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Abstract

This study aimed to compare two different approaches of modeling and
forecasting time series data, namely artificial neural networks (ANN), as a
modern method of forecasting technique with the classical approach of BoxJenkins model. The comparison between the two approaches are based on a
data set of the number of deaths from heart disease in the Gaza Strip.
The data used in this study is a time series which represent the monthly
scores of heart disease deaths in the Gaza Strip comprising 132 observations
and cover a period of 10 years according to registration records of the
Palestinian Health Information Unit.
The study aimed to evaluate the performance of Autoregressive
Integrated Moving Average (ARIMA) models, and Artificial Neural Networks
(ANN) as forecasting techniques to find the best ARIMA model for the heart
deaths in the Gaza Strip, to find the most suitable ANN model for the series, to
compare the two methods based on forecast and using (AIC), (BIC), and
(RMSE), and to propose the best model that can be used for forecasting the
future number of heart deaths in the Gaza Strip.
A comparison has been made between the results obtained from applying
both ARIMA and ANN methods, and the results clearly showed that the results
of ARIMA model are much better than those of the ANN model, which made
the forecast more efficient with less RMSE.
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ملخص باللغة العربية

ْذفج ْزِ انذساست إني يماسَت بيٍ لذساث انخُبؤ باسخخذاو طشق كم يٍ انشبكاث انؼصبيّ
االصطُاػيت (ًَٔ )ANNارج بٕكس-جيُكيُض ( )ARIMAانخمهيذئّ .حسخُذ ْزِ انًماسَت
يٍ خالل دساست كفاءة انًُارج انسابمّ ٔلذسحٓا ػهي انخُبؤ بؼذد حاالث انٕفاة بأيشاض انمهب
في لطاع غضِ نفخشاث صيُيّ يخؼذدة ٔرنك باسخخذاو انبياَاث انشٓشيّ نؼذد حاالث انٕفاة
بأيشاض انمهب يُذ  01سُٕاث ٔحظى  021يشاْذة ٔفما ً نسجالث حسجيم ٔحذة انًؼهٕياث
انصحيت انفهسطيُيّ.
ْٔذفج انذساست نخميى اداء ًَارج االَحذاس انزاحي انًخكايم نهًخٕسطاث انًخحشكت
(ٔ )ARIMAكزنك انشبكاث انؼصبيّ االصطُاػيت ( )ANNكخمُياث حُبؤ نهخؼشف ػهي
انًُٕرج انزي يكٌٕ افضم يالئًت نهسهسهت انضيُيّ .
ٔحى اسخخذو انؼذيذ يٍ االسانيب نهحصٕل ػهي افضم ًَٕرج ٔيُٓا ), )AIC(, )RMSE
( .) BICانزي يًكٍ اسخخذايّ نهخُبؤ انًسخمبهي نؼذد حاالث انٕفاة انُاجى ػٍ ايشاض انمهب
في لطاع غضِ .
ٔلذ حى اجشاء انًماسَت بيٍ انُخائج انخي حى انحصٕل ػهيٓا يٍ خالل حطبيكٔ ARIMA
ٔ ANNأظٓشث بٕضٕح اٌ َخائج  ARIMAكاَج افضم يٍ حهك انخي أظٓشْا ANN
االيش انزي جؼم انخُبؤاث اكخش كفاءة يغ الم . RMSE
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Chapter 1
INTRODUCTION
1.1– Background:
Forecasting future events based on the basis of historical and present data,
captured people's attention and specialists dramatically. Several techniques have
been developed to address this problem and predict the future behavior of a
particular series of events. Forecasting is one of the main statistical tools that are
used in the making of future strategies.
The most well-known and widely used models for forecasting future points
in time series are based on linear probabilistic models using the autoregressive
(AR), the moving average (MA), the autoregressive moving average (ARMA), and
the integrated ARMA models for time series. The use of these models is very
common because the processes are easy to understand, and the results are easy to
interpret. However, ordinary least squares methodology is inefficient to use with
complex or nonlinear models . It requires imposing, strict assumptions on the
model specifications during the estimation of the parameters, to achieve
meaningful results, (Box and Jenkins, 1994).
Recent studies have shown that many relations, usually non-linear, are found
in either parameters or even nonstationary. Nonlinear least squares methods seem
to be the most commonly used in order to estimate the parameters in the non-linear
models. However, it is very difficult to draw a standard formula for the parameters
in these models or even nonstationary. The researcher found that there are other
techniques that can be applied to time series forecasting and may overcome the
problems of non-linearity and nonstationarity future series. These techniques
include Artificial Neural Networks (ANN) methods, which has been used in
forecasting in many fields, (Trippi and Turban 1996). The use of ANN in this
domain increased because of their ability to form a complex non-linear systems
-0-

based on sample data. Applications of ANN received a great attention in recent
years in many fields because of their enormous storage capacity and capabilities of
learning and prediction, (Dunis and Williams, 2002). The use of forecasting
results help decision makers to define the size of the problem. The process of
disease prediction clarifies, to officials, the need of taking decisive decisions to
discover the causes which help increasing these diseases, protections from them
and know other reasons and risk factors of the disease.
1.2– Research Problem:
One of the problems of forecasting lies in the use of appropriate methods to
fit the time series depending on the nature of data. It is well known that, most real
time series data are either non-linear or nonstationary, which forms a problem
when using the traditional statistical methods, such as regression analysis,
exponential smoothing, and Box-Jenkins (ARIMA) models. The results of
forecasting using these methods are not easy to use for forecasting when the time
series data are non-linear or nonstationary . However, many research works such
as Zhang (2003) and Rutka (2008), assert the artificial neural networks (ANN) are
easy to use when the data is non-linear or nonstationary. In this study, the
researcher will attempt to find the best forecast method for the data covering the
death cases resulting from heart diseases in Gaza Strip. Thus, the researcher aims
to compare two different approaches of modeling and forecasting time series data,
namely artificial neural networks (ANN), as a modern method of forecasting
technique and the classical approach of Box-Jenkins model (ARIMA). The
comparison between the two approaches will be based on a data set of the number
of deaths from heart disease obtained from the medical records of the Ministry of
Health in the Gaza Strip.
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1.3– Objective of the Study:
The aim of this study is to evaluate the performance of Autoregressive
Integrated Moving Average (ARIMA) models, and Artificial Neural Networks
(ANN) as forecasting techniques in the forecasting of heart disease deaths in the
Gaza Strip. Doing this, the following goals will be achieved:
1. Finding the best ARIMA model for the heart deaths in the Gaza Strip.
2. Finding the most suitable ANN model for the series.
3. Comparing the two methods based on Forecast and using the Akaike
Information Criterion (AIC), the Bayesian Information Criterion (BIC), and
(RMSE).
4. Proposing the best model that can be used for forecasting the future number of
heart deaths in the Gaza Strip.

1.4– The Data :
Data used in this study is a time series which represent the monthly scores of
heart disease deaths in the Gaza Strip, registered in the Palestinian Health
Information Unit. The number of observations is 132, representing the period from
the first of January 2000 until the end of December 2010.
This center concerned with gathering information and series as a database
for many of health domains including infectious disease, laboratories, first aid,
emergency, impediment, newborn babies etc.. Moreover, it concerned in death
rates and the causes of death including heart disease. They get the numbers from
death certificates through one sources affiliated to health ministry, this source is
public hospitals.
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1.5- Limitation of the Study
This study is conducted as a time series to represent the monthly scores of
heart disease deaths in the Gaza Strip, registered in the Palestinian Health
Information Unit covering the period from the first of January 2000 until the end of
December 2010.
1.6 – Research Methodology:
In this study the researcher is going to apply two different methods to predict
future values for the same time series of the monthly numbers of heart disease
deaths in the Gaza Strip, and conduct a comparison between the results of the two
methodologies in order to determine which model is better to use in similar
situations. Methodologies used are:
 Artificial Neural Network (ANN) Forecasting Techniques for time series.


Autoregressive Integrated Moving Average Models (ARIMA) for modeling
and analysis of time series.

