hyper plane. It accepts a new point
in the input space and returns the class to which the point belongs based on which of
side of the plane the point is located.
The decision function performs a sum over the training points of which
are the class and training point respectively.
be classified. The weights

and

is the new point in the input space to

and displacement

are pre-calculated during

training of the perceptron on the training set (Niklas Collin, 2004).
Note in this decision function how the training points and the new point do not
appear independently but only inside a dot product.

3.4 Building SVM Model For Financial Time Series Forecasting:
SVMs have been used in many pattern recognition cases. For instance, they
have been used for handwriting recognition (Cortes and Vapnik, 1995; Scholkopf,
Burges and Vapnik, 1995), for object recognition (Blanz hyperplain et al. 1996), for
speech recognition (Schmidt,1996), and for face recognition (Osuna, Freund and
Girosi, 1997). With the recent introduction of the insensitive loss function by Vapnik,
SVMs were extended to solve nonlinear regression estimation problems and have
afterwards been successfully used to solve

forecasting problems in various fields.

They have been benchmarked and compared on time series prediction tests, in which
their generalization performance was found to be significantly better than that of the
competing methods compared (Müller et al., 1997, and Mukherjee, Osuna and Girosi,
1997). SVMs have been used for financial forecasting by Okasha (2014), Huang
(2002), Liu and Wang (2008), Kim (2003), and Tay and Cao (2002).
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3.5 Design Of The Forecasting Models:
Forecasting the future values of an observed time series is an important
problem in many areas, e. g. economics, production planning, sales forecasting and
stock control (Chatfield, Chapman and Hall, 1995). Chatfield (1995) classified the
types of forecasting procedure into three categories: Subjective Forecasts can be made
subjectively based on judgment, intuition, commercial knowledge and any other
information. Univariate Forecasts can be made on an entire basis of past observations
in a given time series, by fitting a model to the data and extrapolating. For instance,
forecasts of future sales of a product would be based entirely on past sales.
Multivariate Forecasts can be made by taking other observations or other variables
into account. For example, sales may depend on stocks. Regression models are of
these types of models, e. g. econometric models. The using of a leading indicator also
comes into this category.
Chatfield (1995) also stated that a forecasting procedure may involve a
combination of the above approaches practically. For instance, univariate forecasts are
often computed, and then adjusted subjectively. Sometimes the model may not be
stable or need to be more accurate. The building model has to adjust to fit new
observations. Therefore, other methods are proposed to adjust the model based on
new observations automatically. For example, Wah & Qian (2002) presented new
constraints on cross-validation to adjust their previous constructed model. Another
interesting note in Wah & Qian (2002) is their assumption of stock price and their
data preprocessing. They assumed stock prices consist of low-frequency and highfrequency components, where low-frequency components are predictive. Therefore,
they applied low-pass filtering to the price time series at first. However, usually lag
problem occurs when low-pass filtering is applied. Then, they proposed methods to
overcome this problem.
In this thesis, only one data source is used, rather than using multiple sources
that have a cross- sectional relationship. By using multiple sources, microeconomic
variables could be taken into account next to the stock market price. However, this is
out of the scope of this research and has been avoided due to the complexity
problems. Presenting the forecasting models with raw financial data without any
further processing is well possible, considering the black box nature of the SVM.
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However, by properly preparing the data, one can often attain an increase in the
prediction performance and in the learning speed (Kaastra and Boyd, 1995). The aim
of this section is to investigate how to prepare and process the financial data derived
from the currency market. In doing so, the processing of the raw financial data is
broken down into five steps. These steps are (Huang et al., 2004):
3.5.1. Sampling
3.5.2. Transforming
3.5.3. Normalizing
3.5.4. Dividing
For each step, it is investigated what the possible choices are, based on a
literature review, and what specific processing is chosen for in this research. A visual
representation on the stock market price data set is presented after certain processing
steps, to illustrate that particular processing step.
3.5.1. Sampling :
Sampling the data is a process in which two choices have to be made. The
first choice is regarding the sampling size, while the second choice is regarding the
sampling rate. The sampling size is an important factor in the forecasting ability of the
forecasting models. The tendency in current literature regarding the training of SVMs
in the domain of financial forecasting is to use the largest data set possible (Huang et
al., 2004). For instance, Zhang and Hu (1998) showed that a large sample (887 data
points) out preformed a smaller sample (261 data points) in the training of exchange
stock market forecasting.
A total different approach in determining the optimal data set size
for

