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Abstract

Artificial neural networks are frequently used in business, engineering, and scientific
applications. Their increasing popularity is due to the satisfactory results achieved

by using artificial neural networks applications for forecasting.

The aim of the thesis is to carry out a comparative analysis of the forecasting perfor-
mance of different neural network models. The initial portion of the thesis will entail
a study of the background as well as the different methodologies of artificial neural

networks. Focus will be given to time series forecasting models.

Results of forecasting different sets of data show that using neural network models
gives almost the same, and in some cases better results, than other forecasting meth-
ods (Paplinski, 2003).

Throughout this thesis paper, 1 intend to provide an introduction to neural networks,
and the models applicable to time series forecasting. Particularly, in the feed-forward
model of neural networks, I will provide some examples using R statistical program-
ming language that will help the reader to observe a practical usage of R as a software

that helps the user to compute complicated neural networking problems.



Introduction

The history of Neural Networks goes back to the 1940s, when McCulloch and Pitts
developed the first neural networking model. Then Rosenbalt in 1963 came up with
the perceptron model. His model generated substantial interest within the research

community due to its ability to solve classification problems.

The complexity of artificial neural networks has made it necessary to find a way to
introduce the basics of neural networks through simple techniques. Useful informa-
tion can be taken from many available resources. Among these, a neural network
software package is part of the R statistical open-source system that is available on
the Comprehensive R Archive Network (CRAN) via the World Wide Web. R is a
collection of a number of software facilities used for interactive data manipulation,
analysis, and graphical display of arrays and matrices. We can find different packages
and libraries within R which can be used for various mathematical and statistical
computations. For example, there are Markov Chains, Feed-forward neural networks,

Classification trees, and other methods, (Kohzadi, 1995).

In this paper, I present models applicable to forecasting time series problems. The

goal of time series forecasting is to predict the future values based on an existing data



set. Although there are many techniques have been implemented to conduct such
forecasting, in this paper, we only look at neural networking algorithms and their
application to forecasting data. However, we do compare to ARIMA models for time

series data, but do not explain these approaches.

This thesis includes methods for training Multi Layer Perceptrons (MLPs) for time
series forecasting purposes. The MLP using the back-propagation (BP) algorithm is
the conventional neural network model widely used to train and fit neural networks.
BP is commonly used for forecasting, since both BP and time series forecasting use er-
ror minimization as the goal in estimating or fitting an appropriate model. To be able
to explain such a complicated model as BP, we have taken the empirical approach of
presenting first simple models, such as the Perceptron, then working our way towards
harder models such as Auto-associative and Hetero-associative memories. Examples

of some of these models will be discussed.

In the Comparative Analysis section, using R statistical software, we compare the
forecasting results of feed-forward neural networks versus ARIMA models. The fol-

lowing are the main models of neural networks to be discussed in this thesis.

e The perceptron model is a pattern classifier: Based on the proof provided by
Minsky and Papert (1969), the perceptron is not a very strong model, but it
gives a very good visual look at some important concepts such as the Widrow-
Hoff learning rule (Least Mean Square or the Delta rule). This learning rule is

based on the continuous update of the gradient of the mean-square error(MSE)



(Kohzadi, 1995).

e The Linear Auto-associative memory: The objective of auto-associative mem-
ory 1s to retrieve a degraded input based on a previously stored set of inputs
in the memory. Researchers widely use auto-associative memories in pattern
recognition. They are very easy to analyze by both mathematical and statisti-
cal techniques, i.e., least squares estimation, singular value decomposition, and
principal component analysis. In this section, the Hebbian learning algorithm

is introduced in to contrast to Widrow-Hoff learning rule (Abdi, 1999).

e The linear Hetero-associative memory: This approach performs like multiple

linear regression.

e Back-propagation networks: Paul Werbos introduced the back-propagation al-
gorithm in the 1970’s, but it was reintroduced by Rumelhart and McClelland
in 1986 (Abdi, 1999).

Why R?

One of our goals in this thesis is to provide easier ways for researchers and
practitioners to forecast and to compare forecasting techniques using neural
networks (NN). While there are many software packages for statistical and neu-
ral network calculations, we want tools that are widely accessible. Fortunately,
R has been developed cooperatively as an open source package for researchers
based on the S-language from Bell laboratories (Chambers,1999). S-plus is the

commercial version of this language (InSightful Corporation, 2005).



The popularity of R as well as its rich and flexible object oriented statistical
modeling language and graphical facilities has encouraged the addition of many
independent packages, such as the forecast package by Hyndman, and the nnet

package by Brian Ripley.

Because of the complexity of artificial neural networks, it has been necessary for
us to provide simple examples and calculations to demonstrate basic NN mod-
eling techniques in early chapters of this thesis before conducting complicated

time series modeling using the computerized application, R.



Chapter 1

Neural Networks

Neural Networks are adaptive statistical models which have the ability to learn and
conduct estimation of the parameters of a model without using a high number of
inputs at a time. This information processing model is inspired by the way biological
nervous systems process data. They are composed of many interconnected processing

neurons which work together to solve problems.

A neural network is built from simple units called neurons. As in biological systems,
each unit is interconnected to others by a set of weighted connections. The network
learns by modifying the connection weights. Each unit (neuron) corresponds to par-
ticular characteristic of a pattern which is going to be analyzed or to be used as a
predicting index. All units are organized in a layered manner. In this paper, we
only look at feed-forward neural networks as the most commonly used architecture

for modern networks.



1.1 Feed-Forward Network

A feed-forward network is a simple aggregation of neurons in which its input, hidden,
and output layers are combined together to shape the feed-forward structure. The
data to be analyzed is fed to the input neurons (first layer) and then propagated to
the hidden neurons (second layer) for further processing. The processed data will be

transferred to next layers and so forth until the output,or last, layer.

This process (Input/Ouput) outlines the relation between input and output patterns.
The networks learn the pattern by continuously adjusting the connection weights be-
tween the units. In the next chapters, we look at the weight adjustment concept as
a way to modify the coefficient values of a regression model such as y; = Gy + Fiz;
where [y is the intercept, £, is the slope of the line, x; is the independent variable,

and y; is the dependent variable.



Chapter 2

The Perceptron

The perceptron can be seen as a pattern recognition tool which aims to associate
inputs with responses. It consists of input signals,(x; real numbers, i = 1,2,..., k),
activation functions, and output functions, (y a binary 0/1). In a perceptron, the

inputs are fed directly to the outputs using a series of connection weights, Figure 1.

Bias Cell _ ,

X0 =1, W0=-8 Basic Threshold Unit

()

L T Step Function
/\/ "\_\ H={a}
X W, \ /,f a= XW,BEW,t W, ‘.\‘
\w«""""""}i\ ,5""> / A—

= \ e / LS Response 0/1
x=0or1 . Q= Zi WX // p

X'Wi R \,\_\\N‘ - L

\: computation of the activatipn Thresholding

Figure 1: The Perceptron (Abdi, 1999)



2.1 The Threshold and its characteristics

A threshold unit is an object that inputs an array of weighted quantities, adds them
up, and outputs a quantity if the activation value meets or exceeds some threshold’s
value. According to Abdi et. al. (1999, page 4), ”Threshold units are very simple
models of neurons, which can be interpreted as simple logical machines. They can be
in one of two states: inactive or active (i.e., 0 or 1.)” Note that the threshold is also

called theta (6).

Every threshold unit computes its activation function (i.e. logistic) as the weighted
sum of its inputs. When the value is above 0 (activation > 0), the neuron fires and
responses with the activated value of 1; otherwise activation <= 0 when the response
is 0. Hence, the threshold can either be active (1) or inactive (0). The degree of acti-
vation describes the state of threshold unit, Figure 1. The response of the threshold
unit depends on its level of activation, which can be computed as the sum of weights

coming from active input cells.

We should first compute a (activation) which is the sum of the weights coming from
active input cells: a= Tw; * z; = w1y + ... + wrxy (x;, the i** input cell is either 0

/ 1 and w; is the value of the weight connecting the i** input cell to the threshold unit.)

The response of the threshold units can be given by step function(H), which can be

identified as

e Ha=0fora <6, and 1 for a > 6.



If we consider the specified threshold’s value (i.e. an specified weight) as 6 then the
threshold unit is in the active state if @ > 8, otherwise is inactive, a <= 6. We always
implement thresholds by keeping one input cell active. This is one of the reasons
for having the bias cell (the zero-input cell with —6 weight), Figure 1. If threshold
is treated as a weight, thresholding can be implemented by keeping one input cell

always active. Using the bias cell, our step function changes to (Abdi, 1999):

e Response = lifa+ wy>0,0ifa+ wy <46

2.2 Implementing Logical Functions

Logical variables can be represented as binary , i.e. 0 or 1, numbers. Thus a logical
function of two logical variables, for example, OR, has only four inputs as [0 0], [0
1}, [1 0}, [1 1], with responses 0,1,1,or 1, respectively. Looking at this concept from
a perceptron aspect, for two active inputs of z; and z, (both with values of 1) , the
response is equal to 1, considering w; ,ws both equal to 1(the response corresponds
to the OR function, a = wizy + wazs gives a = (1 % 1) + (1 x 1) or (a = 2), hence the

response of the output is 1, (a +wp > 6.))

2.3 The Learning Process for The Perceptron

The perceptron learns in a recursive manner by continuously modifying the weights.
The following simple learning procedure is based on Rosenblatt’s (1959) learning law.

More complicated rules are going to be discussed in the next stage (Abdi, 1999):

1. Initialize the weights to a small random number, Wyg is a matrix.
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2. For any input matrix , calculate the output , O (i.e. desired output), predicted

output (O), and the error (¢ = O — O ); Note we use step function (H) to

calculate the predicted output (O = H(WTX).
3. Update the weights in every steps

4. Wigyr) = Wiy + (ne) * 24, i.e, k is the iteration number; 0 < 17 < 1 is a parameter
used to control the adaption rate which is generally chosen randomly (Paplinski,

2003).