The researcher will then conduct a comparison between the two models using R
software to find the best ANN and ARIMA models to fit the time series and get the
best possible forecasts.
1.7– Literature Review:
In this section the researcher will briefly discuss some previous studies
which conducted comparisons between the use of traditional methods and neural
networks in time series forecasting in several applications.
E. Maasoumi et al. (1994) conducted a study on a group of 14 different time
series in macroeconomics, and found that among the models and projections
performed the ANN method was the best.
Hansen et al. (1999) found that the neural networks which were determined
by genetic algorithms outperform ARIMA forecasting models in six of the
different time series originally published by Box and Pierce (1970) and more
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recently by McDonald and Xu (1994). The developments in ARIMA model
improved forecasting performance over standard ordinary least squares estimation
by 8% to13%. In contrast, neural networks achieve dramatic improvements of 10%
to 40%.
Tkacz and Hu (1999) examined whether artificial neural networks can be
used in modeling the increase in production based on monetary and financial
variables. The results indicate that ANN forecasting performances were better
than those of the linear models.
Tkacz (2001) attempted to forecast the GDP of the Canadian economy using
monetary and financial variables. In his study, the author compared time series
models (ARIMA and exponential smoothing) and linear models on the one hand
and artificial neural network models on the other hand. The results indicated that
the error values of ANN model was less than those of the other models, especially
in long run of GDP forecasting. In other words, the prediction using ANN model
performs better in the long run.
Zhang (2003) used a hybrid approach which is the combination of ARIMA
and ANN models. The results obtained were very encouraging with this approach.
Junoh (2004) forecasted the GDP of Malaysian economy by using
information based on economic indicators. In this study, the author compared ANN
and econometric approaches and showed that ANN had better results in GDP
forecasting.
Mohammadi et al. (2005) conducted a study by applying different methods
for forecasting spring inflow to the Amir Kabir reservoir in the Karaj river
watershed. Three different methods, artificial neural network, ARIMA time series,
and regression analysis between some hydroclimatological data and inflow, were
used to forecast the spring inflow. The performances of the models were
compared and the ANN model was found to model the flows better. Thus, ANN
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proved to be an effective tool for reservoir inflow forecasting in the Amir Kabir
reservoir using snowmelt equivalent data.
Recep (2008) applied both ANN and ARIMA models to measure their
success in GDP forecast and modeling. The study was conducted on the Turkish
economy, and the data used comprised the time period from the first quarter of
1987 to the third quarter of 2007. MAE, MSE and RMSE were used in the
comparison of both models. The model that had these criteria low was superior to
the other model. In this context, the results obtained revealed that ARIMA model
was superior to ANN model in GDP forecasting.
Rutka (2008) conducted a study to forecast the network traffic using ARIMA
and Neural Networks Models. The author concluded that ARIMA models were
easier to use for training and forecasting, but the prediction results showed that
they were not very accurate. In contrary, the ANN models were more complex in
training and simulation, but they gave much better results compared with ARIMA
models.
Nitin Merh et al. (2011) attempted to develop two models, one using threelayer ANN (4-4-1) and the other using ARIMA (1, 1, 1) for forecasting the future
index value of Sensex. Simulations were done using prices of daily open, high,
low and close of Sensex. These were chosen as input data values, while the output
was the forecasted closing price of Sensex for next day. Convergence and
performance of models were evaluated on the basis of the simulation results.
Forecasting accuracy obtained for ARIMA (1, 1, 1) proved to be better than ANN
(4-4-1). ANN performed slightly worse than ARIMA when predicting 30 days
ahead. But it was not possible to generalize from the results that ARIMA would
always perform better than ANN because the authors used the absolute percentage
error for comparing performance.
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Okasha and Yassen (2013) applied neural networks(ANN) methods on
forecasting the daily data of Al-Quds Index of Palestinian Stock Exchange Market.
ANN proved to be useful as an alternative method to Box-Jenkins approach,
particularly in the case of nonlinear data and for forecasting many future values.
The forecasting capabilities of ANN were studied and compared with traditional
ARIMA models through fitting both ANN and ARIMA models to forecast the
logarithms of the daily data of Al-Quds Index in 3 years, and the results of ANN
proved to be more efficient than those of the ARIMA models.
Okasha (2014) investigated the application of Support Vector Machines in
financial forecasting. 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 RMSE of the natural algorithms of the data.
The author concluded that the result of the SVM provided a more accurate model
and more efficient forecasting technique for such financial data than both ANN
and the ARIMA model.
From the above discussion the researcher can safely say that, depending on
the type and quality of the data set, some research works consider ARIMA as a
good alternative for ANN, and some other research works see the opposite many,
which is true in some cases. It should also be noted that for the majority of
economic data sets, ANN is a better approach for accurate forecast. Therefore, due
to nature and type of the data for the this study – derived from medical recordings the researcher will attempt to find the best approach for forecasting the number of
heart deaths in the Gaza Strip.
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1.6– Organization of Study:
In the next chapter (Chapter 2) the researcher will discuss some traditional
methods of forecasting time series, and focus on the use of Box-Jenkins (ARIMA).
In chapter 3, models the researcher will discuss in details Neural Networks
modeling techniques, discuss basic theory underlying the construction of Neural
Networks architecture, and show how to approximate the system with FeedForward Neural Network techniques.
In chapter 4, the researcher will study the description of the data, choose of
the best forecast based on ARIMA, choose the best forecast based on ANN,
compare between the two models, and finally draw conclusions and
recommendations based on the results of the study.
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Chapter2
Box and Jenkins Approach to Model Building and Forecasting

2.1. Introduction:
The time series forecasting assumes that the future value is a linear
combination of historical data. There are several time series forecasting models;
however, the most highly popularized approach to fit such models is Box –Jenkins
for fitting ARIMA model, which was successfully applied in health time series
forecasting, and also as a promising tool for modeling the empirical dependence
between successive time among the failures.
2.2. Overview of Basic Concepts:
Before broaching the structure of ARIMA model, it is important to give a
brief overview of the basic concepts of linear time series analysis, such as
stationarity, seasonality, unit-root nonstatinoarity and a short reference to most
classical common types of time series forecasting process.
2.2.1. Stationarity:
Broadly speaking, a times series is said to be stationary if the variance and
the autocovairance (at various lags ) remain the same no matter at what point one
measures them, which means that they are constant over time. Whereas a time
series Yt is said to be strictly stationary if the joint distribution of
(Yt1,Yt2,………,Ytr) and of (Yt1-t, Yt2-t,………..,Ytk-t) are identical for all t1,
t2,……tk and all choice of time lag (t) where

is any positive integer and

t1…….,tk is a collection of k positive integers. Strict stationarity requires that the
joint distribution of (yt1,……….ytk) is invariant under time shift.

-8-

Figure 2.1: Sample path of a stationary process.

This is a very strong condition that is hard to verify empirically. A weaker
version of stationarity is often assumed. A time series yt is weakly stationary if
both the mean of yt and the covariance between yt and yt-s are time –invariant,
where (s) is an arbitrary integer. Thus, yt is weakly stationarity if:
* E(yt ) = µ, which is a constant, for all t.
* Cov (yt , yt−s) = γs, which only depends on all time t and lag s.
In weakly stationarity, one assumes that the first two moments of yt are finite
from the definition, if yt is strictly stationary, and that its first two moments are
finite, then yt is also weakly stationary, (Tsay, 1984). Thus, a strongly stationarity
process is one whose probability distribution does not change over time, while a
weakly (or covariance ) stationary process has finite and constant mean, variance,
and autocovariance.
2.2.2. Seasonality:
In addition to trend, a series quite commonly display seasonal behavior
where a certain basic pattern tends to be repeated at regular seasonal intervals.
Figure.(2.2) displays the monthly totals of international airline passengers for
1952, 1953, and 1954. It is part of a longer series (12 years of date), the series
shows a marked seasonal pattern since travel is at its highest in the late summer
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months. There is a strong upward trend but also a seasonality that can be
seen, (Box and Jankins, 1994)

Figure 2.29 Monthly totals of international airline passengers in thousands.

The seasonal pattern may additionally and frequently display constant
change over time as well. Thus, as regular differencing was applied to the overall
trending series, seasonal differencing (SD) is applied to seasonal nonstationarity as
well. Likewise, autoregressive and moving average tools are available with the
overall series, just as they are available for seasonal phenomenon using seasonal
autoregressive parameters (SRA) and seasonal moving average parameters (SMA),
(Brockwell and Davis, 1996 and Barry, 2002).
2.2.3. Autocorrelation Function (ACF):
The correlation coefficient between two random variables X and Y measures
the strength of linear dependence between X and Y, and takes values between -1
and 1. The correlation coefficient between Yt and Yt-k is called the lag-k
autocorrelation of Yt and is commonly denoted by ρk, which under the weak
stationarity assumption is a function defined by:
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Where
Since ρk is a correlation,
-1 ρk 1,
ρk =

and

ρ0 =1.
As a matter of fact, a linear time series model can be characterized by its
autocorrelation function (ACF), and linear time series modeling makes use of the
sample ACF to capture the linear dynamic of the data.
2.2.4. Partial Autocorrelation Function (PACF):
Partial autocorrelation function is defined as the correlation between Yt and
Yt-k after removing of the effect of the intervening variables Yt-1, Yt-2, Yt-3 ,., Yt-k.
This coefficient is called PACF at lag

and will be denoted by kk One of the

methods of calculation are based on the account partial regression coefficient

kk

in the equation:

kk calculated from the relationship:

If ρ1 is non-zero, it indicates that the serial is first orders serially correlated, and
since ρk tails off geometrically with increasing lags, and PACF cuts off after
certain lag, it means that the model is autoregressive process. If ρk is cut off after
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a small number of lag, and( PACF) tails of geometrically with increasing lags, it
means that the model is moving average process (MA), (Box and Jankins, 1994;
Barry, 2002; Cryer and Chan, 2008).
2.2.5. White Noise (WN):
A time series rt is called white noise if rt is a sequence of independent and
identically distributed random variables with finite mean and variance. If rt is
normally distributed with mean zero and variance

2

, the series is called a

Gaussian white noise. For a white noise series, all the ACFs are zero. In practice,
if all sample ACFs are close to zero, then the series is a white noise series, (Rueys
and Tsay, 2002)
2.2.6. Random Walk Process:
A time series {Pt} is a random walk if it satisfies:
Pt= Pt-1 + at
(2.4)
When P0 is a real number denoting the starting value of the process, {at }is a white
noise series. A random walk process is generally an approach used in the equity
market to describe, for example, the behavior of stock prices or exchange rates.
The process continually drifts from any expected value in a specific period of time.
In this approach it is not considered any constant value or constant variance over
time. Thus, one has two types of random walk process: The first is Random walk
without a drift in Eq (2.4) (no constant or intercept term), and random walk with a
drift (2.5) (a constant term is present).

(Rueys and Tsay, 2002).
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2.3. General Linear Process:
Let yt denote the observed time series, and let et represent an unobserved
white noise series. That is, a sequence of identically distributed, zero-mean, and
independent random variables. A general linear process yt is one that can be
represented as a weighted linear combination of present and white noise terms as;

where

=1 .

For our purposes it suffices to assume that;

An important nontrivial example to which one will return to is the case when the
is from an exponentially decaying sequence.

Where

is a number strictly between -1 and 1 .