the

purpose of stock market prediction is given by Huang et al. (2004), in

which they propose to use closing price. They argue that the behavior of exchange of
stock market is continuously evolving over time and that certain change points can be
identified which divide data into several homogeneous groups that take heterogeneous
characteristics from each other. The problem however is that there is no general
approach to identify these change points and it will therefore be subjected to the
researcher‟s interpretation.
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The sampling rate defines at what rate the raw data is sampled in terms of
time. Sampling every data point in the raw data set is equivalent to using all the data
that is available in the data set, ensuring that there is no information loss. A few
options for the sampling rate are sampling every minute, every hour, twice a day,
every day, every week, twice a month, every month, every year. Most researchers
who have studied the application of SVMs in financial time series forecasting, have
used the daily and weekly closing prices as the sampling rate for their data (Francis
and Cao, 2001; Kim, 2003; Liu and Wang, 2008; Okasha, 2014; Tay and Cao, 2002;
Huang et al., 2004). An average over a specified time of a specific sampling rate is
also sometimes used, in the form of a moving average indicator as input to the
prediction model (Dunis, 2008).
3.5.2. Transforming :
Transforming the price is a process that can affect the prediction model‟s
forecasting ability tremendously as opposed to working directly on the price (Dunis
et al., 2002). By a certain transformation, one seeks to make the distribution of the
transformed data more symmetrical so that it will follow a normal distribution more
closely. As for forecasting the currency of stock market price movements in the
currency market are generally nonstationary and quite random in nature, and that they
are therefore not very suitable for learning purposes. Most studies and analysis
concerned with the stock market price inputs are certainly not a desirable set. Bodt et
al. (2001) share this view by which they suggest that any attempt to model or forecast
financial time series must be based on successive variations of price and not on the
prices themselves. A measure of successive variation

that is often used in

computational intelligence methods is referred to as the return (Dunis et al., 2002),
which is calculated by:

Dunis and Williams (2002) showed that by transforming the data into returns,
the time series will become stationary which is a useful statistical property. They
performed ADF and Philips-Peron tests statistics on stock market price return series
which provided a formal confirmation that this transformation returns a stationary
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series at the 5% significance level. However, they do note that transforming the price
into returns often creates noisy time series.
Some researchers follow a very different approach, such as Kim (2003), as he
suggests to use technical indicators (as the ones described before) as input for the
prediction model. Kim (2003) used 12 different technical indicators, such as the
stochastic technical indicator, the momentum, and the relative strength Index. The
advantage is that the price will be smoothed out. However, thereby one is actually
combining different models, increasing the complexity of the total system.
3.5.3. Normalizing :
Normalization is the process of transforming the input data into an appropriate
form for the prediction models. Several studies on the effects of data normalization,
most specifically focused on ARIMA models, show different results and opinions
whether there is a need to normalize the data set. Shankar et al. (1996) argue that for
the purpose of general classification problems which are solved by SVMs,
normalizing the input data provides a lower mean square error. This effect becomes
stronger as the sample size becomes smaller. Engelbrecht et al. (1994) have shown
similar results. However, El Shazly (1997) have found that data normalization does
not necessarily lead to better forecasting performance in classification problems.
Zhang & Hu (1998) did not normalize their data for the purpose of stock market price
prediction, since they believe that there is no significant difference between
normalized and original data, based on their experience. Nevertheless, many
researchers in this field normalized the input data and they advise this to avoid
computational problems, to meet algorithm requirements, and to facilitate the learning
process (Lapedis and Farber, 1988; Sharda and Patil, 1992; Srinivasan et al., 1994).
One advantage of normalizing is that it ensures that input attributes with a
larger value do not overwhelm input attributes with a smaller value, which in turn will
reduce the prediction error. In some cases, normalizing the input data is absolutely
necessary if a function is valid only for a limited range. Azoff (1994) proposed four
methods for general input normalization which are along channel normalization,
across

channel

normalization,

mixed

channel

normalization,

and

external

normalization. Choosing one of these mentioned methods will depend on the
composition of the desired input vector.
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For a time series forecasting problem, as is the case in this research, the
external normalization is the only appropriate normalization procedure (Zhang et al.,
1998). The reason is that the time lagged observation presented at the input of the
SVM are all from the same source and can therefore retain the structure between the
input and the output as in the original series. The other normalization approaches are
usually used when the input variables are independent to predict the dependent
variable, which could be the case when one is using a multivariate input. In addition,
for the case of a multivariate input, it is inadvisable not to normalize the data since all
the variables will then acquire the same significance for the learning process, while
this does not necessarily has to be true. The formula that is frequently used for the
external normalization is (Lachtermacher and Fuller, 1995):

where

and

represent the normalized and the original data, respectively.

is

the maximum along the absolute values of the data. This research will follow this
approach, and since the data includes negative values due to the transformation into
returns, the scale will be (0, 1.0].
3.5.4. Dividing:
Dividing the data in several subsets by appointing specific data for training
purposes and for test purposes, is required for building an SVM. Usually, the data is
divided into three subsets, one set for training, one set for testing, and one set for
validating. The training set is used for developing the SVM, the test set is used to
evaluate the forecasting ability of the SVM. The validation set is usually part of the
test set and is used to avoid the over-fitting problem or to determine the stopping point
of the training process (Weigend et al., 1992). There is no general solution or
approach in dividing the data in appropriate sizes into a training and test set.
However, there are several factors that should be considered in making the decision,
most notably the problem characteristics, the data type, and the size of the available
data (Zhang et al., 1998). For time series forecasting problems, as is the case in this
research, it is absolutely critical to have both the training and test sets to be
representative of the underlying mechanism, which has implications on the size of
these sets. Yao et al. (2000) suggested that the training set should contain 70% of the
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data, the validation set 20%, and the tests and 10%, based on the authors' experience.
Other researchers have used 80% for the training data, or even 90%, while not
touching on the reasons for it (Huang et al., 2004). Granger (1993) suggested that at
least 20% should be appointed to the testing data for nonlinear forecasting models.
Tay and Cao (2001) and Kim (2003) have both used 80% for the training set and 20%
for the validation and test set in applying SVMs for financial time series forecasting.
This research use the following percentages, i.e. 95% for training, and 5% for test
set in applying SVMs.