2.4 The Widrow-Hoff learning Law
(The Least-Mean-Square Law)

The Widrow-Hoff supervised learning takes place when the perceptron learns that a
mistake has happened and what is the right response. Basically, it is the instanta-
neous update of the correlation matrices, and the gradient of the MSE (mean-squared
error). In this type of learning, each cell learns without being concerned about the
output of other cells. Each time a mistake occurs, the cell adjusts its weight in order
to make the mistake less likely to occur when the same stimulus is presented again

(Abdi, 1999) .

2.4.1 Learning by iteration

For learning purpose, present a set of patterns (randomly) to the perceptron. If after

the first epoch (a full set of iterations) the perceptron still makes mistakes, we start a
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new epoch with another arbitrary order (i.e, random set of patterns can be generated
by set.seed command of R, chapter 6.) This continues until we see no mistakes by
the perceptron.

Wh oy = Wiy + (0 = 0zl = Wy + Aw,,, Aw, is added to the weights of the
active input cells (W) in order to take into account the error made by the output

cell,i.e. K is the iteration number (Abdi, 1999.)

K is the iteration number

e 7 is a positive constant between 0 and 1

Ayw is the needed change in W this quantity takes into consideration the state

of the input cell as well as the error made by the output cell

O is the desired response (0/1)

e O is the response; (O — 5) is the error

Eta () is a small value which needs to be added or subtracted from the weights.
Selecting 7 is very delicate; an appropriate 7 speeds up the process of learning. A
suggested value for 7 is 0.65 when it is not a function of K (the iteration index).
Otherwise, we pick a high number (i.e. 0.85) and then let the iteration decide the
true value of n (Abdi, 1999 page 11-14).

The following is the input and output of the 'OR’ logical function:
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122 —> 0O
0 -> 0
10 —> 1
01 —>1
11 —>1

We can rewrite the table in a matrix format,

10010

T 1101

1011

1111
@ =100 ->0
@ =110 —->1

111 —>1

8
g
I

The above description of a logical OR function during the training of our network

can be implemented in R, Appendix 2.

2.4.2 Training an OR Network, a numerical approach

In order to learn the function of OR by a perceptron, we need a perceptron which
is composed of three input cells: one cell to implement thresholds (zo = 1), and two
cells for the values of the logical function. First, we assume the initial weights are

Zero,
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0
Wo={w | 0},
wy | O
We use z1 (i.e. 2nd input is randomly chosen) to find the right set of weights for the

OR network.
a=WJX, = (0x1)+(0x1)+(0x 0) =0, Hence O = H,— = O(step-function)

The error can be calculated as Aw; ( O = 1 the target value, and O = 0 the response
of the output cell ). Suppose the value of eta (n) is equal to 0.1 (i.e. we can consider

any number between 0 and 1). Hence, the value of the correction to the inpﬁts are:
o Awg=n(0—-0)zo=01x(1-0)x1=01
e Awy =(0—0)z; =01x(1-0)x1=01
. szzn(O—O)xQ:mx (1-0)x1=01

Now, we must add the value of wg to Awg:

Wiy = Wig) + Aw, =

Wo = 0 Awo =0.1 Wy = 0.1
wy = 0 + Awl =0.1 - wp = 0.1
’lUQZO sz =0.1 UJQZ()l

If we continue the process with the 3rd input, the correction weight matrix should be

applied accordingly (i.e. z1):
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a = W[f].Xz = (0.1 x1)+ (0.1 x0)+ (0.1 x 1) = 0.1, and the response function is
O=Ha=01=

The corrections applicable to the weights are as follows:
Awg =10 —0)ag=01x(1-1)x1=0
Awy =m0 —0)z;=01x(1-1)x0=0
Awy =70 —0)zy =01 x(1-1)x1=0

To find out the right connection weights for the OR function, we need to apply the

error correction to the perceptron weights (i.e. W becomes Wiy ):

Wo = 0.1 Awo =0.0 Wy = 0.1
Wa=Wn+Aw, =] wy =01+ | Ay =00 |=| w =01
Wo = 0.1 sz =0.0 Wy = 0.1

It is also possible to represent the state of neurons as +1 and -1 (called excitation and
inhibition), and 0 as inactive. Using +1, and -1 is a useful way of dealing with binary,
but the inactive state, 0, offers us a ternary perceptron. Let us see what changes this

choice implies for our computations.

To train a ternary ( +1, -1 and 0 valued) perceptron, we use the model to distinguish
the difference between 4-door Sedan cars, and 4 x 4 pick-up trucks. (i.e. x;; = the

first element of a car (i.e. number of doors), 257 = the second element of a car , ...)
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We look at number of doors (2/4 door), number of cylinders (4/morethand), and
the type of rear-back (tailgate/trunk) as three features in each vehicle; Xy is a 3-

dimensional vector.

Figure 2: Vehicle Images; 4-door Sedan and 4*4 Trucks

First, we allocate excitation and inhibition characteristics to each vehicle.

In our example, we have 3 different cars and trucks.

+1 +1 -1
Cars: | +1 |,| -1 |,] +1
+1 +1 +1
-1 -1 +1
Trucks: | =1 |, +1 |,] —1
+1 -1 -1

XT = [+1 + 1 + 1],represents the first car, and
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XT = [+1 — 1 — 1], represents the 37 truck (i.e. 6" vehicle).

Every cell of the perceptron corresponds to one of the 3 elements by taking the value
of the element (if the feature is not available, we consider it as 0). With the given
information, any perceptron with three input cells and one output cell can categorize
a car or a truck of the types considered. We define the output as cérs correspond
to a value of 1 and trucks to a value of 0. Given the value of n = 1 and 3 input
neurons, every perceptron needs 3 iterations to learn correctly how to categorize cars

and trucks, given the availability of all the features.

We need the following formula to find the right weights for creating the appropriate

network for cars.
The initial weight, W[g] =[000],
a=YWT.X, =0, 0= 0,0 =1, n=1, and the error is O — O=1. Using

WT

(K+1) formula we get,
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Respectively, in the second iteration, our weight matrix becomes,

+1
Wh=1|+11,
+1
a:ZWT.X2=—|—1,5=O,O:1,n:1, and the error is O — O = 0
By calculating W[g], we get
+1
W =| +1 |,
+1
Now, in the second iteration, our weight matrix becomes,
+1
Wg =1 +11,
+1
a:ZWT.X3=+1,(3:1,O:1,77:1, and the erroris O — O = 0
again, by calculating W[TI} 410 We get
+1
W =| +1 |,
+1

Likewise, repeating the same process for trucks (i.e. O = 0), we get

+1
Wi =1 +1 |,
+1

as the final weight vector.

Using this weight vector is equivalent to counting the number of positive feature val-

ues for the vehicles. Hence, if there are more negative values than positive ones then
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the vehicle is categorized as a truck, otherwise it is a car. A perceptron can make a

decision even if a value of a feature is not available.



Chapter 3

Linear Auto-associative Memories

Linear Auto-associative Memories are a feed-forward single-layer networks where the
output is produced in a single feed-forward computation. All the units operate in par-
allel, thus they name it associative memory. The objective of using auto-associative
memory is to store a set of input pattern and to retrieve the stored patterns when
cued with incomplete versions of these input patterns. Their content addressability
helps researchers conduct pattern recognition using the algorithms, Kohonen (1977),

i.e. image processing.

Figure 3: Auto-associative memory

Linear auto-associative memories are built from fully interconnected linear units (very

similar to the basic threshold). The only difference between threshold and linear units

19
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is the transfer function used to transform the activation into a response. Before trans-
forming the activation to response, the linear units compute their activation level by
summing up all the weighted external activation values, ¢ = ¥;w;.x;. According to
Abdi, the output or response of the cell is proportional to the activation function,
hence response of the network is ya = YW? X (v is a constant) which is proportional

to its activation.

An auto-associative memory is composed of i cells which has an input matrix, X,
and weight matrix of W; ;. The connection between two different cells is bidirectional

and generally symmetrical, i;and iz, i.e. W;, = Wy, (Abdi, 1999 p. 23-24).

Figure 4: Auto-associative memory; connection weights
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3.1 Hebbian vs. Widrow-Hoff Learning Rule

Here we look at Hebbian learning rule and its application in associative learning
through a numerical example. Hebbian learning rule is an unsupervised learning al-
gorithm and can be related to self-organizing neural networks. It extracts from data
a set of principal directions. Each of these directions is represented by a relevant
connection weight vector. During the learning period, Hebbian rule declares that
the connection between two different neurons is proportional to the correlation of
their activation values. The Hebbian learning rule is defined by W = y2X. X7, i.e.
multiply each of the i patterns vector stored in a linear auto-associative memory by
its transposed and adding the resulting product matrices. We consider ~, the pro-
portionality constant, equal to ”1” throughout the next numerical example (Hebbian
Learning Rule). We look at the previous sample from chapter 2, i.e. car and truck

comparison :
® Wik1) = Wig + Xpern) Xy
o Number of doors (2— > +1 or 4— > —1)

Number of cylinders (4— > +1/ more than 4— > —1)

Type of rear-back (tail gate — > +1 or trunk — > —1)

XTI = [+14 1+ 1] car (1 Vehicle)

e XI' =[-1-1-1] truck (2™ Vehicle)
e X7 =[-1+1-1] truck (3" Vehicle)

o X! =[+1+41—1] car (The fourth Vehicle)
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We put all the connection weights in a 3 * 3 matrix. We first initialize all the weights

to zero (i.e. for convenience). Starting from X{ :

W[l] - W[o] + XleT -

000 +1

000 |+ |41 x[+1 +1 +1]= +1 41 +1

0-0 0 +1

Wy = Wy + Xo X3 =

+1 41 +1 -1
141 41|+ | -1
+1 41 +1 -1
Wiy = Wig + X3 X3 =
+2 42 42 -1
+2 42 42 |+ | +1
+2 42 42 -1

