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Abstract

Comparative studies of different forecasting techniques can facilitate the
selection of the best time series model for forecasting future expectations.
In the present study, we address this problem by comparing the
forecasting performance of the SARIMA model and four typical artificial
neural networks, namely, MLP, ERNN, JRNN, and RBFNN in short-term

forecasting for Births in Gaza Strip.

Analyses of Neural network models are done by the package (RSNNS) that

is implemented in R program.

Keywords:

ARIMA,

MLP,

Elman Neural Network,
Jordan Neural Network,
RBF Neural Network,
RSNNS Package.

We conclude that forecasting with ANNs is accurate and more efficient than
the SARIMA. In addition, the most accurate ANNs model among the four

examined Neural Networks is RBFNN.

1. Introduction:

In recent years, there has been an increase in both
applied and theoretical research in time series
modeling and forecasting. Forecasting future events
based on the basis of historical and present data
dramatically captures people and specialists’ attention.
Several techniques have been developed to address this
problem and predict the future behavior of a particular
series of events.

One of the most important and widely used time
series models is the autoregressive integrated moving
average (ARIMA) model. The popularity of the ARIMA
model exists due to its statistical properties as well as
the well-known Box-Jenkins methodology in the model
building process. Recently, Artificial Neural Networks
(ANNs) have been extensively studied and used in time
series forecasting. The major advantage of ANNs
models is their flexible nonlinear modeling capability.
With ANNs, there is no need to specify a particular
model form. Rather, the model is adaptively formed
based on the features presented from the data.
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We use a data set about the number of births
in Gaza strip which is registered by the Palestine
health information center (PHIC) in the Ministry
of Health (MOH) from January 2000 to December
2015. R-statistical software is used for fitting
several Artificial Neural Networks (ANNs) models
and (SARIMA) model.

2. Literature Review

Amin-Naseri Rostami Tabar (2008) proposed the
use of Recurrent Neural Networks (RNN). The
network is composed from four layers: an input
layer, a hidden layer, a context layer and an
output layer. Their study included real data sets
of 30 types of spare parts from Arak
petrochemical company in Iran and three
performance measures:

Percentage Best (PB), Adjusted Mean Absolute
Percentage Error (A-MAPE) and Mean Absolute
Scaled Error (MASE). Their results show that NN
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can be used with promising results in comparison
with traditional forecasting methods, like Moving
Average (MA) and Single Exponential Smoothing
(SES) ( Amin- Naseri, Stadi and Tabar, 2007)

R. Samsudin, A. Shabri, and P. Saad (2010) studied
the accuracy of the forecasts, in term of
MAE has been compared with that of the same number
of ANN model which are trained and applied to the
same data set used by support vector machine (SVM).
The ANN model obtained the best RMSE, MAE
(Samsudin, Shabri and Saad ,2010).

R. Ramakrishna (2012) forecasted monthly electricity
load in Andhra Pradesh, using Box-Jenkins
methodology and feed forward neural networks. He
concluded that neural networks model is the best to
forecast the future values, because it has minimum
measures of forecasting errors such as MAPE, RMSE
and MAE (Ramakrishna, 2012).

Dr. Samir Khaled Safi (2013) proposed two efficient
approaches of forecasting models. In the first model,
Multilayer neural network is trained by minimizing
RMSE. The second model consists of using ARIMA
model on real data for electricity consumption in Gaza
Strip. The results of both models reveal that ANNs
outperform and offer consistent prediction
performance compared to ARIMA model and hence
preferable as a robust prediction model for electricity
consumption (Safi, 2013).

3. Artificial Neural Networks (ANNSs):

Artificial neural is an abstract computer model of the
human brain. The human brain has units called
neurons. These neurons are interconnected with links.
The three essential features of an ANN are the basic
processing elements referred to as neurons or nodes;
the network architecture describing the connections
between nodes; and the training algorithm used to find
values of the network parameters for performing a
particular task. An ANN consists of elementary
processing elements (neurons), organized in Layers
(see Figure 1).

The Layers between the input and the output layers are
called “hidden”. The neuron computes its output y as a
certain function of net,y= f(net). This function is

called the activation (or sometimes transfer) function.
For more details about activation function see (Ohno-
Machado, 1996).