3. 6 Performance Measures :
The prediction performance of the SVM is evaluated on accuracy, resulted
from a particular model complexity. Accuracy is measured by two different measures,
each used in the appropriate case. The first measure is the hit rate, also known as the
directional symmetry (Lu and Zimmerman, 2004), which calculates the number of
correctly predicted directions of the next upcoming values compared to the total
number predictions. This accuracy is given by the following definition, where Ri
represents the prediction result for the th prediction value,

and ̂ the actual value

and the predicted value, respectively (Kim, 2003):
∑

{

̂

The hit rate accuracy measure is useful to assess the prediction performance of
various models on the PALTEL‟S stock market price data set, since it provides a
certain percentage of certainty that the next upcoming value is either higher or lower
than the current value. Therefore, the hit rate is a valuable indicator for firms and
investors, provided by the decision-support aid.
The second measure that measures accuracy is the regression error, which
illustrates the amount of deviation as an error between the actual value and the
predicted value. The standard regression error in statistics and machine learning is the
Mean Square Error (MSE) (Mood et al., 1974), defined by:
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∑

Where,

٭

is the actual value,

٭

is the predicted value

This accuracy measure is useful in selecting a balanced model complexity in
the model selection, since this error contains more information and is therefore more
quantifiable than the hit rate, which makes comparing the model complexity between
two models with this error more meaningful. Within the field of computational
intelligence, the Normalized Mean Square error (NMSE ) is more often used than the
MSE (Andreou et al., 2006). In addition, the square root is taken of the (NMSE ),
resulting in (NRMSE ) .

√

√

∑

, and

٭

∑

̅

In the above equation,
mean of

√

is the actual value,

٭

is the predicted value, ̅ is the

is the number of patterns. The NRMSE indicates whether the

prediction performance is better than a simple mean forecaster. The prediction
performance is perfect for NRMSE=0, while NRMSE=1 indicates that the prediction
performance is not better than taking

٭

̅. In this thesis, the Square Root of the

Normalized Mean Square error (NRMSE) will be used as a performance measure for
the purpose of model selection.
SVM uses an implicit mapping of input data into a high dimensional feature
space defined by a kernel function. Using a kernel function is useful when the data is
far from being linearly separable. A good way of choosing the kernel function is via a
trial and error procedure. Therefore, one has to try out more than one kernel function
to acquire the best solution for a particular problem. In regression analysis, SVM
employs the ℇ-insensitive loss function, i.e.
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By using the above function, errors less than the threshold, ℇ, will be ignored.
The R package e1071 implements SVM. It has the following parameters:
1. Kernel: Specifies the type of kernel to be employed. The e1071 package has the
following menu of choices: radial, polynomial, sigmoid and linear kernel.
2. Epsilon: As described earlier, this is the epsilon in ℇ-insensitive loss function. The
default value is 0.1. The kernel used in training and predicting. You might consider
changing some of the following parameters, depending on the kernel type.( linear ,
polynomial, radial).
Type: „SVM‟ can be used as a classification machine, as a regression machine,
or for novelty detection. Depending on whether „y‟ is a factor or not, the default
setting for „type‟ is „C-classification‟ or „eps-regression‟, respectively, but may be
overwritten by setting an explicit value. Valid options are:
• „C-classification‟
• „nu-classification‟
• „one-classification‟ (for novelty detection)
• „eps-regression‟
• „nu-regression‟
Cross: if a integer value k>0 is specified, a k-fold cross validation on the
training data is performed to assess the quality of the model: the accuracy rate for
classification and the Mean Squared Error for regression is computed.

3.7. Summary :
This chapter explored a specific computational intelligence technique
applicable to stock market price prediction, namely the SVM. It has been shown that
an important feature of this model is its ability to generalize through nonlinear
approximation and interpolation in usually high-dimensional spaces (Kecman, 2001).
Generalization refers to the capacity of the model to provide correct outputs when
using data that were not seen during training. This feature is extremely useful in
financial forecasting, since the underlying relationships of the financial market is
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often unknown or hard to describe (Zhang, Patuwo, Hu, 1998). Moreover, This
chapter describes the design of the SVM for the purpose of stock market price
prediction. The design starts with the input selection, in which the processing steps to
prepare the raw data to a suitable input for the models are given, that determines the
output of the prediction models and how this output is interpreted. Afterwards, the
dependence of the bias and variance upon certain design parameters in the SVM
model selection is explained.
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Chapter 4
PALTEL`S Stock Market Price Forecasting
4.1:The data:
The data set used in this thesis is based on stock market price. We have the
closing price for Palestinian Telephone Company (PALTEL) in Jordanian Dinar (JD).
The data is from The Palestine Exchange (PEX) web site www.pex.ps for company`s
stock market. We have 753 observations for weekly average closing price of
PALTEL`S stock market from 20/07/1997 to 24/03/2013.