Then;
(2.8)
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From a general linear process;

(Box-Jenkins, 1994; Cryer and Chan, 2008).
2.3.1. Autoregressive Process (AR):
Autoregressive process (Yt) satisfies the equation;

The current value of the series Yt is a linear combination of the p most
recent past values of itself plus an “innovation” term et that incorporates everything
new in the series at time t that is not explained by the past values. For every t one
assumes that et is independent of Yt-1, Yt-2, and Yt-3.
More generally, one says that a variable Yt is autoregressive of order p,
AR(p), if it is a function of its p past values and can be expressed as

when et is a white noise, i.e. a random number from a distribution with the
following properties:
E (et) = 0
Var (et) = σ2 and
Cov (e t−s , e t) = 0 , if s ≠ 0, (cryer and chan, 2008).
2.3.2. Moving Average Process MA:
A time series {Yt} is said to be a moving average process of order q (MA(q)) if it
is a weighted linear sum of the last q random variables so that
- 04 -

where the

are white noise WN(0,

), and the coefficient

equals 1.

The terminology moving average arises from the fact that Yt is obtained by
applying the weights,1,- θ1,- θ2 ,…….,- θq, to the variable Ɛt, Ɛt-1 , Ɛt-2,…., Ɛt-q, and
then moving the weights and applying them to, Ɛt+1 , Ɛt, Ɛt-1 ,…. , Ɛt-q+1, to obtain
Yt+1, and so on. Moving average models were first considered by (Wold, 1938 and
Crier and Chan, 2008).
2.3.3. Autoregressive Moving Average Process ARMA:
An autoregressive moving average process (ARMA) is a combination
between the autoregressive model and moving average model. In general, an
ARMA(p, q) is a combination of an AR(p), equation (2.11) and MA(q), equation
(2.13), and can be written as:

where:
at : is a white noise series, and
p and q: are non-negative integers.
Using the back-shift operator, the model can be written as :

since the;
is the (AR) polynomial of the model.
is the (MA) polynomial.
The moving average terms on the right of (1.13) will not affect the argument
of stationarity conditions for Autoregressive process. Thus

will

define a stationary process provided that the characteristic equation

has
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all its roots lying outside the unit circle, (Box and Jenkins, 1994; Rueys Tsay,
2002).
2.3.4. Autoregressive Integrated Moving Average process ARIMA:
ARIMA is popularly known as the Box-Jenkins methodology, but
technically known as the ARIMA methodology, these methods’ emphasis is not on
constructing single or simultaneous equation models, but on analyzing the
probabilistic, or stochastic properties of economic time series on their own under
time philosophy “let the data speak for themselves”. Unlike the regression models,
in which Yt is explained by n repressor X1,X2,…..,Xn, the ARIMA time series
models allow Yt to be explained by past, or lagged values of Y itself and stochastic
error terms.
For these reasons, these models are sometimes called theoretic models
because they are not derived from any economic theory; economic theories are
often basis for simultaneous equation models. The previously mentioned models
are based on assumptions that the time series involved are (weakly) stationary.
However, it is known that many economic time series are nonstationary, that is,
they are integrated. If a time series is integrated of order 1 , i.e. I(1), its first
difference are I(0), that is stationary. Similarly, if a time series is I(2), then its
second difference is I(0). In general, if a time series is I(d), after differencing it d
times, one obtains an I(0) series.
A nonstationary series Yt should be first transformed into a stationary one by
considering relevant differences:

where wt is a stationary process.
is the difference operator.
Then the corresponding model can be written as:
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Or

Where

,

, and were defined before and

is constant and

usually referred to as a trend parameter. The model is called the autoregressive
integrated moving average ARIMA model of order (p ,d ,q), which is called
“integrated” since Yt can be thought of as the summation (integration) of the
stationary series wt.
The first task in estimating ARIMA model is to specify p (the number of
autoregressive terms), d (the number first differences or other transformation) and
q (the number of moving average terms). This task is known as model
identification as discussed in the next section. (Abraham and Ledolter, 2005; Box
and Jenkins, 1994; Cryer and Chan, 2008).
2.4. Model Identification:
2.4.1.Stationarity and Seasonality: The first step in model identification is to
determine if the series is stationary and if there is any significant seasonality that
needs to be modeled. A stationary is to maintain that the data possess constant
mean and variance by examining a time series plot to see if a transformation is
required to give constant variance, and examine the ACF to see if large
autocorrelation do not die out, indicating that differencing may be required to give
a constant mean. A seasonal pattern that repeats every kth time interval suggests
taking the kth difference operations or order. Be careful of overdifference. If
spikes in the ACF die out rapidly, there is no need for further differencing. A sign
of an overdifferenced series is the first autocorrelation close to -0.5 and small
values elsewhere,

2.4.2. Identify p and q: The next step is to identify the order (i.e., the p and q) of
the autoregressive and moving average terms by examining the ACF and PACF of
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our stationary data in order to identify what autoregressive or moving average
models terms are suggested. The sample ACF plot and the sample PACF plot are
compared to the theoretical behavior of these plots when the order is known.
2.4.3. Order of Autoregressive Process (p): Specifically, for an AR(1) process,
the ACF should have an exponentially decreasing appearance. However, higherorder AR processes are often a mixture of exponentially decreasing and damped
sinusoidal components.
For higher-order autoregressive processes, the ACF needs to be
supplemented with a PACF plot. The PACF of an AR(p) process becomes zero at
lag p+1 and greater, so the researcher examines the ACF function to see if there is
evidence of a departure for zero. This is usually determined by placing a 95%
confidence interval on the sample PACF plot (most software program that generate
ACF plots will also plot this confidence interval). If the software program does not
generate the confidence band, it is approximately

, with N denoting the

sample size.
2.4.4. Order of Moving Average Process (q): The ACF of a MA(q) process
becomes zero at lag q+1 and greater, so the researcher examines the ACF to see
where it essentially becomes zero. The researcher does this by placing the 95%
confidence interval for the sample autocorrelation function on the ACF plot. Most
software that can generate the autocorrelation plot can also generate this
confidence interval. The PACF is generally not helpful for identifying the order of
the moving average process.
2.4.5. Mixed Models Difficult to Identify: In practice, the ACF and PACF are
random variables and will not give the same picture as the theoretical function.
This makes the model identification more difficult. In particular, mixed models
can be particularly difficult to identify.
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Although experience is helpful, many graphical tools have been proposed to
make it easier to identify the ARMA order, for example, the corner method
(Becuinj et al.,1980), the extended autocorrelation (EACF) method (Tsay and Tiao,
1984), and the smallest canonical correlation (SCAN) method (Tsay and Tiao,
1985), among other. The researcher will outline the EACF method, which seems
to have good sampling properties for moderately larger sample sizes according to a
comparative simulation study done by (W. S. Chan, 1999).
The EACF method uses the fact that if the AR part of a mixed ARMA
model is known, “filtering out” the autoregression from the observed time series
results in a pure MA process that enjoys the cut off property in its ACF. The AR
coefficients may be estimated by a finite sequence of regressions.
2.5. Model Estimation:
2.5.1. Parameter Estimation:
The parameters of the selected ARIMA(p,d,q) model can be estimated
consistently by least-squares or by maximum likelihood. Both estimation
procedures are based on the computation of the random variables Ɛt from the
values of the stationary variable.
The least-squares methods minimize the sum of squares,
(
The log-likelihood can be derived from the joint probability density function
of the innovations Ɛ1 ,…., ƐT, that takes the following form under the normality
assumption, Ɛt ~ (0,

):
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In order to solve the estimation problem, equations (2.15) and (2.16) should
be written in terms of the observed data and the set of parameters
ARMA(p,q) process for the stationary transformation

. An

can be expressed as:

Then, to compute the random variables corresponding to a given set of
observations

and parameters, it is necessary to count with the starting

values

. More realistically, the random variables should

be approximated by setting appropriate conditions about the initial values, giving
to conditional least squares or conditional maximum likelihood estimators. One
procedure consists of setting the initial values equal to their unconditional
expectations, that is,

For example, for the MA(1) process with zero mean, equation (2.17) is
. Assuming

, then the researcher computes the random

variables recursively as follows:

and so on. That is,
(2.18)
A second useful mechanism is to assume that the first

observations of

are the starting values and the previous random variables are again equal to zero.
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In this case the researcher runs the equation (2.17) from

onwards.

For example, for an AR(p) process, it is

thus, for given values of

and conditional on the initial values

can get random variables from

, one

until T. Both procedures are the same for

pure MA(q) models, but the first one could be less suitable for models
with AR components. For example, let us consider an AR(1) process with zero
mean and AR parameter close to the nonstationary boundary. In this case, the
initial value

could deviate from its unconditional expectation and the condition

could distort the estimation results. (Box and Jankins, 1994)
2.5.2. Conditional Least Squares:
Least squares estimation conditioned on the first

observations become

straightforward in the case of pure AR models, leading to linear Least Squares.
For example, for the AR(1) process with zero mean, and conditioned on the first
value

, equation (2.15) becomes the linear problem,

leading to the usual estimator:

which is consistent and asymptotically normal.
In a general model with a MA component the optimization problem (2.15) is
nonlinear. For example, to estimate the parameter
substitutes equation (2.18) in (2.15),
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of the MA(1) process, one

which is a nonlinear function of . Then, common nonlinear optimization
algorithms such as Gauss-Newton can be applied in order to get the estimates.