Wiy = Wig + XuX{ =

00 0
Weg=1000],
00 0

+1 +1 +1

41 41 41

42 42

x| -1 -1 —1]= | 42 42

42 42

43 41

x[ -1 41 —1] =] +1 43

43 41

+2
+2
+2

+3
+1
+3
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+3 +1 +3 +1 +4 42 +2
41 48 41 |+ | +1 [ x| +1 +1 —1]: 42 44 0
43 41 43 1 12 0 44

From W), we can see that the connection between cell 1 and 2, cell 1 and 3, cell 2 and
1, and 3 and 1 have a value of 2. This means that the values of the features (doors,
cylinders, and trunk shape) corresponding to these cells are the same ,(+1and+1) or
(-land-1), in 3 vehicles (+1 =the same), and different for the rest (—1 =different),
ie. 3% (+1)+ 1% (—=1) = +2. In Hebbian learning rule, the matrix of connection
weights captures the statistical structures of the set of data (i.e. the structure of the
vehicles). These regularities comprise the knowledge of the memory. We can use this
knowledge to reconstruct partially ablated input patterns. Without the indication of

the number of cylinders (feature 2 = 0), XT= [+1 0 +1] car (4"vehicle), we can use

+4 42 42
the network to fill the connectivity pattern, Wiy = | 42 +4 0
+2 0 +4

Dutput Celis <>

InputiCells

Figure 5: Connection weights on the weight matrix, Abdi (1999)
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As we can see the connection weight between features 3 and 1 is stronger than 3 and
2 ,i.e. (2 > 0). Since feature 1 has the strongest connection with 3, hence, we give
the value of feature 1 to the missing feature 3 (i.e. we give the value of +1 to feature
3 if feature 1 is +1, and we give the value of —1 if feature 1 is —1.) For example in

X, (4*") the missing value of feature 3 is equal to —1 just because feature 1 is —1.

To predict the it* learned pattern from the memory, we can pre-multiply the vector
z; (i.e. the input pattern) by the connection weight matrix:

e —

Xi:memory—response = WXz
The quality of memory response can be checked by the following formula (Abdi,1999):

- X,.(XT)] .
cos(X,, X;) = e |1 Xl = V/XTXG
A cosine value closer to ”1” between the two vectors expresses the similarity between

the stimulus learned by the memory and its reconstruction (i.e. cosine =1 means

perfect reconstruction).

To retrieve the first vehicle, X 1, we must multiply the vector X; by the connection

weight matrix, W:

+4 +2 42 +1 +8
)a:W.Xl: +2 44 0 x| +1 | =] +6
+2 0 +4 +1 +6
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+1
X?X1=:[+8 +6 +6 | x| +1 | =20
+1

cos()/(\l, X1) = ;72— = 0.57; This indicates that the retrieval is not a very good one

(i.e. 0.57 < 1). If we bring the complete estimation of the set of vehicles, we have the

following:
+4 42 +2 +1 -1 -1 +1 +8 -8 44 +4
X=WX=|42 44 0 | x| +1 41 +1 41| =] 46 -6 -2 +6
12 0 44 41 -1 -1 -1 16 —6 —6 —2

Every column represents the reconstruction of each vehicles.

Although we clearly observed the ability of Hebbian learning algorithm in reconstruc-
tion of some stored input patterns, we can’t neglect the limitations of employing such
algorithm. For example, if we assume that the first and third vehicles share 2 common

features and 2 different features

[ 41 ] [ 41 ]
. . +1 -1
(i.e. an additional feature for each car, we assume X; = ,and X3 = )
+1 +1
+1 -1

an orthogonal behavior appears, (perfect recall, Abdi (19—99)), meaning the cosine be-

tween both vectors is equal to one. This creates a perfect recall from the memory.



1141
+1 -1
o W =XXT=
+1 +1
+1 -1
] +4
[ ] X1 = WX1 =
+4
+4
L
e X,.X, =16
o | Xu|l1XT] =16
. Cos()/(\l,Xl) = X))

XX

d

— 16 _

16

+1
+1

+1 +1
-1 +1

+1
-1

|
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+2 0 +2 0
0 +2 0 42
+2 0 +2 0
0 +2 0 +2 |

1, this is a perfect fit. Identical calculations

will generate the same results for the X3. This can also be recognized by the

orthogonal (correlated) behavior, i.e. XT.X3 = 0 (scalar product).

Now, if we look at the same vehicles with the original specifications (i.e. only three

features, one in common), we can see an imperfect recall from the memory according

to the following calculations:

o W=XXT=

+1
+1
+1

+4
+2
+4

X

+1
-1

+1 -1
+1 -1

|

+2 0 +2
0 +2 0
+2 0 +2
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o [ XalIiX{] = v108

o cos(X1, X)) = Gl g0 0.96, this is not a perfect fit for X;. Iden-
X0 = i~ Vi P '

tical calculations will generate the same results for the X3;. This can also be

recognized by non-orthogonal (correlated) behavior, i.e. X X3 # 0 (scalar

product).

In conclusion, we have shown that if the stored input vectors in the memory are
orthogonal (i.e. pairwise), then Cosine = 1. Otherwise, when input vectors are cor-
related (non-orthogonal), the memory adds crosstalk (noise) to the original input
pattern. (Refer to Abdi et. al (1999) for the changes happening in the formula for

the recall of the learned pattern.)
Xe = W.Xp = 56X XT. Xe = Sa(XT . X0). Xy = (X X)) Xp + Sipn(XT X1) X

The noise,E#k(XiT X)X, equals to zero when all the patterns in the input set are
mutually orthogonal (X7.X; = 0). However, if the input patterns are normalized

(i.e. the length is 1, || X;|| = 1), the response of the memory is the input pattern.

3.1.1 Ability of memory to generalize the new patterns

Imagine we are looking at reconstructing vehicle 4 given the vehicle 1 and 3 stored in

the memory.
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X,=WX,=| 2

cos()/(\4, X4) =1 (obtained for learned vehicle images) which shows perfect recall.

Reconstructing the fourth vehicle, having vehicle 1 and 2 in the memory, the quality

of response is cos()/(z, X4) = 0.33 (obtained for the learned vehicle images).

As demonstrated, vehicle 4 can be better generalized by the first memory (vehicle

image 1 and 3), than the second memory (1 and 2), i.e. 1 > 0.33.

The above example clearly implies that auto-associative memory is more effective in
reconstructing learned patterns than new pattern. This can be interpreted as a sign
that the auto-associative memory has the capability to distinguish between new and

learned patterns. We say that memory has the ability to recognize learned patterns if,
cos( Reconstructed and Learned patterns) > cos(Reconstructed and New patterns)

We can evaluate the quality of the estimate of a pattern by also computing the re-
construction error for the pattern. The formula for the reconstruction error for the
ith patternis e; = 1 — 005(5(\1-, X;); the difference between a perfect and actual perfor-

mance of the network.

We can get the global error, by e = Xe; (sum of the reconstruction error of all stored
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patterns)

According to Abdi (1999), to express the reconstruction error, we can use the recon-
struction error function:

T = %e;fp.ei = %—(XZ - E)T(X,- — 5(\1) The reconstruction error and reconstruction
error function become the same when the input and output vectors are normalized.
The global error function is:

—

7 =37 = 19X - X)T.(X; - X))

3.2 The Widrow-Hoff Learning Rule

So far we have learned that the Hebbian learning rule has its own draw backs, when
learned patterns are not orthogonal. The performance can be improved by using the

Widrow-Hoff algorithm.
Matrix Format: W[k+1] = W[k] +n(X — W[k].X)XT = W[k] + (X — X\k)XT =

E is the error matrix; AW} is the connection weight correction matrix at the kth

iteration with 77 as a constant.

In order to maximize the quality of reconstruction of the input patterns, this algo-
rithm adjusts the connection weights between two neurons iteratively. It helps to

have a smaller error term for a second presentation of the initial inputs, Paplinski



(2003).

Using the previous example (image retrieval of vehicle 1 and 3), we can see that when
Widrow-Hoff rule is being used , non-orthogonality is no longer a problem in oppose

to Hebbian rule which the non-orthogonality caused noise in the process of image

retrieval.
[ 41 ]
+1
We assume np = 0.3, X1 = ,and X3 =
+1
i +1 | )
+1
. . +1
hence the matrix X is equal to X =
+1
+1

Then, we initialize the weight matrix to zero and put all the connection weights in a

+1

—1J

4 x 4 matrix. The first iteration is as follows:

oo
_ 00
o Xo=Wyg.X =
00
0 oj
(41 41 ]
_ +1 -1
.E():X—X(]:
+1 +1
+1 -1




o Awy =03xgyx XT =

The second iteration:

06 0 06 0 |
0 06 0 06

o Wi =Ws+ Ay, =

)/(\1 :WlX:

° 51:X——)/(\1:

The Third iteration:

[ 06 0 06 0 |
0 06 0 06

06 0 06 0
0 06 0 06

06 0 06 0
0 06 0 06

AW[U =03 xXe X XT =

12 12 ]
12 —12
12 1.2
12 —1.2
02 —02 |
0.2 0.2
02 —02
| 02 02 |
[ 012 0 —0.12
0 -012 0
012 0 —0.12
0 012 0

0
—0.12
0

-0.12

31



o Wiy =Wy + Aw,, =

Xy = Wy X =

.SQZX—XQ-_——

[ AWP] =03 X g9

The last iteration:

[ 048 0
0 048
048 0
| 0 048
[ 096 096 |
0.96 —0.96
0.96  0.96
0.96 —0.96
[ 04 04 ]
04 —04
04 04
04 —04
[ 0.24

x XT =
0.24

0 024 0 024

0 024 0 024

048 0O

0 048
048 0

0 048 |

0 024 0

0 024 0

o Wy = Wey + Aw,,

o Xpp = Wiy X =

= = =

(05 0 05 0 |
0 05 0 05
05 0 05 0
0 05 0 05|

32
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[0 0
— 0

® gy =2—Xp= 00

00
[0 00 0]
T 00O0O0
.AW[22120.3X522XX = 000 0
0 00O

We will continue these steps till we reach to Ay = 0. As soon as we reach to this
level, we can say that the Widrow-Hoff algorithm converged to the correct answer in

k + 1 iterations.