4.2: Application of Box-Jenkins Approach
4.2.1 Forecasting Periods & Inspection of the time series:
In order to evaluate the out-of-sample forecasting ability of the various
models, some observations at the end of the sample period are not used in estimating
the models. Thus, there are two periods in the analysis: a training series which is
95%of the series in period (20/07/1997 to 01/07/2012), and a test series which is 5%
of the series in period (08/07/2012 to 24/03/2013). Observations in the training series
are used to generate the forecasting model where the out of-sample forecasts can be
used to check against actual data. Figure 4.1 shows that during the period (Feb. 2005
to April 2006), the price of PALTEL`S stock market was increasing up to 15JD then
fall down to 5 JD and this phenomenon was caused by the global economic downturn,
which led to a decline in demand in the Palestinian and global economic moreover.
Inspecting of the time series in Figure 4.1 may also give an initial impression about
the presence of a seasonal pattern. There is no obvious seasonal variation or mild
seasonality. The final decision about including seasonal elements in a model must rest
on autocorrelation analysis and estimation-stage results, but preliminary inspection of
the data can be a helpful supplement.
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Figure 4.1 : Average weekly Stock Market Prices of PALTEL (20/07/1997 to
24/03/2013)
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4.2.2 Data exploration :
Before estimating the model, it is of interest to explore the data. This is to
prevent any unforeseen outliers from affecting the analysis and for identifying the
statistical properties of the data. Descriptive statistics are presented in Tables 4.1 &
4.2 for the training series and test series the statistics corresponding to the time series
over the period (20/07/1997 to 01/07/2012) and (08/07/2012 to 24/03/2013),
respectively. Over the period July 1997 to July 2012, the mean of the training series is
4.97 JD while the standard deviation is 2.26 JD. The minimum value for the training
series was 1.45 JD while the maximum price reached 15.85 JD. The coefficient of
variation is slightly down 50 percent, which indicated that the price of PALTEL`S
stock market was highly varied over the period July 1997 to July 2012. In the period
July 2012 to March 2013 there is a decrease in the volatility of price which shows that
between July 2012 and March 2013, the mean for the test series is 4.93 JD while the
standard deviation is 0.22 JD. The minimum value for the test series was 4.46 JD
while the maximum price reached 5.26 JD.
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Table 4.1 : Descriptive Statistics for Training Series of Closing Price.
Train series: (20/07/1997 to 01/07/2012) (715 observations)
Descriptive Statistics

Closing price

Mean

4.97

Standard deviation

2.26

Minimum point

1.45

Maximum point

15.85

Coefficient of variation

45.45%

Table 4.2 : Descriptive Statistics for Test Series of the Closing price.
Test series: (08/07/2012 to 24/03/2013) (38 observations )
Descriptive Statistics

Closing price

Mean

4.93

Standard deviation

0.22

Minimum point

4.46

Maximum point

5.26

Coefficient of variation

4.48%

4.2.3 Checking for stationary
There are several methods to test for stationary, including the Dickey-Fuller
(DF) test (Dickey and Fuller 1981). In this analysis, the DF test will be performed
since it is generally the most reliable and it is easy to implement and interpret (Stock
and Watson, 2011). Consider a first-order autoregressive model AR(1) which can be
written in the equation :

In the Dickey-Fuller (DF) test for unit root, the null hypothesis is
which indicates that
The alternative is that

is nonstationary and has an autoregressive root of 1.
which implies that time series

In practice, the Dickey-Fuller test is implemented by subtracting
both sides of the equation (4.1) to yield:
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is stationary.
form

where
null hypothesis is now

and
(unit root) against the alternative

. The
(stationary). The

DF test applies only to the AR(1) model. In some cases, AR(1) is not considered a
good model in capturing all the serial correlation of the time series. Therefore, a
higher order autoregressive is taken into account. In that situation, testing for unit root
requires the augmented Dickey-Fuller (ADF) test. The ADF-critical value is used in
the analysis.
Table 4.3 : Augmented Dickey-Fuller Test for the Training Series of the Closing
Price Data
Train series: (20/07/1997 to 01/07/2012) (715 observations)
Dickey-Fuller

-2.92
8

Lag order

0.19

p-value

The number of lags in ADF test is chosen based on Schwarz Information
Criterion so that the highest lag significant from zero is taken into account. With the
ADF-critical value approximately equals -2.92 (included time trend), it fails to reject
the null hypothesis that

has a unit root according to the results

in Table 4.3. That indicates that the

series in not stationary.

As a result, the series,

is first differenced, and the DF

and ADF tests are being performed on the first differenced data. Table 4.3 illustrates
that DF and ADF tests are significant. It rejects the null hypothesis that the first
differenced series is stationary. Therefore, it suggests that

is

integrated of order (2). Therefore, the ARIMA analysis is carried out in second
differenced series which being denoted as

.

Moreover, Figures 4.2 and 4.3 shows the estimated ACF and PACF of the
original time series,

over the period (20/07/1997 to
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01/07/2012). The estimated PACF are falling to zero slowly while estimated ACF is
spike at 1 and then cut off; these incidences are corresponding to nonstationary.
Figure 4.2 : Partial ACF Average Weekly Stock Market Prices of PALTEL
(20/07/1997 to 01/07/2012)
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Figure 4.3 ACF : Average Weekly Stock Market Prices of PALTEL
(20/07/1997to 01/07/2012)