3.5.3. Maximum Likelihood:
The ML estimator conditional to the first

values is equal to the conditional

LS estimator. For example, returning to the AR(1) specification, one substitutes
the random variables

in the ML principle (2.16). Taking

logarithms, one gets the corresponding log-likelihood conditional on the first value
:

The maximization of this function gives the LS estimator. Instead of setting the
initial conditions, one can compute the unconditional likelihood. For an AR(1)
model, the joint density function can be decomposed as:

where the marginal distribution of
variance

is normal with zero mean, if

, and

. Then, the exact log-likelihood under the normality

assumption is:

where the second term

is equation (2.20). Then, the exact likelihood

for a general ARMA model is the combination of the conditional likelihood and
the unconditional probability density function of the initial values. As can be
shown for the AR(1) model, the exact ML estimator is not linear and these
estimates are the solution of a nonlinear optimization problem that becomes quite
complex. This unconditional likelihood can be computed via the prediction error
decomposition by applying the Kalman filter (Harvey; 1993), which is also a
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useful tool for bayesian estimation of ARIMA models (Bauwens, et al. 1999; Box,
et al. 1994). As the sample size increases the relative contribution of these initials
values to the likelihood tends to be negligible, and so do the differences between
conditional and unconditional estimation.
2.6. Diagnostic Checking (Checks on Residuals):
Having estimated the parameters one needs to check whether the model fits,
and, if it doesn’t, detect where it is going wrong. Whenever one fits a model, one
can estimate the , and if the model is correct, one would expect the

to behave

approximately like white noise.
2.6.1. Time Plot of Residuals:
A plot of
aginst

against should not show any structure. Similarly for a plot of

. If structure is seen, its form might suggest ways in which the model

might be modified, (Box and Jankins, 1994; Fieller, 2007).
2.6.2. ACF and PACF of Residuals:
The hope is that these will show the WN pattern: approximately
independent, mean zero, normal values, and variance
the correlogram at

. The plotting of lines on

given a quick visual check. The structure in the ACF

can indicate how the model might be modified, (Box and Jankins, 1994; Fieller,
2007).
2.6.3. Portmanteau Tests of the Residuals ACF:
Instead of checking visually whether each individual autocorrelation of
residuals,

, falls outside the bounds, it is possible to derive a numerical test for

blocks of autocorrelations simultaneously, hence called a portmanteau test. The
idea is that if the autocorrelations were independent zero-mean normal variables
with variance then
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Would have a
value of

distribution on

degrees of freedom, and so an observed

greater than, say, the 95 percentile of

would cast doubt on the white

noise hypothesis. Even if the autocorrelations are not exactly normal, the above
should still be approximately true. Several refinement of this test have been
developed to give a better approximation to a

distribution. For example, if the

underlying model is ARMA(p,q), Box & Pierce (1970) showed that

is a better approximation, and Ljung & Box (1978) showed that a better
approximation still is obtained by using the statistic

which follows a

distribution more nearly. This is the modified Box-

Pierce or Ljung-Box-Pierce statistic, (Box and Jankins, 1994).
2.6.4. Normal Plot:
The normal probability plot is a graphical technique for normality testing:
assessing whether or not a data set is approximately normally distributed. The data
are plotted against a theoretical normal distribution in such a way that the points
should form an approximate straight line. Departures from this straight line
indicate departures from normality. The normal probability plot is a special case
of the Q–Q probability plot, for the case of a normal distribution.
2.7. Model Selection Criteria:
In time series analysis there may be several adequate models can be used to
represent a given data set. Sometimes the best choice is easy, other times the best
choice can be very difficult. Thus, various criterions for model assumption have
been introduced in the literature for model selection. They are different from the
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model identification methods, model identification tools such as ACF,
PACF, are used only for identifying adequate models. Residuals from all adequate
models are white noise for a given data set. When there are multiple adequate
models, the selection criterion is normally based on summary statistics from
residuals computed from a fitted model or on forecast errors calculated from outsample forecast. In this section, one introduces some model selection criteria.
The AIC is a measure of the relative quality of a statistical model, for a
given set of data. As such, AIC in eq.2.21-a provides a means for model selection.
The BIC is a criterion for model selection among a finite set of models, it is
defined as in eq.2.21-b. It is based, in part, on the likelihood function and it is
closely related to the AIC.
In AIC and BIC, one chooses the model that has the minimum value of:
AIC= -2 log(L) + 2m,

(2.21-a)

BIC = -2log(L) + m log n,

(2.21-b)

Where
L is the likelihood of the data under a certain model,
n is the number of observations, and
m is the number of parameters in the model.
The number of parameters is m = p + q for an ARMA (p, q) model. (Dahyot, 2011)
2.8. Forecast Generation:
The final model is used to generate predictions about the future values of
and then calculate the forecast errors as developments of new values watch from
the time series and control of these errors in the so-called Control Charts and
developed for the acceptance by a specific error if exceeded prediction error reexamined in the form and returned the cycle again by selecting another candidate
model, (Barry, 2002).
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2.9. Summary:
In this chapter the researcher described in details the concepts of the Box
and Jenkins approach for fitting ARIMA models. In chapter (4) the researcher is
going to apply all those concepts on the heart deaths data set and compare the
results with those of the ANN model fitting.
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Chapter 3
Artificial Neural Networks Approach to Forecasting
3.1. Introduction :

Artificial Neural Networks Approach is an information processing
technology inspired by studies of the brain and nervous system, which is facilitated
by the complex system of sending and receiving electrical impulses. These facts
have fascinated numerous researchers and led to the creation of a cognitive
science. It is also known as artificial intelligence. The construction of a network,
known as an artificial neural network (ANN) simulates brain characteristics.
Neural derives from neuron, and artificial from the fact that it is not biological,
which are made possible with electronic computers, ability to swiftly perform
complex operations.
3.2. Historical Background of ANN:
For the purpose of this study, the researcher finds that it is important to give
a brief historical background on ANN. The proponents of this method were
McCulloch and Pitts (1943), who developed the first computing machines that was
intended to simulate the structure of the biological nervous system and perform
logic function through learning, as in fig (2.1):

Figure 2.1: Artificial neuron of McCuUoch and Pitts (1943).

- 17 -

The output resulting from this network was a combination of logic functions,
which were used to transmit information from one neuron to another. This
eventually led to the development of the binary profit model. According to this
model, the neural unit could either switch on or off depending on whether the
function was activated or not. A threshold determines the activation of the system;
if the input is greater than the threshold, then the neuron is activated and is equal to
(1), otherwise it is (0).
Hebb (1949) introduced the first learning law, which is also known as Hebb
learning rule. It is based on simultaneous combination of neurons and is capable
of strengthening the connection between them. On an advanced step, Rosenblatt
(1962) developed an advanced model that had ability to learn; of which the best
known is the “Perceptron”. It is a single feed-forward network. The output
obtained from this single layer is the weighted sum of different inputs.
A significant advance in Neural Networks came in (1967) with the
introduction of the smooth sigmoid function as an activation function by Cowan.
This function has the ability to approximate any nonlinear function. Instead of
switching from off to on like the perception mode, the activation function assists
the output function to turn on gradually when it is activated as shown in fig (2.2):

Figure 2.2: Nonlinear model of neuron.
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To develop this approach and advance it, Werbos (1974) published the “backpropagation” learning method. The back-propagation technique enables the
determination of parameter value for which the error is minimized. Prior to the
introduction of back-propagation method, it was difficult to determine multiple
parameter values, which made it easier for statisticians to easily process their work.
3.3. Neural Networks Models:
3.3.1. Feed-forward Neural Network (feed-forward NN):
A simple neural network architecture allows only unidirectional forward
connection among neurons, which is called a feed-forward neural network. The
simplest type of feed-forward NN, or perceptron, consists of only one layer of p
neural units connected with a set of n input terminals as in fig (2.3):

Figure 2.3: A Perceptron.
It is a common convention not to include the set of input terminals in the
count of the network layers because they do not play any active role in the
information processing. The number p of output is the same as the number of
neural units.
In a perceptron “feed-forward” each output Oi is an explicit function of the
input vector X = [x1, x2,... ,Xn]T , which can be straight forwardly calculated after
propagating the input values through the network as in eq. (2.1)
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where ai indicates the net input to neuron i and wik the weight connecting the i-th
output unit Oi with the k-th input value xk , being xk  [0,1], k = 1,..., n , and yi 
[0,1],

i = 1,...,p . Considering a virtual input parameter x0 permanently set to +1 ,

the threshold value Wi0 of the activation function of neuron i has been inserted in
to the sum in eq (2.1).
Perceptron has received a major blow at the end of the 60’s when Minsky
and Papert (1969) published the famous book (Perceptrons), and demonstrated that
the perceptron can’t implement the logic operation (XOR), the solution to this
problem was simple, but it took a quarter of a century to find the multi-layer
Perceptron, (Rumelhart, Hinton and Williams, 1986).
3.3.2. Multilayer Feed forward Neural Networks:
Networks with more than one layer of artificial neurons are called
Multilayer
perceptrons (MLP), or Multilayer, when only forward connections from the input
towards the output are allowed: feed forward NN.
MLP consists of a set of input terminals, an output neural layer, and a number of
layers of hidden neural units between the input terminals and the output layer as in
figure. (2.4), (Berthold and Hand, 2002).
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Figure 2.4: Architectural graph of multilayer perceptron.

A two-layer feed forward neural network, like the one in figure. (2.5a), with
step activation function can implement any Boolean function provided that the
number of hidden neurons H is sufficiently large, (McCulloch and Pitis, 1943).