Note: the number of iterations needed to reach convergence depends on the initial
value chosen for the learning constant, i:e. 7. If 5 is too small, then we need to
conduct more iterations to reach the correct solution. However, a very large value

could cause the memory to oscillate around the correct answer (Kohzadi, 1995).



Chapter 4

Linear Hetero-associative

Memories
(Neural Classifiers)

In auto-associative memories an input pattern was associated to itself, but in hetero-
associative memories an input layer is connected to an output layer by a set of mod-
ifiable connection (i.e. there are always two layers, input and output layers.) The
objective in a linear hetero-associative is to train the network to learn mappings be-
tween input-output pairs such that the memory produces the appropriate output in

response to a given input pattern, Abdi (1999).
All the rules presented for the auto-associative memory can be applied to hetero-

associative memories. The following is the general architecture of a hetero-associative

memory:

34
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Figure 6: Hetero-associative memories

4.1 Applications of The Hebbian Rule

We can consider the Hebbian learning rule as a supervised learning if during learning
we use the correct output. According to Abdi (1999, p.49), The Hebbian learning
rule sets the change of the connection weights to be proportional to the product of the
mnput and the expected output.

In Figure 6, input neurons is presented by an I—dimensional vector called Xy (Xr.q
matrix) with its corresponding output which is presented by a J—dimensional vector
called O (O, matrix). Suppose -y represents the proportionality constant, and the
connection weight matrix can be represented as W = v%;X;.07 (Hebbian Learning

rule) we assume,

e XTI =[+1 +1 +1] represents Mazda 323 (the target value of OT
=[11-1)

e XJ =[-1-1-1] represents Toyota 4 Runner truck (the target value of OF = [1
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-11))

e XTI =[-1+1-1] represents Dodge pick-up (the target value of OF
—-1-1)

e XI =[+1 +1 -1] represents Ford Focus (the target value of OF
=[11-1))

Recall that Hetero-associative memories produce output in response to a given input
pattern. To find out the respective connection weight for each input, first we store

the image-name pairs in the memory one by one:

First step, Store the Vehicle-model pairs in the memory, one by one:

Assuming v = 1, we store the first vehicle and its related models in the memory by

modifying the weights as following:

0 +1
Wy =Wo+Xi x0T =100 0|+ +1 x[+1 11 =1
000 +1
11 -1
=111 -1
11 -1
11 -1 —1
W =Wy+XexOf =111 -1]|+| -1 X[+1 -1 +1]
11 -1 -1
0 2 =2
=10 2 =2

02 =2
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02 -2 ~1
Wiy =W+ Xsx05 =102 -2 |+ | +1 x[+1 1 _1]
02 -2 -1
-1 3 -1
=141 1 -3
-1 3 -1
13 -1 41
Wy =W+ XexOf = | +1 1 =3 |+ | +1 x[_1 +1 _1]
13 -1 1
-2 4 -2
= 0 2 —4
0 2 0

As we explained in the previous section, we can check the quality of the response by
the following formula:

0; = WTX; and cos(0;, 03) = [(OF).0/[IOT |10y,

Hence cos(Ox, 0s) = [(OF)-04]/[IOT|104l]) = 12/(vITEV3) = 0.68

After comparing all of the responses to the vectors presenting the vehicle models
(cosine comparison), we find that none of the models recalled the associated input
perfectly. According to Abdi (1999), when the input and output vectors are non-
orthogonal (i.e. [ and ), the memory creates crosstalk and adds noise to the expected
patterns:

0, =WTX, = £,0,XTX; = S.(XTX))O, = (XTX))O, + Tyt ( XL X))O,

The size of the noise Zr;él(X;F X;)O, depends on the correlation between the input
patterns (similarity); the larger the similarity between the input and the output

patterns, the larger the crosstalk.
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4.2 Applications of The Widrow-Hoff Rule

We can improve the performance of the memory by using an error correction rule
instead of Hebbian rule. As we discussed before, the Widrow-Hoff learning rule adjusts
the connection weights in order to minimize the error sum of squares between the
expected response and the response of the memory. By using the error term, the
difference between the answer of the memory and the expected output, the weight
gets adjusted iteratively. This can be done in two different ways, either in a single
stimulus learning mode or in a batch mode. The difference is that in the single mode,
we calculate the error after each stimulus, but in the batch mode, we calculate it after
the complete set of patterns. The connection weight matrix for a Hetero-associative
Memory at iteration n+1 is expressed as (Abdi ,1999):

Wk oy = Wiy + (0 = Wy X)X = Wk + n(0 — O )XT = W + nEXT

= Wik + AW

E is the error matrix; AWk is the connection weight correction matrix at the K
iteration with 7 as a constant. Now assume, we want to do an image retrieval from

the memory for Car A and Truck B:

R
. -1
We assume input X; = corresponds to the output value of
+1
-1
+1
. -1
O[+1 -1 +1] for car A, and the input zo = corresponds to
-1
+1
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the output value of O[—1 — 1+ 1] for Truck B, or collectively as

-1 +1
+1 -1
-1 -1
X = - |,andO=| -1 -1
+1 -1
+1 +1
L—l +1
_ .
0
* Wi =
0
000
i -1 41 ]
0 00O
~ - -1 -1
.OOZVV[()]-X: 00 0O X =
+1 -1
0 00O
- -1 +1
1 -1
OEO:O——OAOZ -1 -1
| +1 +1

We set 7 = 0.3; We could choose any other number between 0 and 1. Choosing

a very low or very high number may cause over fitting.
-06 0 0.6 06
Ay =03xexX"=1 0 06 0 0
0 —-06 0 O

—-06 0 06 06
Wh=Wh+Aw,=| 0 06 0 0
0 -06 0 0

The second iteration:



(06 0 0 |
0 06 —06
[ ) W[l] =
06 0 0
06 0 0
i [ 1 41
06 0 06 06 L 18 —1.8
e O1=WHX=| 0 06 0 0 |Xx =| —-06 —06
+1 -1
0 —06 0 0 0.6 0.6
: —1 +1
08 08
e, =0-0,=| —04 —04
| 04 04

048 0 —0.48 048
o Ay, =03 xex XT = 0 024 0 0
0 —-024 O 0

-0.12 0 0.12 —0.12
T _ T —
0 —-084 0 0

We continue until we get A, =0



Chapter 5

Backpropagation (BP) Algorithm

What we have learned so far helps us to solve linear! problems with Neural Network-
ing models. In this section, we learn how backpropagation algorithm can help us use
neural networks models in nonlinear problems. BP networks are made of multi-layer
networks consisting of nonlinear units, where only the hidden layers (cells) need to

be nonlinear units.

Backpropagation uses supervised learning like perceptrons and linear hetero-associator.
The difference between backpropagation and other architects is that the BP uses the
error made by the network as a basis to achieve the correct connection weights. The

error in the network first gets converted to error signal by the output unit and then

Yunction Z(B) = Zy + Z;B(i) which is linear in the parameters B(1), B(2),...,B(n) to be one
where each term in the function has at most one parameter, and each parameter appears only to the
first degree, that is, to the first power. A linear equation results by setting Z(B) to zero. Bates and
Watts (1986) consider the term "nonlinear” to imply that the gradient of the modeling function is
not constant. We will consider that the parameters B are nonlinear if the equations which must be
solved or functions which must be minimized in order to estimate their values cannot be reduced to

a set of simultaneous linear equations "(Nash, 1987.)

41
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back propagated (backward move) to the hidden layers. The hidden layers use the

error signal and then estimate their errors.

Figure 7, all connection weights proportionally get automatically updated after the

overall estimated hidden layers.

R o
'isthelnputpattem :

“‘connection welghts o
i / <L matrix biw Input &
: Hidden Laym

\

. i B !
L Hiddan layerunits : (

W connection weiqhts o
1 mateix biwHidden &

Ouiputlayerunns /)() ?D

IO(k) hat1 ......... g ok
1s|heoutputpanem : :

Figure 7: Back-propagation network

o 11, (k=1,..,4,..,I), is the input units presented by a I * 1 matrix

hi, hidden (k =1,..,1,.,L), is the hidden units presented by a L * 1 matrix

Ok, (k =1,..,4,.,J), is the predicted output/response unit stimulus presented

by a J * 1 matrix

Z 1.1 is the connection weight matrix between the input and hidden layers

Wi is the connection weight matrix between the hidden and output layers
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o f(z)=logist(z) =1+ (1+exp™™)
or f(z) = tanh(z) = (exp® — exp~*)+(exp” + exp~*) are the nonlinear transfor-
mation functions which transforms the activation level into a response. Note:
tanh(z) or the hyperbolic tangent is usually used when the output response

range is between —1 and +1.

When Widrow-Hoff learning rule is used, non-linear units like linear ones learn by it-
eratively correcting their connection weights. For nonlinear problems, the connection
weights correction is proportional to the error, the value of inputs (i.e. linear) , and
when the output of the cell is near asymptotic values (i.e. the asymptotic values are
0 and 1 for the logistic function), the degree of correction must be very small. The
degree of correction is very large when the output of the cell is in the middle of the

logistic, i.e. 0.5 for the logistic.
To make the connection weight correction proportional to the rate of change of the
transfer function, it is much convenient to make it proportional to the derivatives of

the function. we calculate the correction for a connection weight from input cell ¢ to

hidden cell {:

Az, = (activation of cell i or x;) * (error signal past to the hidden cell "I” from the

output cell) = z; * [f(;zl) X é]
so the derivative for the above transfer functions shall be as follows:

flla) = 488 = Jogist(z)[1 — logist(z)] = f(z){l — f(x)]
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1 __ dtanh(z) __ 4
f (',L‘) - dz T (exptterp—*)?