The number of input units is determined by the
application. Types of ANNs and their uses are very high.
Since the first neural model by McCulloch and Pitts
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(1943) (Ohno-Machado, 1996), hundreds of different
models have been developed and considered as ANNs.
The differences in them might be the functions, the
accepted values, the topology, the learning algorithms,
etc.

The structure of a feed-forward ANN is shown in
Figurel.

The relationship between the input observations

(Yeus Yiigsens ytfp), and the output value y, . Assuming a

linear output neuron is given by
q p
Ye=9( b+ a;f(w; + 2 w;vy) )
j=1 i=1

Hidden Layer
(Tangent Sigmoid transfer function)

Bias unit

Figure 1 Architecture of three layers feed-forward back-
propagation ANN

Whereb; (j=0,12,.....,q) is a bias on the j" unit,

and w; (i=12,..,p;j=0,12,...,9) are connection

weights, fand g are hidden and output layer activation
functions, respectively (Zou, Xia,Yang and Wang ,
2007). Several optimization algorithms can be used to
train the ANN. Among the several training algorithms
available, the back-propagation has been the most
popular and most widely used, see (Heaton, 2005;
Munakata, 2008). In a back-propagation network, the
weights and bias values are initially chosen as random
numbers and then fixed by the results of a training
process. The goal of training algorithm is to minimize
the global error.

A. Feed Forward Neural Network:

In this research we will examine two types of feed
forward ANNs, Multilayer Perceptron ANN (MLP) and
Radial Basis Function Neural Networks (RBFNN). MLP
are constructed of multiple layers of computational
units. Each MLP is composed of a minimum of three
layers consisting of an input layer, one or more hidden
layers and an output layer as shown in Figure 1.

The overall performance of the MLP is measured by the
mean square error (MSE) expressed by:
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vse -3 3, OO

Note: d(i) is the desired output, y(i) is the actual
output, N, is a set of training patterns, where p

represents the pattern number. M -dimensional output
vector from the trained network for the pth pattern, N

-dimensional input vector of the pth training pattern.

Another feed forward ANN is Radial basis function
Neural Network (RBFNN). In RBFNN an input vector is
placed into each node of the hidden layer, and each
node calculates the distance from the input vector to its
own center as shown in Figure 2. The resulting distance
value is transformed via the Gaussian function, and
output from each node. The output value from the
hidden layer is multiplied by weighting values. The
product is placed into the output layer node, which
sums all the products. The output of RBFNN with the
Gaussian basis functions is

oO=>w exp(—%“xp —c

)

where X, is the pth input sample of the network, p is
the number of the radial basis functions, ] is the
connection weight between the jth nodes to the output
node.C; The center of the basis functions, o the spread

of the radial basis functions is the output of the
network (Wedding and Cios, 1996).
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Figure 2 RBFNN
B. Recurrent Neural Network:

This neural network contains connected units in which
every unit is both input and output unit.

The architecture of this model ranges from partially to
fully interconnected network. There are two types of
(RNN): Jordan Recurrent Neural Network (JRNN), and
Elman Recurrent Neural Network (ERNN). Compared to
MLP, ERNN and JRNN have a context layer that can
send the feedback from the output connections to the
hidden layer shown in Figure 3 (Jayawardena;
Fernando, 1998). Jordan network is similar to Elman
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network. The only difference is that context units are
fed from the output layer instead of the hidden layer.
The dynamics of ERNN showing in Figure 3 are
described by the following equations

y(K) = 5 (wyx(K))

x (k)= f(wx, (k)+w,(u(k-1))

X, =x(k—1)
Where:U(k—1) and Yy(K) are the input and output of
the network, respectively, at a discrete timeK , X (K)
and X(K) are the nodes of the context and the hidden
layers, respectively, and W,,W,,W, are the weight

matrices for the context-hidden, input-hidden, and the
hidden output layers, respectively.