Figure 2.5-a9 A two-layer feed forward neural network can implement any Boolean
function.
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Figure 2.5-b9 A two-layer network
(reproduced from, Hertz and Palmer, 1991 ).
Let us suppose that one is dealing with a fully connected multilayer
perceptron with L layers, l = 0 , 1 , . . . , L, with l = 0 denoting the set of input
terminals, and l = L the output layer. Each layer l has n(l) neurons. The output
value Oi of each unit i in layer l can still be calculated by means of formula (2.1),
where inputs xk to unit i corresponds to outputs ok in layer l - 1. That becomes in
eq. (2.2).

where ai represents the net input to unit i , fi( ) its activation function and n(l-1)
the number of units in layer l — l. If layers l-1 and l are only partially connected,
the sum in eq. (2.2) has to be changed to cover only the units k in layer l – 1 that
feed unit i in layer l.
In a two-layer feed-forward neural network (L = 2) with only one output unit Oi
(p = 1) with a linear activation function f(b) =b , the mapping function from the
input to the output can be written as.
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where v Tk  represents the vector of weight connections from the input vector x in
layer l = 0 to unit k in the hidden layer l = 1, and Wik is the weight connection
between unit k in the hidden layer l = 1 and output unit i in the output layer l = 2.
Eq. (3.5) looks similar to a general nonlinear regression mapping. The main
difference is that in neural networks, hidden neurons usually refer to the same
activation function fk(.) = f(.) for all k, but in nonlinear regression techniques
different functions fk(.) can be used for different k, (Berthold and Hand, 2002).
Indeed multi-layered Perceptrons can be interpreted as a special case of non-linear
regression techniques, (Hwang, Martin and Schimert, 1994 and Bishop, 1995).
Hidden layers capture all non-direct relationships between input and output
variables. All intermediate variable are represented in ANN as unknown units.
Due to the lack of information about the variables represented in the hidden layers,
ANN is called by most researchers a "Black Box". Furthermore, the number of
hidden layers and units in each hidden layer are related to the ability of network to
approximate more complex functions; however, networks with complex structures
do not perform necessarily better. These networks seen more sensitive to noise,
which in turn obstructs the learning process. Although more hidden units in the
system normally result in better forecasts; too many hidden units may lead to overfitting on sample data. Thus, the decision concerning the number of hidden layers
is still based on trial and error, (Kamruzzaman, Begg, and Sarker, 2006).
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3.3.3. Recurrent Neural Networks:
Artificial Neural Networks with the recurrent topology are called Recurrent
Artificial NN. A more successful approach to the analysis of time series by using
NN relies on Recurrent NN (RNN), (Berthold and Hand, 2002). A Neural
Network is called recurrent if cross auto and backward connections are allowed. A
very simple recurrent design is shown in fig (3.6) with only one layer of neural
units fully cross and auto-connected and no backward connections.

Figure 3.6: The simple recurrent network.

There are two types of (RNN): Jordan (JRNN), and Elman (ERNN), which is also
referred to as a simple recurrent network, which is special case of recurrent
artificial neural networks. It differs from conventional two-layer networks in that
the first layer has a recurrent connection. It is a simple three-layer artificial neural
network that has back-loop from hidden layer to input layer trough so called
context unit figure. (3.7):

Figure 3.7-a: Jordan Network
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Figure 3.7-b: Elman Network

The ERNN has typically sigmoid artificial neurons in its hidden layer. Elman
constructed the (ERNN) in (1988), to allow the neurons to depend not only on the
input variables Xi. but also on which feedback from their own lagged values such a
wag that the hidden layer output feeds back in to itself with a time delay before
sending signals to the output layer. Thus, the Elman network builds “memory” in
the evolution of the neurons. This type of network is similar to the commonly used
moving average (MA) process in time-series analysis (Mcnelis, 2002). Despite the
existence of many difficulties, the application of RNN proves to be successful in
time-series forecasting as a result of the internal feedback process.
3.4. Activation Function in ANN:
The computed weighted sum of inputs is transformed into an output value by
applying an activation function. The importance of activation functions lies in that
the information is sent to next neurons if it has been activated only. Neural
network models transmit information from the input layer to the output layer after
the passage of activity forming a certain threshold. After this threshold, a further
increase in input has negligible additional effect.
3.4.1. Types of Activation Functions:
The activation function, denoted by f (v), defines the output of a neuron in
terms of the induced local field (v). At this point three basic activation functions
can be identified.
1- The threshold function: this type of activation function is described in
figure.(3.8a):

In engineering literature, this form of a threshold function is commonly
referred to as a Heaviside function. In this model, the output of neuron
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takes on the value of 1 if the induced local field of that neuron is
nonnegative, and 0 otherwise.
2- Piecewise – Linear Function.
To exemplify the piecewise – linear function, it can be clarified if one
consider the results of figure. (3.8b):

This function again can take on the values of 0 or 1, but can also take on
values between that depending on the amplification factor in a certain region
of linear operation.
3- Sigmoid function.
The sigmoidal activation function is the commonly used, the fact that it’s
differentiable function is of particular importance in the training of neural
networks included.
- logic function whose domain is [0,1]

Where is a slep parameter, Note that the value of the activation function
range from 0 to 1 as shown in figure. (3.8c) down below.
-

The hyperbolic tangent function whose domain is [-1,1].

This activation function has the advantage of having the output interval, [-1,1],
thus, it can be used in ANN that need to approximate functions that can take on
negative values as shown in figure.(3.8d).
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Figure 3.8-a: Heaviside function (Haykin, 1994)

Figure 3.8-b: The piecewise linear function(Haykin, 1994)

Figure 3.8-c: the sigmoidal function(Haykin, 1994)
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Figure 3.8-d: hyperbolic function(Kabundi, 2002)
The neural networks model parameters are obtained by using the learning
algorithms. The success or failure of these learning algorithms depends on
whether or not the transfer function is differentiable. The most common nonlinear
function using the sigmoid function is preferred to a binary one, since the latter
renders a model difficult to train. In this instance, the error obtained during the
training process (which serves in the estimation of parameters) is constant, hence
the gradient does not exist or is zero, making the learning process impossible when
using some learning algorithms, such as backpropagation. With the sigmoid
function it is possible to tell whether the change in weight is good or bad because a
small change in the weights will generate some change in output. With the step
unit function, a small change in weight will usually generate no change in output,
(Haykin, 1994 and Kabundi, 2002).

3.5. Learning Rule:
The power of neural network models depends, to a large extent, on the way
their layer connection weights are adjusted over time. Usually the weights of the
ANN must be adjusted using some learning algorithm in order for the ANN to be
able to approximate the target function with a sufficient precision. A learning rule
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is defined as a method that modifies the weights and bias of a network. This
method is also known as a training algorithm.
The reason behind training is that the weights are divided into two sets: a
training set and a test set. The training set serves to estimate weights in the model.
Hence the learning process is a crucial phase in ANN modeling. The test set, on
the other hand, consists of 10% to 30% of the total data. The algorithm used to
estimate the values of parameters, depends on the type of ANN.

3.6. Back Propagation Learning Algorithm:

Back propagation is by far the most popular NN algorithm that has been
used to perform training on multi-layer feed forward neural networks. Back
propagation, or generalized delta rule is stated by Rumelhart and McClelland
(1986): “A method for transmission responsibility for mismatches to each of the
processing elements in the network by propagating the gradient of the activation
function back through the network to each hidden layer down to the first hidden
layer.” In other words, the network processes an output, which depends on the
network weights, (that initially are assigned random values usually between -1 and
1), input units, hidden units and the transfer function. The difference between the
process and actual output (target), known as network error is propagating
backward in to the network. The error is used to update weights. This process is
repeated until the total network error is minimized.
Neural networks method uses error to measure the difference between the
target value and the output value. The target function can be written:
Et=Tt-Yt

(3.10)

Since Tt is the targeted output of the tth iteration, and Yt is the computed output of
the tth iteration, the error function can be defined as:
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(3.11)
Since E is the sum of prediction errors for all training examples, prediction errors
of individual training example are in turn equal to the sum of the difference
between output values produced by the ANN and the desired (correct) values. The
goal of a learning is to minimize E for a particular set of training examples.

3.7. Backpropagation For Multilayer Feed Forward:
The backpropagation approach consists of four steps:
1- Choose some random initial values for the model parameters.
2- Calculate the gradient of the error function.
3- Change the model parameters so that one moves a short distance in the
direction of the greatest rate of decrease of the error.
4- Repeat second and third steps until it gets close to zero.
This algorithm is conclusive in neural network modeling as it improves the
learning process of the NN models. Application of the backpropagation algorithm
becomes possible for the ANN to learn from the past experience in a way similar to
the human brain. First a neural network is created and initialized (weights are set
to small random numbers). Then, until the termination condition is met, all training
examples are “taught” by the ANN. Inputs of each training example are fed to the
ANN, and processed from the input larger, over the hidden layers to the output
layer. If E is the value of the cost function, then the rate of change in E respect of
the weights θ is given by :

where θt is the vector of all weights of the network at tth iteration. When applying
the backpropagation rule, knowledge is accumulated through a learning process.
The network weights are determined by:
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Where: θt are network weights of tth iteration, θt+1 are parameters of (t+1)th
iteration, and  t is the learning process.
The NN learning experience entails update of the ∆(θ)t in order to decrease
the error made at each period so that NN learning method is similar to the learning
method of the biological nervous systems. The function ∆(θ)t can be written as:

where a is a positive constant called the learning rate.
Return to the error function (3.11), and (3.1), where

From (3.15) Eq (3.12) can be written as:

By using a sigmoid function as the activation function in the hidden layer, and a
linear activation function in the output layer, one has:

Where

Using the chain rule, the gradient



E
w Ji

is written as:
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From equation (3.19), one gets

Analysis of the residuals involves determining the value of:

Since E is the objective function represented by the equation (3.11), one has:

Similarly, the partial derivative of (3.17) with respect of u is

Substituting (3.20), (3.21), and (3.22) into (3.19), one has:

Equation (2.18) becomes
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Substituting (3.24) into (3.16), and thereafter into (3.15), one gets the number of
iterations and  t of the learning process as follows :