0.4
0.2
0.0

ACF

0.6

0.8

1.0

Series trainser_closeprice

0

5

10

15
Lag

38

20

25

4.2.4 Transformation :
It is important for the time series data to be stationary. A stationary time series
is one with a constant mean, variance and a covariance that does not depend on time
(Stock & Watson 2011). In the case of nonstationary time series, the data are
transformed by differencing to induce stationary. To make the series stationary we
consider the second difference of the logarithm series for the period (20 July 1997
to 01 July 2012) of the training series data. Recording the results of Augmented
Dickey-Fuller test for differenced logarithm of the series of the closing price in table
4.4, that p-value is smaller than 0.05, which implies that the series became stationary.
Table 4.4 : Augmented Dickey-Fuller Test for diff. log. of
data:
Diff. log. Train series: (20/07/1997 to 01/07/2012) (715 observations)
Dickey-Fuller

-14.31

Lag order

8

p-value

0.01

4.2.5 Identifying & Estimation of the Initial Model :
The analysis of the time series model for closing prices including model
identification and estimation are based on the observations of the second differenced
logarithms of the series over the period (20 July 1997 to 01 July 2012). Having
determined whether the series is stationary by second differencing (d =2), it is time to
establish an appropriate orders of p and q for an ARIMA model.
Technically, Box-Jenkins forecasting models essentially involve examining
the patterns of the autocorrelation function (ACF) and the partial autocorrelation
function (PACF). The estimated ACF and PACF are used as a guideline in choosing
one or more ARIMA models that might fit the available data. These tools are
considered important in the identification stage since they evaluate the statistical
relationship between observations in a univariate time series.
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In Figures 4.4 and 4.5, the ACF is spike at lag 1 and then it cuts off to zero;
the PACF is decay; it starts from the positive side and then switch to negative side.
These occurrences are associated with the moving average model of order 1, MA(1).
Moreover, from the extended autocorrelation function in Figure 4.6 we find that the
model`s order is ARIMA(0.2.1). We will take ARIMA(0,2,1) and in section 4.2.7 we
will choose is the best model, according to the guidelines in Tables 2.1 and 2.2.
Figure 4.4 : ACF for difference logarithm Average weekly Stock market Prices
of PALTEL (20/07/1997to 01/07/2012).

The following equation represents the ARIMA(0,2,1) model:

Model 4.3. in the following equation is the model after estimating its parameters
and

:
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Figure 4.5 : PACF for difference logarithm Average weekly Stock market Prices
of PALTEL (20/07/1997to 01/07/2012).

Figure 4.6 : Extended ACF for difference logarithm Average weekly Stock
Market Prices of PALTEL (20/07/1997to 01/07/2012).
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4.2.6 Identifying the best model :
Having determined a specific model of ARIMA(0,2,1) from the extended
autocorrelation function in Figure 4.6, there are also several ARIMA models that can
be constructed from other characteristics such as ACF, PACF and EACF plots in
Figures 4.4, 4.5 and 4.6 respectively. In that case, Table 4.5 illustrates different
ARIMA models, which yield different statistical results. One can compare all these
models and define which models is the best in terms of their statistical results, that
were discussed in Chapter 2. Let us analyze the statistical properties of the ARIMA
models. First, in order to be stationary, the absolute coefficients of AR must be less
than one. Table 4.5 lists that the absolute coefficients of AR for all models are less
than 1, which implies that all models are satisfactory with the appropriate stationary
conditions. Second, the coefficients of MA must satisfy the invertibility condition
where the value of coefficients of MA terms must be less than 1. In that case, all
models meet the requirements. Next, the model should have high quality of estimated
coefficients, which suggest that all the coefficients on the right hand side must be
statistically significant. In that regard, all models have all the coefficients statistically
significant, according to Ljung-Box statistic values in Table 4.5. It fails to reject the
null hypothesis of no remaining significant autocorrelation in the residual of the
models. Finally, the MAE, RMSE and AIC for ARIMA(2,1,1) are the smallest which
indicate that ARIMA(2,1,1) fits the available data (the past) well enough to satisfy the
analysis. Also, the ACF, PACF and EACF graphs in Figures 4.4, 4.5 and 4.6 show
that the models are satisfactory.
Table 4.5 : Testing several ARIMA models:
Model

AIC test

MAE

RMSE

AR(1)

Arima(1,1,0)
Arima(0,1,1)
Arima(1,1,1)
Arima(2,1,1)
Arima(1,1,2)
Arima(2,1,0)
Arima(0,1,2)
Arima(0,2,1)
Arima(1,2,0)
Arima(1,2,1)

-2206.26
-2206.15
-2212.34
-2211.1
-2211.24
-2205.5
-2204.96
-2196.3
-1943.64
-2194.66

0.0327
0.0327
0.0323
0.0322
0.0323
0.0326
0.0326
0.0327
0.0387
0.0327

0.0026
0.0027
0.0026
0.0026
0.0026
0.0027
0.0027
0.0026
0.0038
0.0027

0.0452
0.8805
0.7867
0.8205
0.0433

AR(2)

0.0397

MA(1)

0.0421
-0.8254
-0.7541
-0.792

0.0416
0.0375
-0.9703

-0.4985
0.0250
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-0.9755

Ljung-Box
p-value
0.9398
0.9883
0.5365
0.953
0.0444 0.9683
0.893
0.0320 0.9535
0.6226
5.025e-07
0.9486
MA(2)

4.2.7 Diagnostic Checking for the Best Model:
After identifying the good models, we will try to the best model among them,
that fits very well to the data.
The tests to check the best model is :
1: stationarity analysis
2: residuals analysis
1 : Stationarity analysis :
The model is stationary because of the fact that | |

|

|

.