Now, we look at an example of BP algorithm with non-threshold cells from Abdi
(1999, p.75-83).
In the first part, we use the input layer and generate a normal feed-forward flow of

the activation to the output layer passed through the hidden layer. We assume:
® Zix1) = Zik) + nGiggen; = Zixy + Az,;K is the iteration number
o There are three input cells X; = z1,22,2z5 or X =[1 2 3]T.

e There are two hidden cells and the Zs,» is the connection weight matrix between

5.3
the input and hidden layers, Z3.o = | .3 2
d 01

e The hidden cell response is calculated by Hiddenix) = f(Z1,,X(x)
e There are three output cells.
e The W,,; is the connection weight matrix between the hidden and output layers.
1 3 5
W2*3 =
2 4 6
e We consider the output response vector as OEK] = f(Wi3Hiddenx)), and n = 1.

We start the process by calculating the level of activation of the hidden units, (Note:

All the numbers have been rounded)

1
o 5.3 .1 1.4
e Activation Level= x| 2|=
3 2 1 1.0
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After this process, the network can start the learning process by first calculating the
error signal. To compute error signal, we must first compute the derivative of the

output unit responses (i.e. ) represents elementwise product of vectors.)

« fla)=0Q@(1-0)=
0.56 1 0.56 0.56 0.44 0.25
=063 {@(|1}{—-]063])=]063|&R|037]|=1]023
0.7 1 0.70 0.70 0.30 0.21

Next step is the backpropagation process. It starts by computing the output errors

applied to the hidden layer.

® Ooutput = f(a) QR Error = 6®(1 — 6) X0 — 5) =
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0.25 —0.44 —-0.11
=1023 | Q®| -033|=1{—-0.08
0.21 0.0 0.0
Input X Hidden H Response 0
) Error= D44 * (.25 S“pervisgr
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o weigpts rror
K=t ; 01=0.1
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o érror = W X Souiput = (@) Q Error = O ®(1 — 0) R0 — O) =
0.1 0.3 05 e —0.03
= x| —008 | =
0.2 04 06 —0.05
The hidden layer’s error signal is calculated in the same manner. Note: When the

error is supplied by the supervisor, we replace it with the estimation of the hidden

units’ error.

o f(b) = Hidden Q(1—Hidden) = {0.80 } ®([ 1 }ﬁ[ 0.80 }) _ [0.80 } ®[

0.73 1 0.73 0.73
0.16
0.20
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o Shidden = J1B) @ error = hidden @ (1—hidden) @ (W X Souiput) = { 0.1 ] ® { —0.03 } _

0.20 —0.05
—0.005
—0.010

_ 05 0.3 1
o Zigs+Az =242 04m = | 03 02 | +(]| 2 x[—0.005 —0.010])=
0.1 0.1 3
05 03 —0.005 —0.010 0.49 0.29
03 02 |+ | —0.011 —0.021 | =1 029 0.18
0.1 0.1 —0.016 —0.031 0.08 0.07

(Note: As we previously assumed, 7 is equal to 1 in this example.)
Input X Hidden H Output Response O

Error= D44+ 0.25 Supervisgr

i
Estimate error signal Error

Xi=1 7N 01=01
{ ; EstH1=0.03 G T e — :
e 0.16%0.03=.008 S ——
S ‘\\ ; 0 -
\oaes ) !
5 :
0289 /H1=0.16.= .0, Error=-0.33°0.23
o, , xpond K. 3 /; l
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N /o}gn B e A -
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e T e
/ 01?&3‘{“2:0‘201 Error= 0.+ 0.21
SR 1 N s ]
7 g \Y/ - 7 \‘\
3=3 H [ < R :
¥ memeans L0 5 03T
T 0.20%B.08=-0.01 i

Now, we can update our output weights (W{x41) = Wik +Aw ), and start the iteration
again.(Note: the redirection of the arrows from the above figure.)

—0.09 —0.06 0.0
o A, = nxhiddend:
—0.08 —0.06 0.0(

outpu

0.80
= 1x x| 011 ~0.08 0.0003 | =
0.73
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After we got the new weight matrix, we continue to repeat the same steps until we

get the desired perfect output.

Neural Networking Library of R

The neural networking package of K which is called nnet Library is based on the single-
hidden layer, feed-forward Backpropagation model which is the most commonly used
amongst researchers. nnet Library of R conducts the exact same BP process as shown
in this chapter to generate the desired forecasting outputs. In the next chapter, we
are going to use the neural networking library of R as well as other useful libraries to
conduct a comparative analysis between the results obtained using neural networks

and ARIMA models.



Chapter 6

Time Series Forecasting using
Neural Networks

In this section, we look at time series forecasting using neural networks. A comparison
will be made between the final output of each model and another relevant forecasting
method, i.e. ARIMA. In order to find an effective neural network forecasting model,
we need to take 3 steps. First, we must detect the appropriate number of input
patterns. Next, we estimate the number of hidden nodes in the hidden layer. Finally,
we must compare the result of our networks with other forecasting models to find out

the validity of our model.

6.1 Time Series Analysis

The network that we are working on in our time series analysis is a feedforward neural
networks which is composed of input neurons, hidden nodes (one hidden layer), and
one output layer. As we mentioned in the previous chapters, we use adaptive learning
algorithms such as Widrow-Hoff back-propagation algorithm to adjust weights until

we reach our desired relationship between the input and output layer of the networks.

50
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(Note: Because of the intensity of the calculations (very time consuming), we will
conduct error minimization using R statistical software.)

According to Lin et al. (1995), we can describe the neural network forecaster as:

Xn+1 = NN(XTH Xn—la---Xn—ka €nyCn—1;-.+, en—l)

To determine the performance of the network forecaster we need to know the input

data, original observations (X), and residuals (e).

Detection of input patterns may be done by Autocorrelation Function (ACF), and
Partial Autocorrelation Function (PACF) analysis as a rule of thumb introduced by
Lin (1995). The main thing is to ensure that the series has been rendered stationnary.
Hence, if we detect any particular trend in the data, we use differencing to remove the
trend. We continue this untill the series become stationnary. In one-step forecasting,
ACF is used to determine the lags of residuals for short term forecasting (Lin, 1995).
The next step to detect the input patterns is to calculate PACF. The result of PACF
analysis reveals how X; is autocorrelated to X;,,. We choose those partial autocor-
relation coefficients which are considerably different than the other coefficients. The
number of inputs needed for the network forecaster is basically the largest lag between

any two of the coeflicients.

According to Baum E. B. and Haussler D.(1983), a rule of thumb to determine the

number of hidden neurons is by the following formula:
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A (NumTraininiEzamzie) X(ETTOTTolerance)
nN <
Hidde EUTONS =~ (Numgatapoints)H(NuMoutputneurons)

o NUMprainingEzample: Number of Observations x Number of data points
o Errorroierance: Error Tolerance
o NumMgatapoints: Number of data points per training example (i.e. input numbers)

o Numoutputneurons: Number of output neurons

When we look at one-step ahead forecasting, Figure 8, residuals also considered to be
a part of the input values. However, when we look at the multi-step ahead forecasting
(long-term prediction), the actual future data may not exist, hence residuals are no
longer considered to be available. So, we remove the feedback loop from the output,

as shown in the following graph.
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Figure 8: neural network forecaster for one-step ahead forecasting (Lin, 1995).
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To give a simple example of using the Baum-Hassler rule, we look at the AirPassengers

example from the following section.
o Number of Observations: 144
e suppose the Errorroerance: 0.03

o NumMggtapoints: We try different values to fit the best network, refer to Empirical

Analysis Section.

L4 Nu'moutputneurons: 1

- 144)XN’led t int X(003)
< ( atapoints
HiddenNeurons < (Numapo) 1 TWe have

. 144X Numggtapoints X (0.03)
< atapoints
Hldden - (Numdatapoints+1)

So the number of neurons in hidden layers must be 2,3,4 at most for the input num-
bers (data points) of 2,10,20 respectively. Here is the number of hidden neurons as
a starting point to build different NN networking models. As we are going to show
in the following sections, we also try other numbers for input and hidden neurons to
justify our selected networks. The results have shown that in order to find both the
proper number of input and hidden neurons, we need to use trial and error method.

Previously mentioned rules work only as a starting point for us.

We conduct time series prediction by feeding our desired model a series of input data
X1, .., Xy, and forecast X, 4+1... X4 (k a positive integer). In this section, the main
comparison has been done between ARIMA and neural networks models. However,
we have also looked at two simpler forecasting models, Moving Average and Holt-

Winter’s. Although Holt-Winter’s method showed some good results in one case (i.e.
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Canadian Road Fatalities data set), but it failed in other trials. Hence, we concen-
trated on ARIMA and neural networks as two main comparative methods. Since R
is our main focus, we use the ready packages and functions in the software. For this
part, we need to load ”Stat” library or ”ts” library (in older versions of R.) Note: we
also need to load the nnet, base, stats, MASS, aded, datasets, splines, tseries, and

forecast libraries from R to conduct the necessary analysis.

In the following examples, we make our comparison between ARIMA and neural
networking models by dividing our analysis to two parts of forecasting Seasonal and

Non-seasonal data.

6.1.1 Non-Seasonal Data Set

In forecasting analysis of non-seasonal data , we look at 13 data sets in total. In this
section, we look at only 1 set of non-seasonal data, but the remaining 12 sets will be

discussed in the next chapter.