The learning rate at the distance between the actual output and predicted output
(Tt  t (X t ,t )) , and the activation function t (X t ,t ) . There are many

improvements of this algorithm such as momentum term, weight decay. However,
multilayer feedback in combination stochastic gradient descent learning algorithm
is the most popular ANN technique used in practical. Another important feature
of this learning algorithm is that it assumes a quadratic error function, hence it
assumes there is only one minimum. In practice, the error function can have (a
part from the global minimum), a multiple local minima. There is a danger for the
algorithm to land in one of local minima, and thus not be able to reduce the error to
the highest extent possible by reaching a global minimum, (Berthold and Hand,
2002 and Kabundi, 2002).
3.8. Evolutionary Algorithms:
The study of evolutionary behavior of biological process has produced a
qualitatively new background knowledge and a constructive impact on
development of new intelligent computational approaches to solving complex
optimization problems, valuable in mathematics, natural sciences, and engineering
The algorithms developed under the common term of evolutionary computation
generally start with the selection of an initial population as a possible initial set of
the problem solution. An EA uses some mechanisms inspired by biological
evolution: reproduction, mutation, recombination, and selection. Candidate
solutions to the optimization problem play the role of individuals in a population,
and the fitness function determines the environment within which the solutions
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exist. Evolution of the population then takes place after the repeated application of
the above operators. Artificial evolution (AE) describes a process involving
individual evolutionary algorithms; EAs are individual components that participate
in an AE (wikipedia.org).
3.9. Genetic Algorithm (GA):
Genetic algorithm are not designed for optimizing function, but for
modeling adaptive behaviors. In fact, genetic algorithms model is an evolution
process of specie in a genetic algorithm applied to optimization, a potential
solution is considered as an individual in a population, (Goldbery, 1989). The
value of the cost function associated with a solution measures the fitness of the
associated individual to its environment. A genetic algorithm simulates the
evolution during several generations of an initial population where individuals are
poorly fitted by means of genetic operators of mutation and crossover. After some
generations, the population is made of well-fitted individuals; in other words of
supposedly good solutions to the problem, (Dreyfus (2004)). The evolution
usually starts from a population of randomly generated individuals, and continues
to generations. In each generation, the fitness of every individual in the population
is evaluated, multiple individuals are stochastically selected from the current
population (based on their fitness), and modified to form a new population. The
new population is then used in the next iteration of the algorithm. Genetic
algorithms find application in bioinformatics, phylogenetics, computational
science, engineering, economics, chemistry, manufacturing, mathematics, and
physics, (wikipedia.org).
3.10. Summary:
In this chapter the researcher described in details the concepts of the
Artificial Neural Network for fitting ANN models. In chapter (4) the researcher is
going to apply on the heart deaths data set and compare the results with those of
the ARIMA model fitting.
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Chapter 4
Forecasting the Number of Monthly Heart Disease Deaths in Gaza Strip
4.1. Introduction:
In this chapter , the researcher is going to express the nature of the data source,
parameter estimation and forecast of the values by using both Box-Jenkins
technique and neural network technique furthermore, and make a thorough
comparison between the results of both techniques to know which technique is
better than the other.
4.2. Data and Descriptive Statistics:
The data of the current study are monthly observations of heart disease
deaths in the Gaza strip during the period from January 2000 to December 2010.
The data were taken at the end of every month. The total number of observations
is (132). The reason for using the data since 2000 is that it was the year of the
transformation of the Center from Health Research Center into the Palestinian
Health Information Unit. Moreover, the reason for collecting this data up to
2010 is that the death counts and the classification program run by the center
usually delays its publications for two years because of the examination of the
data. The data that the researcher analyzed in this study were obtained through
personal communication with the officials of the Palestinian Health Information
Unit.
Table.4.1 below shows the descriptive statistics of the series and indicates
that the mean of the time series equals 122.9, the median of the time series is
118.5, and the number of observations is 132.
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Table (4.1) Descriptive statistics of the data
Statistics
Mean`

122.9

Median

118.5

Maximum

268.0

Minimum

65.0

Std. Dev.

30.25

Observations

132

Since the data (Heart Disease Deaths) is a time series data, an overview of
the time series has been taken beginning with drawing a time series plot using R

200
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no.of deaths

statistical software to determine whether the time series is stationary or not.

2000

2002

2004

2006

2008

2010

Time

Figure 4.1-a : Graphical presentations of the original time series of the monthly heart disease
deaths in the Gaza Strip .

Figure.4.1-a displays a time series plot of the monthly heart disease deaths
recorded in the Gaza strip, over 132 months. The plot shows a considerable
variation in the number of deaths along the series. There appears to exist some
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periodical systematic fluctuations over the months. For analysis and
modeling purposes, interest arises in whether values of consecutive months are
related in some way. If so, one might be able to use previous months, deaths
values to help forecast future months deaths. Moreover, it might be seen that the
time series, plot, indicates that it is a nonstationary time series. This is because the
mean of the series is increasing over time and there is global trend but there seems
to be no seasonal variations.
From figure.4.1-a, it can be noticed that the month of January of the year
2007 indicates a very high recording of heart death cases. It can be declared on
outlier since it was an exceptional value, in that it was much higher than the
average of the series and higher than expected. This rise could be attributed to
errors in data entry or due to deliberate or careless registry of the cases of death by
doctors. However, to solve this problem the mean for the entire series was taken as
an outlier corrected value, and in this case it was 139. The time series plot of the

180
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no.of deaths

data after correcting the value of the outlier is shown in figure 4.1-b.
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Figure 4.1-b : Graphical presentations of the time series of the monthly heart disease deaths in
the Gaza Strip after correcting of the outlier .
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4.3. The Box-Jenkins Approach to Fitting ARIMA Model:
4.3.1. Achieving Stationarity of the Series:
One of the most well known unit root tests for testing the stationarity of a
series is the Augmented Dickey –Fuller (ADF) test. The testing for stationarity
procedure of the ADF test is applied to the model.4.1.
m

y t  0 1t  (   1) y t 1   i y t i   t (4.1)
i 1

where yt is the variable of interest, t is the time index, ρ is a correlation, the slope
and intercept are β0 , β1 respectively, εt is a pure white noise error term and Δ is the
first difference operator Δyt−1 = yt−1 − yt−2, Δyt−2 = yt−2 − yt−3, etc..
The results of the ADF test indicates that the monthly heart disease deaths in the
Gaza Strip’s series is a nonstationary series.
The autocorrelation function (ACF) shown in figure.4.2 indicates that many
values as "significantly far from zero", and the only pattern is a linear decrease
with increasing lag. The sample PACF is also indeterminate, and cut-off after the
first lag as seen in figure.4.2 . This means that one is dealing with a typical
correlogram of a nonstationary time series.
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Figure 4.2: The Correlogram of Heart Disease Deaths

The first difference of the heart disease deaths series is used in order to
achieve stationarity of the series. Dealing with the first difference makes the series
lose one of its observations. Therefore, the number of observations of the series Δt
has become 131 only. Figure 4.3 below illustrates the first difference of heart
disease deaths series Δt . This series appears to be a stochastic process that has a
joint probability distribution which does not change when shifted in time.
Consequently, parameters such as the mean and variance, also do not
change over time and do not follow any trend. For that reason, it can safely be said
that the series which was obtained is a stationary series.
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Figure 4.3: Graphical display of the 1st differencing of the heart disease deaths time series.

Looking at the correlogram, is a commonly used tool for checking the
stationarity of a data set such as the heart deaths series, as shown in figure 4.4. This
stationarity is ascertained by computing autocorrelations for data values at varying
time lags. The first remark from figure 4.3 was that it can be said that the series
has become stationary. The autocorrelations function (ACF) of the series figure
4.4 also asserts the fact that the series is stationary since the ACF is disappearing
quickly. Moreover, the stationarity of the series can be tested through the unit root
test.
The ADF test (the τ (tau) statistic) follows the same asymptotic distribution
as the Dickey-Fuller (DF) statistic, where both follow the t-distribution, and the
null hypothesis is ρ =1, that is, if there is a unit root – then the time series is nonstationary. The alternative hypothesis is that ρ is less than 1, that is, the time series
is stationary. The case of being bigger than 1 is impossible because in that case the
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original time series will be explosive, (Said & Dickey, 1984; Fuller, 1996;
Greene, 2002).
Table (4.2) The results for the Unit Root Test

Augmented Dickey-Fuller (ADF) test
Test for unit root in level
Null

Test for unit root in 1st
difference

Heart has unit root

Diff(Heart) has unit root

p-value is greater than

p-value is smaller than

printed p-value

printed p-value

Drift &

p-value is greater than

p-value is smaller than

Trend

printed p-value

printed p-value

p-value is greater than

p-value is smaller than

printed p-value

printed p-value

Heart time series

Diff(Heart) time series

nonstationary

stationary

Hypothesis
Drift

None

Result

Once again, as can be seen in table 4.2, in the heart deaths time series, the
null hypothesis is not rejected since the ρ=1, that is there is a unit root, the time
series is non-stationary. Since the hypothesis in first difference model is rejected,
the researcher conclude that the differenced series is a stationary time series. In
other words, after differencing the heart deaths data, the researcher achieved a
stationary time series.
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Figure 4.4: The Correlogram of Diff(death)