Qutput layer

Hidden layer | —

input tayer O O ~—

Figure 3 Elman Recurrent Neural Network
SARIMA Models

The process { X, } is called an autoregressive moving
average (ARMA) process, denoted by
ARMA (p, q) is given by
X =@X% 1+ hX +""+¢pxt—p +e—0¢&,-0¢, _"'_qut—q’(l)
or simply

¢, (B)x = 0,(B)e,,
where
¢p(B) =1-¢4B —¢SZB2 —....—¢po
is an AR polynomial of B for order p.
Also,
g,(B) =1-6B-0,B* ~....—6,B"

is a MA polynomial of B for order g.
In the above, B is the backshift operator, used to
simplify the representation of lag values, by Bx, = X,.
A generalization of ARMA model, to cover a wide class

of non-stationary time series, is achieved by proposing
“differencing” in the model. A non-stationary time

{X} is
autoregressive integrated moving average (ARIMA)
denoted by ARIMA (p, d, q) if it is expressed as:

series said to follow a non-stationary
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$,(B)V'x = u~0,(B)s;, 2)
where g, are identically and independently distributed
as N(0,6%),t=12,....,Nand N
samples, d is the order of non-seasonal differences and

V is the non-seasonal differencing operator,v=1-B ,
M is the mean of a series assuming that after

is the number of

differencing is stationary. One can notice that when
d =0, the ARIMA (p, d, ) model becomes an ARMA (p,
gq) model. More details can be found in (Igelan, 2015;
Brockwell and Davis, 1991; Shumway and Stoffer,
2011; Cryer and Chan, 2008).

The ARIMA model is for non-stationary non-

seasonal observations. Box and Jenkins in (Cryer, and
Chan, 2008) popularized this model to deal with
seasonality. For time series possessing a seasonal
component that repeats every s observations, their
proposed model is known as the seasonal ARIMA
model.

The seasonal autoregressive integrated moving average
model is given by

#(B)4,(B)V. V% = i+ 60,(B)6,(B)s, (3)
and is denoted by SARIMA(p, d, q) (P,D,Q)s, where D is
the order of seasonal differences and VS is the

seasonal differencing operator, Vs =1— B® .For monthly
time series s=12 and for quarterly time series s=4 .It is
possible that several SARIMA models may be identified,
and the selection of an optimum model is necessary.
Such selection of models is usually based on the Akaike
Information Criterion (AIC) and Bayesian Information
Criterion (BIC), also known as Schwarzs Information
Criterion. It is defined respectively as follows:
AIC = —2log(max imumlikelihood )+ 2k
BIC =-2log(maximumlikelihood) + klog(n)
The corrected form is defined as
(k +1)(k +2)

(n-k-1
where Kk is the number of free parameters (
K=p+g+P+Q) and n is the number of residuals
that can be computed for the time series. For more
details about the maximum likelihood see (Cryer, and
Chan, 2008). The choice of each parameter calls for a
minimization of the AIC, AICc and BIC.

Performance tests:

AlCc=AIC +2

The forecast models are predestined in terms of their
capability to predict the future values. In order to
compare forecasting performance of different models,
many statistical measures can be used for this purpose.
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The most widely reported error measure is RMSE. The
other frequently used measures are MAE and MAPE.
Smaller values indicate better model performance. Both
of MAE and RMSE together can be used to diagnose the
variation in the errors of predicted values. Whenever
value of MAE is less than RMSE, there is a variation in
the errors. The three prediction error estimators are
defined as follows (see (Igelan, 2015; Shumway and
Stoffer, 2011):
e Mean Absolute Error (MAE):
The MAE is used to measure how close forecasts
or predictions are to the actual data and is given by:

MAE =li\xt - X

Nz

e Root Mean Square Error (RMSE):
The RMSE is a quadratic formula which measures the
differences between values predicted by hypothetical
model and observed values and is given by:

RMSE = fl(xt —X,)?
n

e Mean absolute percentage error (MAPE):
The MAPE measures the relative dispersion of forecast
errors and is defined by the following formula:

MAPE = lzn: u

t t
n =

*100

t

4. Computational Results:

The observations in this research are about number
of births in Gaza Strip, Table 1 represents some
descriptive statistics of the time series. The plot of the
collected data from January 2000 to December 2014 is
shown in Figure 4. Observations of January 2015 to
December 2015 are considered for predicted Births.