Looking at USeconomic data set, Luetkepohl, H. (1991),available‘ in the R directory
of tseries library, we get M1, the seasonally adjusted real money, and GNP in 1982
U.S. Dollars, as well as, rs which is the discount rate on 91-Day treasury bills, and
r1 which is the yield on the long-term treasury bonds. USeconomic contains the
logarithm of M1,and GNP, as well as the real values of rs and r1. Our focus, in the
next section, will be to find an appropriate forecasting model for rs, Discount rate on

91-day treasury bills.
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6.1.2 ARIMA Modeling (Non-Seasonal)

In ARIMA modeling, we look at both AR(p), autoregressive process of order p, as
well as MA(q), moving average procéss of order q. An ARIMA (p,d,q) process which
stands for the integration of AR and MA is an ARIMA model in which the d* order
of differencing is an ARIMA(p,q) process, Venables, W. N. and Ripley (2000). We

can define it as

X, = AR(p) + M A(q) which can also be defined as

Xp =3V Xni+ Y g bucn—i
AR(p) can also be expressed as:
Xo=p+01(Xpo1 —p) + oo+ ap(Xpp — ) + &5, forn =1, ...
MA (p) can also be expressed as:

Xn = HUn +e, + b1€n_1 + ...+ bq€n_q

Data Description:

Figure 9 shows an unsmoothed scatterplot of the discount rate on 91-day treasury
bills against time, rs. As you can see, there is an upward movement at the beginning
of the series. Usually, time-series analysis divulges a sequential dependence, John
Maindonald and John Braun (2003). This dependence creates a challenging task of
finding the right model.
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Figure 9: Scatter plot of the discount rate on 91-day treasury bills against tim, rs.

Besides the scatterplot, we can also look at the lag plots, Figure 10. lag 1 plot indi-
cates that we are plotting xy against xx_; for all kK = 2,3, ..., n. Similarly, lag 2 plot

shows z; against x._o for £k =3, ...,n, and so on.

Figure 11 shows that the first 4 lag plots for rs data in tseries library of R. "If we
look at the lag 1 plot of rs, the scatter of points around a straight line suggests that
the dependence between consecutive observations is linear”, John Maindonald (2003).
According to the same graph, as the lag number increases, we can observe a more

scattered plot. Hence, the lag 4, successfully suggests that the separated points are



less dependent.
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Figure 10: lag plot for all the variables of USeconomic data set. (Rgus — output)

If we look at the different plots (i.e. Scatter, Lag, and ACF plots) of rs data set sepa-

rately, Figure 12, we can observe that there is a positive correlation (autocorrelation),

according to the lag plot.
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Figure 11: Scatterplot, lag plot, and ACF plot of rs (Rgyr — output)

6.1.3 Data Analysis

rs is a quarterly data set. Since it is quarterly, the seasonal length is fixed at 4.

According to ACF, Figure 12, the data declines rather slowly which suggests that

our data has a trend. Since there is a clear trend in our data, rs, the series is not

stationary, and we must eliminate the trend before continuing the ARIMA modeling

process.
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Figure 12: The ACF, and PACF graphs of rs (Rgy; — output)

Standard practice to stationnarize a series with a trend , Figure 13, is to take the

series first differences (Nash, 2001.)
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P diff.ra<-diff (rs, lag=1)
> actidiff.rs)
> pact (diff.rs=)
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o -
s’ s =[]
L o] g | L !
R | A
L1 l 1 ] L & F O St B F
;= S S R I A -
S 7] 0
T T T T T T Q7 T T T T T
0 1 2 3 4 5 1 2 3 4 5
Lag Lag

Figure 13: Non-seasonal first difference of rs (Rgyr — output)

ar function in R is a wrapper for the autocorrelation estimate function, yw, (ar.yw),
and other functions such as ar.burg, ar.ols, and ar.mle. In R, order selection is
conducted by AIC (Akaike’s Information Criterion). AIC is designed to decline by

the increase of the estimated predictive power, John Maindonald (2003).

e In ar.mle function, AIC is calculated such that the estimate of variance were
the Maximum Likelihood Estimation (MLE), disregarding the determinant term

from the LH (likelihood).



61

¢ In autocorrelation estimate function, ar.yw, the variance matrix of the innova-
tions is calculated using the fitted coefficients and the auto-covariance of input

values, x.

Going back to AR(p) formula, we first try to estimate . We can either use the

maximum liklihood estimator, or the autocorrelation at lag 1, Figure 14.

> HMLE.ww<—ar (Xx=diff.rs, order.max~=1, methad= i}
= MLE . wwr

Call:
ar (x = diff.r=, order . .max = 1, method = o'

Coefficients:
1
0O.1612

Order selected 1 s=igma™zZ escimaced as F.381e—05
> MLE. vww§ar

[1] O.1612252

> MLE.mlel<—ary (x=Riff.rs, order. . max=1l_ . methode="1mls"")
> MLE .mlel

C=ll:
ar (x = diff.rs, order.max = 1, methode = Tmle'™)

Coefficients:
1
O.1612

Order selected 1 sigma™~2 estimated as T.381le—05
> MLE.mlelidsaas

[13 0O.1612252

> MLE .mlelidm.mean

[11 O.00036469149

> MLE . . mlelivar . .pred

[1l F.38111e—05

Figure 14: Order selection (Rgy1 — output)



» MLE.mleZ<-ar (x=diff.rs,order. . max=2 mathod="mle"}
> MLE.mlezZ

Call:
ar(x = diff.rs, order.max = 2, method = "mle'™}

Coefficients:
1 2
0.2078 -D.2924

Order selected 2 sigmat2 estimated as 6.633e-05
> ar(diff.rs, mecthod="mi=aM}

Call:
ari(x = diff.rs, method = "mle'™)

Coefficients:
1 2 3 4 5 6
0.2770 -~0.3530 0.2842 -0.0892 0.1208 -0.09z29

Order selected 7 sigma*2 estimated as 5.581e-05

.
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Figure 15: Order Selection and Partial ACF of diff.rs (Rgyr — output)

As shown above, we first fit a AR(1) process, after removing the mean which gives

us:

Xp = 0.1612X,_; + &, with 0% = (7.38111)1070.

In Figure 14, we computed the autocorrelation estimate (i.e. MLE.yw using ar func-

tion) considering AR(1), i.e. order.max=1. Then, we conducted the autocorrelation



63

estimate of alpha by MLE.yw §ar function. In Figure 15, R has computed the Maxi-

mum Likelihood estimate (MLE.mle).

AR(1) fit to diffrs

0.8
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o
o
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frequency
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Q
-

AR(3) fit to diffrs

00 05 10 15 20

frequency

Figure 16: Cumulative Peridogram Plots for residuals of AR models fitted to diff.rs

(Reur — output)
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6.1.4 Finding The Right ARIMA Model For rs Data Set

Our model selection criteria is AIC (in R), but we also may look at BIC, and MSE

values.

o AIC (Akaike’s Information Criterion) which can be calculated as
AIC(P) = =2In(L) + 2P ; where P is the number of parameters in the model

and L is the likelihood function.

e BIC (Schwartz’s Bayesian Criterion) which is quite similar to AIC:
BIC(P) = —2in(L) + P.In(n); n is the number of observations

We can try fitting different AR’s and compare their AIC, ¢?, BIC,and MSE values.
To do this, we can use arima function of R, which fits the model by ML (Maximum

Likelihood) and does not include a mean.



* rs.ari<-ar{diff.rs, ¥, )
> rs.arl

Call:
ar{x = diff.rs, aic = F, order.max = 1}

Coefficients:
1
0.1612

Order selected 1 sigma™Z estimated as 7.38le-05
> opgramirs.arl$resid, nain="AR(1l} fit vto diff. rs")
r=z.ar<-ar{difi. re)

¢

rs.ar

i3

Call:
ar{x = diff.rs)

Coafficients:
1 z 3 4 & 6 7
0.2785 -0.3585% 0.2883% -0.0922Z 0.126)1 -0.095z -0.2458

Order selected 7 sigma"? estimated as §5.945e-0f
> rs.arjain
0 1 z 3 4 5

6

24.98%608 23.434063 13.043515 9.250523 10.882642 B8.568265 £.410360

9 10 11 12 13 14

15

3.132249 4.857837 4.988223 6.9193Z0 7.636700 D9.363854 11.2928%8

18 19 20 Z1
16.986000 17.761545 19.74E5332 z1.5233808
> cpgram(rs. arfresid, main="AR(3) fit vto diff.rs"™}
>

7
0.000000
L&
13.006522

2
1.185536
17
14.996729

Figure 17: AR(1) and AR(3) models fitted to diff.rs (Rgys — output)
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According to the Figure 13, the ACF of the differenced series has declined sharply. If

we look at the ACF diagram, we can see that the autocorrelations are not different

from zero after lag 1 or 2 which is the indication of a MA(1) or MA(2) model that

would best describe the variable. Similarly, after examining the PACF of series rs,

we can observe that the partial autocorrelations are not different from zero after lag

1 or 2. This would indicate that an AR(1) or AR(2) model would best describe this

variable. Next, we try different ARIMA models, and base our decision on the AIC

criterion to find the best fit.
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According to the results shown by the R GUI (Figure 18-21), between all the models

we have tried so far, the ARIMA(1,0,0) looks the best choice because of the lowest

AIC value, BIC, and MSE (Mean Square Error) value. Figure 19 indicates that AR(1)

has removed all the correlations, according to the P-value for the Box-Pierce (1970),

i.e. P-value for Goodness of Fit Statistics.

Comparing AR(1,0,0), and the best ARIMA fit obtained by best.arima function of R,

Figure 22, AR(1,0,0) seems a more reasonable model for our forecast.