4.3.2. Fitting ARIMA Model for the Differenced Series:

The number of lagged difference terms is often determined empirically,
where the idea is to include enough terms so that the series becomes stationary
uncorrelated. Usually, what is needed is a compromise between a model that fits
well, but does not have too many parameters. There is no one way to do this, but
one technique is to use information criterion, which is defined as the Akaike
information criterion (AIC) and Bayesian information criterion (BIC).
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As seen in figure 4.1, the heart deaths time series is nonstationary and this fact
implies the necessity to use the first-differences of the data. Now, the time series is
integrated of order 1, which means that one will have d=1 in ARIMA (p, d, q)
model for this time series. Next, it is important to decide the order of the
outoregressive (p) and moving average (q) parameters that are necessary to give an
indentified effective model for the process.
The correlograms for the differenced series given in figure 4.4 helps us to
find the best values for these parameters. The decision is not easy, and in less
typical cases, it requires not only experience, but also a good deal of
experimentation with alternative models.
From the correlogram of the differenced heart deaths series presented in
figure 4.4, the samples ACF and PACF provide effective tools for identifying pure
AR(p) or MA(q) models, but for a mixed ARMA model, the theoretical ACF and
PACF have many nonzero values, making it difficult to identify mixed models
based on the samples ACF and PACF. It is worth noting that there are several
graphical tools to facilitate identifying the ARMA orders. Those include, the
corner method (Becuin et al., 1980), the extended autocorrelation (EACF) method,
(Tsay and Tiao, 1984), and the smallest canonical correlation method (Tsay and
Tiao, 1985), among others.
The researcher will outline the EACF method, which seems to have good
sampling properties for moderately large sample sizes according to a comparative
simulation study done by ( Chan, 1999).
The EACF method uses the fact that if the AR part of a mixed ARMA
model is known, “filtering out” the autoregression from the observed time series
results in a pure MA process that enjoys the cutoff property in its ACF. The AR
coefficients may be estimated by a finite sequence of regressions.
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In this study, the researcher has applied the (EACF) method for the
underlying differenced time series and the results of different estimates of p and q
are given in table 4.3.
Table (4.3)
The Theoretical Extended ACF (EACF)
AR/MA
0

1

2

3

0 0

0

X 0

0 0 0 0 X 0 0

X

0

0

1 X 0

0

0

0 0 0 0 X 0 0

X

0

0

2 X 0

0

0

0 0 0 0 X 0 0

X

0

0

0 0 0 0 0

0 0

0

0

0

3 X X X 0

4 5 6 7 8

9 10 11 12 13

4 0

0

X X 0 0 0 0 0

0 0

0

0

X

5 0

X X X 0 0 0 0 0

0 0

0

0

0

6 X X X X 0 0 0 0 X 0 0

0

0

0

7 X 0

0

0

0

X X 0 0 0 0 X 0 0

Thus, the triangular region of zeros shown in the sample EACF in table 4.3
indicates quite clearly that a mixed model with q=1, 2 or 3 and p=0, 1 or 2 would
be more appropriate.
From table 4.3 the researcher can conclude that the model may be ARIMA
(0,1,3), ARIMA (1,1,1), ARIMA (2,1,2), ARIMA(2,1,1),or ARIMA(3,1,3).
Therefore, the researcher first estimated the parameters of the three models, then
selected the best model. The results of this analysis showed that the best model is
the ARIMA (2,1,2) as can be seen in table 4.4. This is because this model has the
lowest AIC, and the BIC criteria .
Thus, RMSE is used to find the best model for forecasting, since the RMSE is
one kind of generalized standard deviation methods. RMSE is frequently used to
measure the difference between values predicted by a model and the values
actually observed from the environment that is being modeled. These individual
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differences are also called residuals, and the RMSE serves to aggregate them into a
single measure of predictive power.
The formula for calculating RMSE is:

where

is the actual value of a point for a given time period t, n is the total

number of fitted points, and

is the fitted forecast value for the time period t.
Table (4.4)

The value for (AIC, AICc, BIC,RMSE)for different ARIMA models
ARIMA

AIC

AICc

BIC

RMSE

ARIMA(0,1,3)

1163,67

1164,15

1178,05

19.620

ARIMA(1,1,1)

1168,22

1168,54

1179,72

20.146

ARIMA(2,1,2)

1159,28

1159,96

1176,54

19.018

ARIMA(2,1,1)

1165.98

1166.46

1180.36

19.791

ARIMA(3,1,3)

1165.47

1166.65

1188.48

19.267

From table.4.4, the researcher concludes that ARIMA(2,1,2) is the most
suitable model to fit the heart deaths data. Now, the ARIMA (2,1,2) model has
been fitted to the differenced series of heart deaths and the following model
obtained:
ARIMA(2,1,2); coefficients AR1=1.3537, AR2= - 0.5925, MA1=-1.7910
,MA2=0.791, AIC=1159.28, RMSE=19.01891
Investigating the results of these estimates show that all coefficients are
significant and the diagnostic check of the parameter estimates suggests that this
model is suitable.
Thus, the tentatively identified ARIMA model is:
Ŷt=1.3537yt-1 -0.5925yt-2-1.791Ɛt-1+0.971Ɛt-2
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(4.4)

4.3.3. Diagnostic Testing for the Residuals of the Model:
Normality of the Residuals
It is known that quantile-quantile plots are an effective tool for assessing
normality of a data set. Here, they can be applied to time series model residuals.
A quantile-quantile plot of the residuals from ARIMA(2.1.2) model estimated for
the differenced heart deaths series is shown in figure 4.5. The points seem to
follow a straight line fairly closely especially the extreme values. This graph
would not lead to reject the assumption of normality of the error terms in this
model. With a few minor exceptions in the lower tail, the Q-Q plot of the
standardized residuals seems to be normal. Until now, these are basic diagnostics,
but for additional check, the researcher needs to investigate the normality for the
residuals. Other diagnostic tests of the residuals can be applied to this series such
as the Ljung-Box test which has been applied below. There is a large number of
residuals, since the results can be checked by the figure.4.5 (normality probabilityplot, and histogram).
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Figure 4.5: normality probability-plot, & histogram for the ARIMA(2,1,2) Model of Diff(Heart)

The Ljung-Box Test
In addition to looking at residual correlations at individual lags, it is useful
to have a test that takes into account their magnitudes as a group (Box and Pierce,
1970). Figure 4.6 shows three of our diagnostic tools in one display. These is a
plot of the standardized residuals, the sample ACF of the residuals, and p-values
for the Ljung-Box test. The plot of ACF shows that there is no significant
autocorrelation between the residuals. To be sure about this, the researcher uses
the Ljung-Box (L-B) test, which is a function that modifies the Box test function in
the R program and it computes the L-B tests to check whether or not the residuals
are white noise.
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The R program result below shows the result of L-B test.
R program result :Box- Ljung test result
Box-Ljung test
data: residuals from model
X-squared = 8.9718, df = 7, p-value = 0.2547

The result of this test does not reject the randomness of the error terms on
the first eleven autocorrelations of the residuals. The p-values for the L-B statistics
are all large, which indicates that the residuals are not outocorrelated. Figure 4.6
shows the p-value vs. lag. Therefore, the estimated ARIMA(2,1,2) model seems to
be capturing the dependence structure of the successive observations of the
differenced heart deaths time series quite well. the researcher concludes from the
above discussion that the best model to be fitted for the data is the ARIMA(2,1,2)
which takes the form of eq.4.4.
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Figure 4.6: Diagnostic Display for the ARIMA(2,1,2) Model of Diff(Heart)

4.3.4. Forecasting the Monthly Number of Deaths of Heart Disease:
Based on the fitted ARIMA(2,1,2) above, the future observations of heart
disease deaths from June 2010 to December 2010 have been forecasted. A forecast
for seven future values with a lower and upper 95% confidence interval is shown
in table 4.5 Next.
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Table (4.5)
Forecasting results of the ARIMA model.
Year

Actual

Forecast

95% Confidence Interval

The

Lower

Upper

Difference

2010,Jun

128

130.5667

93.19898

167.9344

-2.5667

2010,Jul

136

142.4187

99.18204

185.6554

-6.4187

2010,Aug

170

149.8788

106.03507

193.7225

20.1212

2010,Sup

148

153.0142

109.07173

196.9567

-5.0142

2010,Oct

128

152.9116

108.19438

197.6289

-24.9116

2010,Nov

157

150.9998

105.31209

196.6876

6.0002

2010,Dec

187

148.5648

102.23816

194.8914

38.4322

From the results of table 4.5 and figure 4.7 below, which illustrate the
forecasts of the last seven values of the time series and compare them with last
seven actual values with 95% forecast limits, it is noted that the values
approximately close to the actual values. In figure 4.7 below, the plot of the data
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Figure 4.7: Plot of the heart disease deaths time series and the forecasts with 95% confidence
interval
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Figure 4.8 is a plot of the observed and the predicted values in addition to the
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Figure 4.8: Plot of the observed and predicted values of heart deaths in addition to the forecasts
with 95% confidence interval

The actual values from June 2010 to December 2010 are observed. The
researcher adds these new actual values to previous figure to see if they fall within
the 95% confidence limits. Figure 4.9 illustrates the forecast and actual values as
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Figure 4.9: Plot of the observed, predicted, forecasts with 95% confidence interval, new actual
values and zoom in the plot.

One can see in figure 4.9 above that the predicted observations are
approximately close to the actual observations. The differences then become wider
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between the actual and the forecast observations in subsequent periods of the time
series. However, all of the actual observations fall within the 95% confidence
interval.
4.4. The Artificial Neural Network Model Selection:
For fitting Artificial Neural Network (ANN) model for the time series as
described in chapter (3) R software has been used, whereas ANN modeling
through some commands and function with input and output variables have been
applied.
Here, in fitting ANN model, the researcher decided to use the number of
observations in the training set similar to the number of observations used in fitting
the ARIMA model, where the total number of observations was (132). That is,
95% ( 125 observations ) of the series is considered a training set, and 5 % (7
observations) for testing and comparison with the forecasts, as in table 4.6.
Table (4.6)
Partitioning of the time series data set to a training set and a test set.
Data set

No . of Data Points

Period

Estimation (Training)

125 (95%)

Jan.2000 – May.2010

Forecasting (Testing)

7 (5%)

Jun.2010 – Dec.2010

The number of non-seasonal lags and the number of hidden neurons are
selected by trial-and error. The selection of the number of hidden layers need
experience rather than the mathematical technique. The selection of hidden layers
for a network is not a straightforward task. When the number of hidden layer units
is too small, correlation of the output and input cannot be studied properly, and
errors increase. However, when the number of hidden layer units is inordinately
large, unrelated noise as well as the correlation of both input and output would be
examined, and the error increases accordingly. Many methods exist to identify the
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number of hidden layer units, but there is no ideal solution to this problem
(Kermanshahi & lwamiya, 2002). Therefore, in this analysis the researcher begins
with one hidden layer and gradually increase the number of hidden layers to 15 and
attempt to find the network that has the minimum RMSE for the residuals.