2 : Residual analysis:
Residual analysis is very important part to check ARIMA model. Firstly,
residuals of the first difference of the logarithms of the closing price ARIMA(2,1,1)
model should be normally distributed. According to Jarque_Bera & Shapiro-Wilk
tests which indicate that the test is significant with (p-value < 2.2e-16) from table 4.6.
Moreover, from the histogram plot of the residuals in figure 4.7 it can be
safely said that the residuals are normally distributed because there is no skewness.
Moving from scatter plot of the residuals to standard residuals of the second
differenced logarithms of the closing price ARIMA(2,1,1) model in figure 4.8 & 4.9
respectively, it can be said that the residuals and the standard residuals are randomly
distributed around zero, and it seems empty from any uniform movement. Finally,
from the plot of the autocorrelation function in figure 4.9 there is no statistical
difference from zero of the autocorrelation of the standardized residuals. Therefore,
we can say that there is no correlation between residuals. We can conclude that the
model of second differenced logarithms of the closing price ARIMA(2,1,1) is the best
model and can forecast the price of PALTEL`S stock market quite good.
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Table 4.6: Jarque Bera Test & Shapiro-Wilk :
data: ARIMA(2,1,1)$residuals
X-squared = 1971.8

df = 2

p-value < 2.2e-16

Shapiro-Wilk normality test for data: residuals(ARIMA(2,1,1))
W = 0.88437

p-value < 2.2e-16

Figure 4.7 : Histogram plot for residuals of ARIMA(2,1,1) of logarithm the
closing price
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Figure 4.8 : Scatter plot for residuals of ARIMA(2,1,1) of logarithm the closing
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Figure 4.9 : Plot of the standard residuals of ARIMA(2,1,1) of logarithm the
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4.2.8 Forecasting:
Forecasting future values of an observed time series is an important problem
in many areas, e. g. economics, production planning, sales forecasting and stock
control (Chris Chatfield ,1995). Chatfield classified the types of forecasting procedure
into three categories.
We will use ARIMA(2,1,1) to predict the stock market closing price in the
period of time (08/07/2012 to 24/03/2013) and compare it with actual data in the same
period of time. The predict values and actual data of logarithms of the closing price
are available in table 4.6.
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Table 4.7: Predicted and actual data.
Date

Actual

Predicted

07/08/2012

4.87

4.873283

07/15/2012

4.87

4.867214

07/22/2012

4.85

4.862180

07/29/2012

4.86

4.857983

08/05/2012

4.81

4.854484

08/12/2012

4.69

4.851566

08/22/2012

4.65

4.849134

08/26/2012

4.60

4.847105

09/02/2012

4.60

4.845414

09/09/2012

4.48

4.844003

09/16/2012

4.46

4.842826

09/23/2012

4.61

4.841844

09/30/2012

4.99

4.841025

Date

Actual

Predicted

10/07/2012

4.78

4.840342

10/14/2012

4.79

4.839773

10/21/2012

4.81

4.839297

10/31/2012

4.90

4.838901

11/04/2012

4.90

4.838570

11/11/2012

4.95

4.838294

11/18/2012

4.85

4.838064

11/25/2012

4.88

4.837872

12/02/2012

4.90

4.837712

12/09/2012

4.90

4.837578

12/16/2012

4.91

4.837467

12/23/2012

5.03

4.837374

12/30/2012

5.17

4.837296

Date

Actual

Predicted

01/06/2013

5.09

4.837231

01/13/2013

5.10

4.837177

01/20/2013

5.10

4.837132

01/27/2013

5.13

4.837095

02/03/2013

5.20

02/10/2013

5.21

4.837037

02/17/2013

5.15

4.837015

02/24/2013

5.13

4.836997

03/03/2013

5.20

4.836982

03/10/2013

5.25

4.836969

03/17/2013

5.25

4.836959

03/24/2013

5.26

4.836950

01/06/2013

Figure 4.10 : The observed and predicted values
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4.3: Application of Support Vector Machines
This section describes the design of the SVM for the purpose of PALTEL‟s
stock market price forecasting. The design starts with the input selection, in which the
processing steps starts by preparing the raw data to a suitable input for the models.
Next, will be the output selection, that determines the output of the forecasting models
and how this output is interpreted. Afterwards, the dependence of the bias and
variance upon certain design parameters in the SVM model selection is explained.
Subsequently, the model selection for the SVM is described.
The raw data is very high frequent, representing every event change in the
price, resulting in an extremely large data set for a relatively small time window.
Accumulated over the period of approximately 15 years, the data consists of exactly
753 data points for the period from 20/07/1997 to 24/03/2013. Not only does this
provide a huge data set even within a single small period of time, making it a very
time-consuming process to analyze, but the input window for the SVM has to be
incredibly large as well to preserve an overview of the daily movements. For these
reasons, it is desired to sample the data at a less frequent rate.
In this thesis, the maximum sample size is 16 years, constrained by the used
PALTEL‟s stock market price data set. Given this sample size, any sampling rate
higher than a week is not practical, since the prediction model will have too little data
points to train. Applying a weekly sampling on stock market closing price data set
provides roughly 753 data points. The weekly or daily sampling rate is preferred
since, as already mentioned, it is the most popular sampling rate in financial
forecasting. Considering the literature mentioned above, a sample size of 753 data
points is certainly reasonable, and it is not necessarily required to use a larger data set
in achieving a high prediction performance.