> rs.arimal<—arima{rs,crder=c(l, 0, . cond=3)
> rs.arimal

Series: rs

ARIMA({1,0,0)(0,0,0)[4] model

Coefficients:
arl intercept

0.9613 0_.0506
s.e. 0.0z18 0.0184
sigma~Z estimated as 7.331le-05: loyg likelihood = 453.15, aiec = —-900.31

> vediagi{ys.arinal}

I

ACF of Residuals

10

t
T
|
1
1
1
|
1
|

—

ACF
02 04

Lag

P value
04 08

00

Figure 18: ARIMA(1,0,0) Model (Rgur — output)




> orE.arima
Series: rs
ARTMA(L,1, 1){0,0,01[4]) model

Coefficients:

arl mal
—0_.3607 0.71z3
s.a. 0.1zz8 0.07326

sigma”~Z estimated as 5.535e-05:
> Cesdiagirs. arimal

ES

> ys.arvimas-arimsirs,order=ci{l,l,Ll} 1. cond=3)

log likelihood = 458.73, aic

67

= -911.486

lag

Figure 19: ARIMA(1,1,1) Model (Reyr — output)

ACF of Residuals
o
o ~t
3 o
™
<
Lag
p values for Ljung-Box statistic
o _|
P
2 1 -
= < o
L=] o
o _L R -
I ettt abalaliolalaohdiialelieiaieiietiiatetethiloub oo -~ e Slluthalatiodt Sttt 5
[e=] T 1 T T
2 5 8 10



> rg.arima<-arima{rs,crder=ci{Z_, 1,1} n.cond=3})

> ES.Aarima
Series: rs

ARIMA{Z,1,1)(0D,0,0)[4] model

Cocefficients:
arl

-0.z850

s.e. 0.1347

arz mal
~0.2z82 D_&773
0.0931 0.1178

sigma™~Z estimated as £.275e-0S5: log likelihood = 461._41,
= wediagivs. arimal

=

aic

68

= -914_82

S—
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Figure 20: ARIMA(2,1,1) Model (Rgyr — output)



= rs.arinas-arina{rs,order=c{(Z, 0,

> rs.arims
Series: rs=s
ARIMALZ,0,0)(0,0,.0)[4] model

Coefficients:

arl arz intercept
1.1382 -0.1850 D.05Z0
s.e. 0.0837 0.0843 0.0141

sigma~Z estimated as 7.077e-05:
» tediagirs.arimal

03 ,1n. cond=3}

log likelihood

455_51,

aic

69

= -903.03

> !
ACF of Residuals
24
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[e=]
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Figure 21: ARIMA(2,0,0) Model (Rgy; — output)
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= fit<-best.arimalrs, d=1)

= £t

Series: rs
ARTMA{1,1,4)(0,0,0)[4] model

Coefficients:

arl mal naz na3 nad

-0.6681 0.%%73 -0.0993 -0.1008 0.z041

s.e. 0.2367 0.2835 0.18z28 0.170z 0.1258
sigma~Z estimated as £.5956e-0S5: log likelihood = 464.7, aic = -917.4

= forecastle-foracastifit, kh=g)
* forecastl

Point Forecast Lo 80 Hi 80 Lo 95 Hi 9%
1938 Q1 0.05878697 0.04889663 0.06867725 0.04366110 (0.073391284
1988 Qz 0.05521802 0.04346752 0.07636852 0.03475916 0.08507688
1988 Q3 0.05992162 0.04067610 0.07916715 0.03048814 0.08935511
1988 Q4 0.05970443 0.03748700 0_0819Z186 0.0Z572580 0.09368306
1989 Q1 0.059284955 0.03441785 0.08528154 0.02Z095466 0.09874443
1989 QZ 0.05975259 0.03183148 0.08767370 0.01708093 0.10245424
198% Q3 0.05981737 0.0Z938976 0.09024498 0.013Z8235 0.10635238
1989 Q4 0.0597740% D.0Z2716990 0.09237€27 0.008391029 0.10963788

Rate on 21l-day Treasury Bills")

> plot(forecastl,yiab="The Discount

LLitird

0.02 012

1855 1960 1965 1970 1975 1980 1985 1890

Discount Rate on 91-day Treasu

Figure 22: Best fit obtained by best.arima built-in function of R, ARIMA(1,1,4)

(Rgur — output)

Figure 23 and Figure 24 show the n-steps ahead (i.e. 4 quarters) forecast of data
using ARIMA(1,0,0) model. When we used R to calculate ARIMA, we can use either
the forecast function ,as shown in Figure 23, or we can use the predict function (more

descriptive) as shown in Figure 24. Both functions create very similar results.



> rs.
> far
= forecastl

Point Forecast
1388 Q1 0.05966668
1988 Qz 0.05331420
1288 Q3 0.058837536
1988 Q4 0.058€64962
1983 Q1 0.05833647
1988 Q2 0.05803544
1989 Q8 0.05774504
19839 Q4 0.05746784

Lo 80
0.04869406
0.04409366
0.04068623
0_.03792473
D.03569132
0.03357114
0.031729404
0.030z21308

arimss-arimairs,order=c(l, 0,0} n. cond=3)
ecastli-forecast(rs. arima h=8)

Hi 80
3_07063929
0.07453475
0.0772Z6449
0.07337450
0.082108162
0.08z42973
0.08362804
0.08472260

Lo 35
0.04z83551
0.03603639
0.03100454
0.0Z2655364
0.0z355077
0.0z0ez0OEZ
0..1805588
0.01573&5z8

> plot{forecastl,yvliash="Discount Rats on 3l-day Treasury

Hi 95
0.07644735
0.08z2L55201
0.08694617
0.09034559
0.09312217
0.09545038
0.09743620
0.09915040
Bills":
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Forecasts from ARIMA(1,0,0)(0,0,0)4
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Figure 23: Forecasts for the next 8 quarters using forecast function

(Rgur — output)
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VAR

printirs.fitc)
Series: rs

]

Do

N

Coefficients:

0.9615
s.e. 0.0218

§pred

Qtril
1988 0.05960233
1989 0.05803801

§se

Qrril
1988 0.00856005
1889 0.01774971

ra.fit<-arima(rs,

ra, fit<-arimalrs,

arl intercept

ARIMA({1,0,0) (0,0,0) [4] model

Regression variables fitted:

Xreg

0.0502 -0.00z20

0.0165

sigma™~2 estimated as 7.327e-05:
> predicti{rs.fit,n.ahead=8, neyxreg=as.matrix (rep{1,81))

Qrr2
0.05918792
0.05768384

Qrr2
0.01187495
0.01809268

0.0086

Qtx3
0.05878947
0.05734331

Qtr3
0.01427018
0.02025516

TVsets<- az.matrix{cirep(8,128) ,repi{l,3} 11}
order=c{1,0,0) ,xreg=TVaerg)
TVsets<~ az.matrix{c{rep (8,127 ,rep{l1,8}) 1}
TVgers<- as.matrix (cirep{Q,128) ,,rep (1,311}
order=o{1,0,0) , xreg=TVazta)

log likelihood

Qrr4
0.05840637
0.05701588

Qtr4
0.01617193
0.02127340
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Figure 24: Forecasts for the next 8 quarters using predict function (Rgyr — output)



VAR ARVARY

w

plot(ra,xliw=c {1954, 18983

linesirs. forecastipred, cnl=2}

lines (re. forecastiprad+l.98%ra. forecastiszse, col=3)
lines(rzs.forecastipred-1.96%rs. forecastise, col=4)

rs

<
t -
o
o
= -
= f{
— i

©
e o —
) /VJ

> N
= AT

I 1
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Time
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Figure 25: Plot of the forecasted values, ARIMA(1,0,0)(Rgyr — output)

6.1.5 Neural Networks Modeling (Non-Seasonal)

To forecast using neural networks, we use the commonly used network architect which

is the Feed-forward single hidden layer network which uses Back-propagation training

algorithm to estimate the weights (Lee, 1999). We first divide the data into training

and validations sets. Training: The network is built based on the training data set.

Forecasting: Based on the accuracy of out-of-sample forecasts, we select the "best”
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network. The following R source code conducts a univariate forecasting modeling of

the discount rate on the US 91-day treasury bills ("rs”). The source code is as follows:

T T T T T S Y S SRR SRS

+ o4

B O I S S S S A

+

R

6.

train <- functicni{newvdata, validation,perceptron, hidden }
{set.sesd {7777

Ya-ag.matrix (newdara}

r<-nrowiy)

rval<-(r - validation)

YperceptronVars<~ as.matrix{x[perceptron: {xrval - 1]}
perceptronflus<-perceptron + 1
Toutput<-x{perceptronPlus:rveall
valid<-asg.marrix{x{rval:(x - 11}

for{iter in 1:{perceptron -~ 1)

{

Pe~perceptron - iter

E<-rval - iter

Lperceprtron<— chind{XperceptronVars, x[P:{E - 111}
fperceptronVars<-as.matrix {(Zperceptron)
Validl<-cbhbind{wvalid, x[rval:ir - 1)1}

vglid<-az.matrix (Validl)

H

sarp le<-nrow (XperceptronVears)

nn<-nnet (XperceptronVars, Youtput, size=hiddsan,

HaxNWts =100002, maxit=10000, Linout=T,skip=T, decay=le-2,reltol=le-7,abstol=1le-7,range=1.0)
proutpuc<- predict {nn, LpsroeptronVars)

regsidualSs<-sumi( {Youtput - proutput)” )

print {paste ("Residual suw of squares:", residual3s))
Obh<-predict (nn,valid)

feast<-x{ {rval + 1):x]

ah<-gwm{abe (proutput - Youtput)/ proutput) * 100

HAPE4~ ak / sample

F residualS3<-sum{{fcast - Oh)*2)

print {paste{"sum of squares of Forecasted ervors:”, F_residual$s))
print {paste{"Mean Absolute Percent Error (MIPE}:™, MAPE))

+ print (paste ("RUSE: ", sqrt (residualss / sawple)))

print (paste (“Forecasted RMSE:", sgro(F _residualss / validation)))
print {"Network Architecture:")
print {nn} }I

Figure 26: Sequential NN Training Source Code (Rgys — output)

1.6 Multi-step ahead'forecasting procedure for Non-Seasonal

data

We now extend our procedure to take multiple steps ahead forecast.
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Build the network based on the training set (i.e. 128 observations out of 136),
Figure 27

. Forecast 8 periods (within sample), and use the validation set (Sample 129

to 136) to compare the results, Figure 28. The comparison can be made by
calculating the Root Mean Square Errors (Root MSE), and compare different
networks to find the best possible model, Table 1. At this stage, we create
different models by changing the value of input nodes, hidden nodes, maximum

iterations,and decay function and compare their results.