4.4.1. Feed-Forward Neural Networks for the Heart Disease Deaths:
By looking into chapter 3, and within this network, the information moves
in only one direction; it moves forward from the input nodes through the hidden
nodes (if any) and to the output nodes. When one starts with five units in the
hidden layer (5,10,15,20,25,30,35) with different lags (1,2,3,4,5,6,7,8 ,9,10,11,12,
13,14, 15), one gets the subsequent results of running the feed-forward neural
networks algorithm, which produce one hundred and five networks. In this case
one should rely on the lowest RMSE to get the best network as shown in table 4.7.
This is because the RMSE indicates the error rates of forecasting using the
underlying model for a given number of lags and a number of units in the hidden
layer.
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Table (4.7)
The RMSE results of ANN model for heart deaths time series data showing the lowest RMSE.
P
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

39.60

36.04

35.08

32.85

30.02

29.10

30.11

28.50

32.07

37.52

28.57

30.62

39.19

38.78

38.63

39.54

36.96

36.14

32.65

31.06

31.00

30.01

28.51

31.96

35.57

28.01

30.53

38.97

38.99

38.93

39.49

35.93

35.45

32.29

29.74

28.60

30.00

28.41

31.18

35.30

28.30

29.90

38.97

38.94

38.45

40.16

35.51

35.59

31.84

29.89

28.32

28.16

28.14

29.98

35.49

27.70

29.98

39.16

38.84

31.71

40.04

36.28

35.10

32.12

29.07

27.62

27.43

28.10

30.39

35.42

27.52

29.94

39.62

38.78

38.31

39.90

35.93

35.15

32.15

28.47

27.79

27.99

27.73

30.19

35.26

27.73

29.49

39.12

38.94

37.89

40.30

35.70

35.20

31.78

28.84

27.53

28.51

27.67

29.31

34.44

27.70

29.60

39.30

38.82

38.70

number of Lags

RMSE with 5 unit in
hidden layer

RMSE with 10 unit in
hidden layer

RMSE with 15 unit
in hidden layer

RMSE with 20 unit
in hidden layer

RMSE with 25unit
in hidden layer

RMSE with 30unit
in hidden layer

RMSE with 35 unit
in hidden layer
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Table 4.7 shows that the RMSE doesn’t change a lot even when the lags are
different. However, its value changes slightly when the number of units in hidden
layer changes. The lowest RMSE is best obtained when the model consists of
twenty-five units in the hidden layer, as well as seven lags. In other words, it is
found after numerous experiments with various numbers of hidden-layer neurons
that the feed-forward neural networks employed in the input layer that comprises
25 neurons in the hidden layer and 7 non-seasonal lags enables us to get the best
network based on the lowest RMSE equals 27.43 .
Based on all this, the researcher has performed the forecasting using the
series based on the above set of neural network predictors. It is found that such a
network (ANN) provides good performance in forecasting future data series
covering the time span between Jun, 2010 and May, 2011 that’s not included in the
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training of the network.

2000
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2006

2008

2010

year

Figure 4.10: Fitted Neural Networks

The results of the predictions are plausible because they are within the
confidence interval where none of the predictions is outside the confidence limits

- 55 -

or unexpected. When a closer look into figure 4.11 is taken, it becomes
clear that the forecast values show minor differences from the actual values, which
gives the results of this study great relevance and reliability to make good

Heart Disease Deaths

140

180

Actual
Forecast

100

Death

220

forecasting.

2010.4

2010.5

2010.6

2010.7

2010.8

2010.9

Year

Figure 4.11: Observed and Forecasted Values Using Neural Networks.
Here the forecasting error has been calculated as the RMSE for the filter
time series. Its value is 27.43, which indicates that the forecasting power of ANN
is reliable and gives statistically significant results in this study. This means that
ANN provides a good forecasting model that can be relied upon in any similar time
series.
Based on all this, it can be observed from table 4.8 that the values of
forecasting is not identical with the actual values, but it is close to them.
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Table (4.8)
Forecasting results of ANN model .
Year

Actual

ANN

The Difference

Forecast
2010,Jun

128

119.020

8.98

2010,Jul

136

156.094

-20.094

2010,Aug

170

155.591

14.409

2010,Sup

148

126.238

21.762

2010,Oct

128

130,691

-2.691

2010,Nov

157

142.020

14.98

2010,Dec

187

123.128

63.872

4.5 . Summary:
A comparison has been made between the results obtained from applying
both ARIMA and ANN methods. Looking at the results and figures that were
mentioned in this chapter, in particular figures 4.7 through 4.11 and tables 4.5
through 4.9.

Table (4.9)
RMSE and Sum of weight Different of ANN model and ARIMA model
ARIMA model ANN model
RMSE
Sum of weight Different

19.01891

27.43164

103.4648

146.788

the researcher can conclude from the above dissuasion that the results of
ARIMA model are much better than those of the ANN model, which made the
forecast more efficient with less RMSE.
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Chapter 5
DISCUSSIONS AND CONCLUSIONS

5.1. Introduction:
In this research the researcher has constructed the best ARIMA model and
the best ANN model for the data taken from the Palestinian Health Information
unit, and then compared between two models to see which one is better in
forecasting the number of heart disease deaths in the Gaza Strip. The researcher
has found out that the ARIMA model was better in handling the data than the ANN
model.

5.1.1. The ARIMA Results:

To identify the appropriate ARIMA model for a time series, it is necessary
to identify the order of differencing needed to stationarize the time series of the
heart disease deaths in the Gaza Strip. Some tests have been considered to ensure
the stationarity of time-series, such as ADF test and found that the most suitable
order of differencing was the first.
To select the suitable order of the ARIMA model(p,q) for the differenced
heart disease deaths, the researcher performed some procedures and tests for
testing the significance of coefficients and the residuals, such as finding ACF,
PCF, EACF, and the Ljung-Box test. To estimate the best ARIMA model, the
researcher has used two criteria, the Akaike’s information criterion (AIC) and the
Bayes information criterion (BIC). The suitable order of the best ARIMA model
was ARIMA(2,1,2).
The researcher examined the results of this model and found that the model
produces good forecasts which come close to the actual values. The forecast limits
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contain all the actual values but they are quite apart. The researcher has also
noticed that the root mean square errors (RMSE) is small and equals 19.018.

5.1.2. The ANN Results:
In this study the researcher used the feed-forward artificial neural networks
model (ANN) estimation (training) methodology. This algorithm is one of the most
commonly used methods because of its valuable properties which are seen as
having big advantages; for it is a mathematical method to minimize the RMSE in
all training patterns. RMSE allows to compare the performance between ARIMA
and ANN models.
In neural networks, there is no specific method to find the best design of the
network. Thus, forecasts of the heart disease deaths with one hundred and five
different networks with different parameter values have been examined,
considering different number of hidden layers, and different lags. The researcher
found that the minimum values of the RMSE, for the time series was 27.43.
The researcher also noticed that the values of the RMSE obtained were so
close despite the independence of the number of lags considered and the number of
the hidden layers. The values of RMSE did not change considerably.
The researcher has seen in the chapter (4), through some figures like (4.10),
(4.11) that illustrate the forecasting accuracy using neural networks for time series,
that there is a not bad level of accuracy in forecasting .

5.2. Comparison of the results:
Comparison has been made between the results obtained from applying both
ARIMA and ANN methods through looking at the results and figures of the time
series plots of the heart disease deaths that were mentioned in chapter 4, in
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particular figures 4.7 through 4.11 and tables 4.5 through 4.8, in addition to
the tables 5.1 below:

Table 5.1: RMSE of ANN model and ARIMA model
ARIMA model ANN model
RMSE
19.01891

27.43

One can conclude from the above dissuasion that the results of ARIMA
model are much better than those of the ANN model, which made the results more
efficient.

5.3. CONCLUSIONS:
From all the discussion of this study the following conclusions can be drawn:
 The ARIMA(2,1,2) model is the best fit for heart disease deaths among
other Box-Jenkins models. This was supported by the forecasting results of
ARIMA models as the forecasting performance of ARIMA(2,1,2) model
was better than other ARIMA models.
 The ANN model used feed-forward with twenty-five units in the hidden
layer, as well as seven lags, is the best fit for heart disease deaths
forecasting among all other ANN models with different parameter values.
 The use of ANN models in forecasting health data does not give results with
high efficiency.
 ARIMA model can be used more effectively in forecasting of heart disease
deaths for several points, as well as being easily enterable.
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5.4. Recommendations:
 ANN provides an alternative methodology to ARIMA model for forecasting
health data which has a limited efficiency in this field.
 It is recommended to conduct more research’s in this field to improve the
efficiency of ANN models in this domain.
 ARIMA can be widely used in the development of policies and health plans
in the future because of their ability to produce efficient forecasts of future
values.
 It is recommend that workers in the health sphere, should use the BoxJenkins methods, because of its efficiency in health forecasting and hedging
against the potential risks to Human health.
 It is also recommended that statisticians should adopt ARIMA approach as a
method of statistical prediction and forecasting as well as conducting further
research on ARIMA to investigate their suitability for use in other statistical
applications.
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