4.3.1 Sampling:
Figure (4.11) gives an overview of the weekly closing price over the
PALTEL‟s stock market closing price data set:
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Figure 4.11 : Weekly closing price of the PALTEL’s stock market closing prices.
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Investigating figure 4.11, one may notice that each time component may be
composed of a structural component and a noise component. The ratio between the
structural component and a time component is difficult to assess. However, it may
well be that the sampling rate with a higher frequency would yield a higher
complexity of the structural component. As a consequence, different sampling rates
may yield very different patterns, containing information in different specific ways.
Therefore,

in this chapter, SVM models with different sampling rates will be

compared with each other on the prediction performance. The sampling rates to be
compared are the weekly and daily sampling rates, with the sampling size of 753 data
points for each sampling rate.

4.3.2 Transformation :
Figure 4.12 below demonstrates the transformed PALTEL‟S stock market
closing price using the log transformation and the second difference, as presented
before.
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Figure 4.12 : Transformation of closing price

2000

2005

2010

Time

As can be noted, the return is relatively high around the 380th data point,
meaning stronger trends around that period. When the return is relatively low, such as
around the 750th data point, it means that the market is in consolidation around that
period, which is often referred to as the ranging period (Lento and Gradojevic,
2007).
4.3.3 Normalization :
The normalized return over the weekly closing price of the PALTEL‟S stock
market data set is illustrated in figure 4.13:
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Figure 4.13 : Normalized closing price
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4.3.4 Descriptive statistics :
The total number of observations of the data of weekly returns is 753 . The
data is divided into two parts: the first is 95% of the observations for the training set
and the second is 5% of the observations for the test set. This results in 715
observations in the preliminary training sample and the remaining series is 38
observations in the test set. Table 4.8 shows the descriptive summary statistics for the
weekly returns.
Table 4.8 : Descriptive statistics for Log closing price
min

max

mean

median

skewness kurtosis

Standard
deviation

Log closeprice

0.34

2.76

1.51

1.59

0.013

0.816

0.41

Table 4.7 shows that the kurtosis for Log of closing price is smaller than 3,
implying that the distribution of the data is normal. It could also be seen that the mean
of the returns data is almost one. Skewness is a positive coefficient.

4.3.5 The best model:
As described in chapter (3) there are different SVM models with different
types and different parameters. To arrive at the best SVM model for the closing price
data, we attempted to fit all possible model's options for the data and all models are
compared using different criteria and the results are reported in table 4.7.Eight SVM
models with different parameters were fitted and the results were studied. From table
4.9, the best model can be easily selected which is M2 with SVM type is epsregression, kernel is radial and gamma equal 0.02 because it has the smallest RMSE.
Moreover, from figures 4.14 & 4.15 we can observe that the fitted values are
approximately equal to the observed values using SVM model M2, and the predicted
values from figures 4.16 & 4.17 are approximately equal the observed values, that
support the fact that the best model is M2 .
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Table 4.9 : Several models of SVM for the log of closing prices
Model

SVM-type

SVMkernel

Gamma`s
value
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RMSE

Figure 4.15 : Observed and Fitted Values Using SVM Models M5, M6, M7 and M8
Figure 6.1: Observed and Fitted Values Using SVM(M6) with type=eps-regression & gamma = 5.0

Figure 5.1: Observed and Fitted Values Using SVM(M5) with kernel=polynomial & gamma = 0.5
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Figure 7.1: Observed and Fitted Values Using SVM(M7) with type=nu-regression & kernel=polynomial

Figure 8.1: Observed and Fitted Values Using SVM(M8) with type=nu-regression & kernel=polynomial gamma=2.0
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Figure 4.16 : Observed and Forecasted Values Using SVM Models M1, M2, M3 and M4
Figure 2.2: Observed and Forecasted Values Using SVM(M2) with gamma = 0.02
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Figure 1.2: Observed and Forecasted Values Using SVM(M1) with Default Values Parameters
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Figure 4.2: Observed and Forecasted Values Using SVM(M4) with with gamma = 10000.0
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Figure 3.2: Observed and Forecasted Values Using SVM(M3) with gamma = 0.1
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Figure 4.17 : Observed and Forecasted Values Using SVM Models M5, M6, M7 and M8
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Figure 6.2: Observed and Forecasted Values Using SVM(M6) with type=eps-regression & gamma = 5.0
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Figure 5.2: Observed and Forecasted Values Using SVM(M5) with with kernel=polynomial & gamma = 0.5
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Figure 7.2: Observed and Forecasted Values Using SVM(M7) with kernel=polynomial & gamma=10.0
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Figure 8.2: Observed and Forecasted Values Using SVM(M8) with kernel=polynomial & gamma=2.0
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4.4: Comparison between the results of the two approaches:
In the preceding sections, we presented the individual results of using Support
Vector Machine and Box-Jenkins methodology for PALTEL`S stock market close
prices. In this section we compare the results obtained using these two forecasting
techniques. We find from table 4.10 and figure 4.18 that support vector machine
methodology performs much better than Box-Jenkins methodology, because of the
predicted data with SVM move up and down nearly actual data as in figure 4.18 , but
predicted data using Box-Jenkins move up or down as street line, which is
disadvantage property of ARIMA model .
Figure 4.18 : Observed and forecasted values using SVM model M2 &
ARIMA(2,1,1)
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Figure 2.2: Observed and Forecasted Values Using SVM(M2) with gamma = 0.02
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Table 4.10 : Comparison between predicted data with actual data
Date
07/08/2012
07/15/2012
07/22/2012
07/29/2012
08/05/2012
08/12/2012
08/22/2012
08/26/2012
09/02/2012
09/09/2012
09/16/2012
09/23/2012
09/30/2012
10/07/2012
10/14/2012
10/21/2012
10/31/2012
11/04/2012
11/11/2012
11/18/2012
11/25/2012
12/02/2012
12/09/2012
12/16/2012
12/23/2012
12/30/2012
01/06/2013
01/13/2013
01/20/2013
01/27/2013