Table 1 Descriptive statistics

Obs. Min. Median
180 1799 3936

Max.
5338

Mean
3966

Statistics
Births

Figure 4 Time series plot of Births in Gaza Strip
The data are clearly non-stationary as the series
wanders up and down for long periods. Consequently,
we will take a first difference of the data. The
differenced data are shown in Figure 5, these look
stationary.
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Figure 5 ACF and PACF of first difference of
Births time series

Fitting of ARIMA Model:

Our aim now is to find an appropriate SARIMA Model
based in the ACF and PACF shown in Figure 5. In the
non-seasonal lags, there are three significant spikes at
lag 1, 4, 8 in the PACF suggesting a possible AR (3)
term. The significant spikes at lag 1 and lag 4 in the
ACF suggest a non-seasonal MA (2) component, for the
seasonal behavior, we check the situation on around
lags 12, 24 and so on. In the ACF, there is a collection of
positive spikes around lag 12 and 24. In the PACF there
is no clear spike at lag 12.

Consequently, this primary analysis proposes that the
advisable model for these data is an SARIMA
(3,1,2)(0,0,1). We fit this model, along with some
variations on it, and compute their AICc values which
are shown in Table 2.

Table 2 AICc Values of Suggested ARIMA Models

AIC AICc BIC
SARIMA(0,1,1)(0,0,1) 2681.85 268199 2691.41
SARIMA(1,1,1)(1,0,1) 2608.84 2609.19 2624.18
SARIMA(2,1,2)(1,0,1) 2607.32 2607.98 2629.63
SARIMA(3,1,2)(0,0,1) 2679.55 2680.21 2701.86
SARIMA(3,1,2)(1,0,1) 2603.82 2604.67 2629.32
SARIMA(3,1,2)(2,0,1) 2600.32 260139 2629.01
SARIMA(3,1,2)(0,0,2) 264135 26422  2666.85

Suggestion-SARIMA (3,1,2)(2,0,1) based on the smallest
values of AIC, AlCc, and BIC among the other SARIMA
choices. The p value of the Liunge-Box test is 0.4508,
which is greater than 0.05, then the residuals are
independent which we want for the model to be
correct.

All information criteria prefer the SARIMA (3, 1, 2)(2,
0, 1) model, which is the model displayed in Equation 3.
The fitted model in this case as in Equation 3 is
(1+0.5668B — 0.3838B% —0.3064B°%)(1—1.2242B"

+0.2245B%) = ¢ + (1+0.1632B +0.7731B2)(1+ 0.9753B2) ¢,
t
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The Predicted values of the best model in Box-Jenkins
modeling will later be compared with the four Artificial
Neural network models.

Fitting of Artificial Neural Network Models:

An efficient preprocessing of the data is
necessary to input it into the net. The simulation
processing is realized by R-program.

Preparing data:

Due to the nature of activation functions, scaling the
network inputs and outputs to an appropriate range
usually between [0,1] by applying normalization. Then
we split it into training set (a sit of samples used to
adjust or train the weights in the neural network to
produce the desired outcome) and to testing set (a set
used to determine the generalization error of the final
chosen model) (Priddy and Kellerem, 2005). The Caret
Package in R does the splitting of the data. Partitioning
the data into several partitions have been done with
several ratios as seen in Table 4.

One of the most important characteristics of a
perceptron network is the number of neurons

in the hidden layer(s). If an inadequate number of
neurons are used, the network will be unable to model
complex data, and the resulting fit will be poor, for
more details see (Heaton, 2005). Analysis of Neural
network models by the package RSNNS (Bergmeir and
Benitez, 2012) that implements an R (R Development
Core Team 2011) interface to the Stuttgart Neural
Network Simulator (Zell, 1998).

The performance of two feed forward (multilayer
perceptron and radial basis function), and two
recurrent (Elman and Jordan) ANNs is analyzed. We use
the data of births from 2000 to 2014 for training and
testing and the data of births collected in year 2015 for
comparison. All the models are with learning rate=0.1
and iteration=100, the back-propagation algorithm is
used as the learning process for all ANN studied models
(Bergmeir and Benitez, 2012). We try several numbers
of neurons (5-10-20) in the hidden layer and estimate
the MSE, RMSE, MAE, MAPE for each model. Also we try
the different partitions for the training and testing set,
Table 3 shows the effect of partitioning on the value of
RMSE and MAPE for each Neural Network model
considered in this research.