4.884704

PredictArima(2,1,1)
4.873283

4.876536

4.867214

4.87

4.877215

4.862180

4.85

4.868699

4.857983

4.86

4.873677

4.854484

4.81

4.841521

4.851566

4.69

4.753139

4.849134

4.65

4.696369

4.847105

4.60

4.641307

4.845414

4.60

4.628030

4.844003

4.48

4.548540

4.842826

4.46

4.518560

4.841844

4.61

4.611824

4.841025

4.99

4.893352

4.840342

4.78

4.865092

4.839773

4.79

4.875778

4.839297

4.81

4.875701

4.838901

4.90

4.920121

4.838570

4.90

4.924890

4.838294

4.95

4.947819

4.838064

4.85

4.907863

4.837872

4.88

4.906382

4.837712

4.90

4.910713

4.837578

4.90

4.908816

4.837467

4.91

4.919853

4.837374

5.03

4.999858

4.837296

5.17

5.124464

4.837231

5.09

5.114088

4.837177

5.10

5.118687

4.837132

5.10

5.108955

4.837095

5.13

Predict-SVM
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Actual data
4.87

02/03/2013
02/10/2013
02/17/2013
02/24/2013
03/03/2013
03/10/2013
03/17/2013
03/24/2013

5.117983

4.837063

5.20

5.158882

4.837037

5.21

5.176669

4.837015

5.15

5.153538

4.836997

5.13

5.127359

4.836982

5.20

5.158033

4.836969

5.25

5.197386
5.212670

4.836959

5.25
5.26

4.836950
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Chapter 5
Conclusion and Recommendations
This thesis dealt with the problem of forecasting PALTEL`S stock market
prices. The problem of forecasting stock market prices has been studied by some
researches using Box-Jenkins methodology. Other researchers used different
methodologies to get more accurate results such as Support Vector Machine (SVM).
The main research problem of this thesis is to conduct a comparison between support
vector machines (SVM's) and Box-Jenkins methodologies to forecast future
PALTEL`S stock market prices.
This thesis is applied research built on empirical results. Thus, we discussed
both methodologies SVM's and Box-Jenkins then we applied them on a real data set
and conduct a comparison between the forecasting results of both methodologies.
Therefore, we explained these concepts and gave the main results. For the SVM
method we discussed the best model for the underlying time series.
The ARIMA (0,2,1) model and SVM model (with type eps-regression, kernel is
radial, and gamma is 0.02 ) produced efficient results in terms of statistical measures
and forecasted values for the test series data. The forecasted values of the test series
data using SVM model were much closer to the actual values than those of the
ARIMA (0,2,1) model. Also, the SVM model outperform ARIMA model in term of
standard errors and forecasting errors.
Conclusion:
Forecasting financial time series, such as stock prices, is a complex process,
mainly because financial time series are usually very noisy and involve ambiguous
seasonal effects due to the influences of holidays, weekends, and irregular closure
periods. They also involve other factors such as interest rate changes, announcements
of macroeconomic news, and political events that affect forecasting accuracy. In this
thesis, we fit the ARIMA and SVM models to PALTEL`S stock market price time
series data and used these models to forecast future observations (for 38 weeks). The
results of applying the ARIMA and SVM methods were compared through the RMSE
results. The most important finding was that the minimum RMSE of the natural
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logarithms of PALTEL`S stock market price time series using the SVM model equals
0.01956, while for the ARIMA model it was 0.0026. Notice that the first value has
been computed directly from the logarithms of the series while the last value has been
computed from the differenced logarithms of the series. Thus, two values are not
comparable and do not mean that RMSE of the natural logarithms of PALTEL`S
stock market price time series computed using the ARIMA model is less than that
computed using the SVM model. Finally, we can conclude from the above discussion
that the results for SVM provided a more accurate and more efficient forecasting
technique for such financial data than the ARIMA model did.
We can also conclude that SVMs provide an alternative, promising technique
compared to time series forecasting using Box-Jenkins methodology. It offers
important advantages over other methods, such as having a smaller number of free
parameters and producing more accurate forecasts. Although there is little effect on
the generalization error with respect to the free parameters of SVMs, we believe that
there is still much room for improvement in SVMs with respect to forecasting
financial time series. Future work should focus on this possibility.
Recommendations:
In this thesis, model uncertainty was accounted for the two considered models
namely the Box-Jenkins Method and support vector machine method. From the
discussion in this thesis we can recommend that:
1. The SVM Method is more efficient for forecasting stock market prices, and
should be further developed and widely used .
2. With the development of the prediction of financial time series, we can use
algorithm based on support vector machine- was proposed in this thesis - to
improve the precision of prediction of stock market prices for companies.
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