Table 3 Pertationing and Performance test for ANN Models

Training - Testing Ratio
Model Neurons Tests 70-30% 80-20% | 90-10%
RMSE 0.32 0.33 0.32
MLP 5 MAPE 55.17 52.12 54.02
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10 RMSE 0.32 0.33 0.33 Firstly, before we made the comparison, de-
MAPE 55.07 52.57 54.38 T . : :
RMSE 032 033 032 normalization of the data is required to find out the
20 MAPE 55.29 52.48 53.71 forecast error measure for each Neural Network we
RMSE 0.30 123 0.14 :
5 MAPE 6231 626,86 17 analyzed, .and compare it to our proposed SARIMA
RBF 0 RMSE 57 087 037 model as listed in Table 4.
MAPE 91.30 23095 | 68.26 Table 4 Comparison the performance of ANN
5 RMSE 0.33 035 0.24 models and SARIMA
ERNN MAPE 39.90 34.82 47.83
10 RMSE 0.16 0.18 0.16 Model MAE RMSE MAPE
M A e SARIMA(3,1,2)(2,0,1) 50894 595.07 10.65
5 MAPE | 2347 567 | aa0a MLP(13-20-) 357.09 378.67  7.82
JRNN 10 RMSE 0.25 0.27 0.21 ERNN(13-10-1) 137.56  182.15 3.04
MAPE 39.80 38.45 39.62 JRNN(13-20-1) 202.37  231.01 4.45
20 RMSE | 038 0.39 0.19 RBFNN(13-5-1) 13232 162.05  3.01
MAPE 38.24 34.30 37.17

Results of training the Neural Network models using
RSNNS package are as follows:

e MLP Model:

The model consists of 3 layers, the first layer is the
input layer which has 15 nodes as the input for the
entire network, the second layer is the hidden layer
which consists of many neurons, and the third layer is
the output which is only one output. From Table 3, MLP
15-20-1 model with the mini-mum error is the most
accurate MLP model.

o RBFNN Model:

RBFNN model contains 15 inputs and 1 output that
has only one hidden layer with many neurons. For a
higher number of neurons, such as 20 neurons in the
hidden layer, the response of the model is not stable.In
addition, the result of the error is high. Table 3 shows
the best model architecture which is RBFNN 15-5-1.

e ERNN Model:

Our Elman model has three layers, the input layer with
15 inputs and one hidden layer with many neurons,
number of context units equal to the number of
neurons in the hidden layer, the activation function is
Logistic function and one output in the output layer.
From Table 3 the best Elman architecture model with
the lowest forecast performance error is ERNN 15-10-1
with 10 context units. For neurons up to 20 and 25, the
performance of the model does not increase.

¢ JRNN Model:

Jordan model is the same as Elman; the only difference
is that context units are fed from the output layer
instead of the hidden layer. Jordan architecture is
explained as follows, there are 15 inputs and only one
output. The number of the context units is the same as
the numbers of the output units which make us have
only one context unit. JRNN 15-20-1 is the best.

Comparison between ARIMA and ANNs models:
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From the above table it seems that all ANN models
outperform SARIMA performance, and the most
accurate model is RBFNN (13-5-1), also, ERNN is more
accurate than JRNN, and JRNN outperforms MLP neural
network model.

Finally, the predicted value for Births per month using
Box-Jenkins SARIMA Model, and Neural network model
is compared with actual value observed in year 2015 as
illustrated in Table 5.

Table 5 SARIMA and RBENN predicted values
versus actual

SARIMA RBF

Months  Actual (31,2)(2,0,1) (15-5-1)
Jan 2015 4955 5225.357 4834.35
Feb2015 4195 4551.144 4396.94
Mar2015 4324 4677.511 4548.09
Apr2015 4676 3994.279 4647.84
May2015 3901 4188.241 3777.72
Jun2015 4900 4325.282 4832.54
July2015 5078 4979.170 5003.26
Aug2015 4262 5115.300 4317.27
Sep2015 4998 5002.300 4751.22
Oct2015 4283 5214.722 4404.55
Nov2015 4089 4993.258 4071.32
Dec2015 4372 5171.558 4044.67

Conclusion:

The forecasting of monthly Births in Gaza-Strip, with
Artificial Neural Network is more efficient than the Box-
Jenkins methods.

The most accurate ANNs among the four Neural
Networks we examined in this research was Radial
Basis Function Neural Network (RBFNN) which used
the radial function (Gaussian) as its activation function
with the lowest error. R-programming is well
appropriate for the modeling and predicting of
temperature data in this case.
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