. Use the multi-step ahead forecasting algorithm for rs and forecast 8 periods

ahead, by pr(rs, 8 3) function, i.e. p stands for the number of input nodes

which is only three in this example.

The summary of trained network in our example (rs.nn) reveals that we have a

3 —4 -1 (3—inputs,Ad—hiddennodes, and 1—output) network with 21 weights which

creates the following forecast and hidden functions:

Forecast(i) = —1.17—0.68xlogistic(h1)—0.68«logistic(h2)—0.68xlogistic(h3)—
0.68 * logistic(h4) ; the reason behind the logistics is the fact of non-linearities

in the hidden units.

hiddenl = 0.19 — 0.10 (1) — 0.10 * (42) — 0.10 * (23)
hidden2 = 0.19 — 0.10 % (¢1) — 0.10 * (¢2) — 0.10 * (33)
hidden3 = 0.19 — 0.10  (i1) — 0.10 * (42) — 0.10 * (43)

hiddend = 0.19 — 0.10 % (i1) — 0.10 % (i2) — 0.10 x (i3)



x<-az. watyix{rs}

f select the ourput: r{t)

Tourput<~x[4: 128}

§ obtain the input warisbles : rit-1l), ric-Z},and rit-3}

XinputVars<- chind{xz{3:127],x{2:126],x{1:125])

» fhild a Z2-4~1 network with skip laver comnnections and linear output.

[—

oW
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> rs.m<-nnet (HinputVars, Youtpur , size=4, naxit=1000, decay=le-Z,reltol=le-7, ahstol=le-7, range=1. 0}

# weights: 21
initial wvalue 11.Z939Z6

iter 10 walue 0.828521
iter 20 value 0.140968
iter 30 value 0.140483
iter 40 wvalue 0.140472
iter 40 value 0.14047Z
iter 40 value 0.140472

final walue 0.140472
converged
> summAry (rs. nnd
a 3-4-1 network with 21 weights
options were - decay=0.01
b-rhl il-*hl iZ-=hl i3-rhl
0.1 -0.10 =-0.10 -0.10
b-*hZ il-*hZ iZ-*hZ i3-*hi
0.1 -0.10 -0.10 -0.10
b->h3 il-*h3 iZ-rh3 i3-*h3
0.20 -0.10 -0.10 -0.10
b->hd4 il-rhd4 iZ-rhd i3-rhd
0.20 -0.10 -0.10 -0.10
b-#0 hl-ro hZ-»o0 h3->0 h4->o
-1.17 -0.68 -0.68 -0.68 -0.68
+ foompute the residusl suw of sqmares
> residualSS<-sum{ {(Youtput-predict {rs. mn XinputWars) | ~2Z)
> prinmtiresiduslS3)
[1] 0.1056120
» eigen({metHess {rz.nn, HinputVars, Yourput) , T $values
[1] 2.2493901Z 0.02783739 0.02783727 0.0z783700 0.02641982 0.0z007171
[7] 0.0Z000091 0.0Z0000Z1 0.01999537 0.01999997 0.01395397 G.019299987
[13] 0.01999987 0.01539937 0.01995277 0.0199519% 0.01%53161 0.01588813
[13] 0.0127543% 0.01275384 0_01Z75290

Figure 27: Build the 3-4-1 network for 7s with 21 weights. (Rgy; — output)



77

* train(rs,8, 12, 0}

# weights: 97

initial walue 3.75B8088

iter 10 walue 0.064837

iter 20 wvalue 0.015473

iter 30 walue 0.015111

iter 40 walue 0.015105

iter 50 wvalue 0.015104

iter 60 wvalue 0.015101

iter 70 wvalue 0.015089

final walue 0.015099

converged

[1] "Residual sum of sguares: 0.0105889958443687"

[1] "sum of sguares of Forecasted errors: 0.000119885811384029"
[1] "Mean Absolute Percent Error (MAPE}: 11.1843547557888"
[1] "RMSE: 0.0095542908055115" '
[1] "Forecasted RMSE: 0.0038711401967642"

[1] "Network Architecture:"

a 12-6~1 network with 97 weights

options were - skip-layer connections linear output units decay=0.01
. -

Figure 28: The results for a 12-6-1 network for rs with 97 weights. (Rgy; — output)
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BNow, we calbiulate the following n~&tep ahead forecast for 8 guarters in rs;

pr <= fdnctioninevdata, ahéad; p |
{
forfiter in 1:ashead)

§

X<-88 patrik {nedatal

EL-REOW{ %]

ni-pFiter

Touepuits=xln: L]

Pig=pr~1

i (T

PEe~n-3

Ri<=£~1

R2w~p-g

R3<~g-3

TinputVarss- chind (s [PLIRL]; P2 1F2Y , x[P3:R3))
r@ and-nnet {ZinputVars, Youtput jsize=q neorivs 10000, decay=1e-2}
Oh<<pradict {re.nn; nevdata)
neydata<-append{nevdata, Oh)

¥

priut{nevdata)

plotinewl)

datas—as. . metrix (hevdara)

par(frow = il 13}

plot{data, xliw=ell 1841 vlin=ci0.02,;0.15) jkledb="gquarcer”, ylab="re"  type="T1"cgl=2}
}

PR I I T O ST T TR SR I A

b

prirs,8;:3)

Figure 29: Multi-step ahead forecasting algorithm. (Rgyr — output)

6.1.7 Seasonal Data

78

Here, we look at 3 seasonal data sets, Air Passengers, Australian Beer, and Canadian

Road Fatalities.

Our first seasonal data set is the famous AirPassengers data set from R directory

which is the classic Box and Jenkins airline data, Figure 30. It contains the monthly

totals of international airline passengers from 1949 to 1960. Our model selection
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criteria for all NN models are MAPE (Mean Absolute Percentage Error), MSE, or
RMSE. The main criterion is the lower value for the Forecasted RMSE, since our
focus in this paper is forecasting. A model with low root mean square error for

out-of-sample observations provides better results in multi-step ahead forecasting.

6.1.8 ARIMA Modeling (Seasonal)

It is not clear whether the seasonally differenced series is stationary, so we use the
adf.test(AP.diff) command to do an augmented Dickey-Fuller test, Figure 31. The
test is significant, i.e. Dickey-Fuller = —0.37907 and p-value = 0.02164, so we do no
further differencing. Now, we fit the model as we did for the non-seasonal data,i.e. we
try different models and compare their AIC values. According to the results shown

on Table 2, ARIMA(0,1,1)(2,1,2) is the best model with the lowest AIC value.
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W

plot {stldfe-atl {loglodirPasgengers) . . vindow=21] )
EP.,arule-atl{dirPassengers, "’ﬁeriadlc")

ds., AP<~AF . pulivime.series, "crend”] + AP.stclivime.series[,"remal
TUsetss— as . matrixicirep i, 188 ;repil; 151 ¥ 1 #Generate Separste T
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Figure 30: AirPassengers data set. (Rgyy — output)



soplotinewd)
» oadf.test{ra.diff)

Aygmented Dickey-Fuller. Test
dacas:. rs.diff

Dickey=Fuller = —3;790?; Lag:ordex: =-5; p—vaiue = 0.02164
slternative hypothesis: stationary

EP.dift <- diff{AirPassengers, 12}
plot (P d1EE]

parimfrow- = of{lid)l

act (4P 41t lag aoex = 40}

pact (AP diff lag.max = 40}

% L A A N

Series AP.dIff Series AP.diff

9
\__ ©
o
@ | LL.
5 " 2 21
W =
=T o~ % g—. ........... 14‘--_. .......
CD l.— ‘ ) | o o IIIWLI |l'd”H'|
N L AL L
S ) IR R R B S < | L
0.0 1.0 20 30 0.0 1.0 20 30
Lag Lag

Figure 31: Dickey-Fuller test, ACF and PACF. (Rgyr — output)
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R

¥ AF.fit < arime{ds.dP, ©l0, 1, 1}, sessomml = listiorder=ciz, 1 ,%), peritd=12}, sreg=TVsets)
> BPLEI% '

Series: ds, 4P

ARINA{0,1,1) {2,1,2)[12] model

Regression vArisbles fitved:
0
0
0

Coefficients:
mal  saErl aar2 swal  sSmal Xreg
~0.4252 1.0965 -0.1010 -1,4665 0,50683 3,9133
s.e. 0,0895 0.279% 0.2685 0.3347 0.3113 09,6564

Sigwatl estimated as 106.4: log likelihood = -501.42, @ic = 1016.84
» AP.pred <- predicr (AP.fit, noehead = 12, neixreg=es.gecrix(rep(l,12)))

¥ AR, pred
$pred
Jan Feh Har Apr Hay Jun Jul Auy
1961 475.3518 457.7631 469.0580 498.1392 509.5064 540.7946 589.5781 585.1947
Sep ot Nov Dec

1961 528.9457 513,2862 482,8655 50_0.2754

$8e .
Jan Feb Har ipr Hay Jun Jui gy

1961 10,50803 12.11094 13.5;{520 14.80498 15.98260 17.07922 18.10955 19.08434 E
Sep oot Nov Dec

1961 20.01170 20.88795 21.,74812 22,56627

Figure 32: ARIMA (0,1,1)(2,1,2) model. (Rgys ~ output)
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(o
oplot idirPassengers, Xidnw=c (1948, 18887, vilim =c 100, PO -
= Lgw <~ AP.predipred — 1.96 * AP, predise
= High %= AP.predipred ¥ 1.98 % AP predise
% lines (AP predipred, ool = 27§
> lined tLow, dol=3)

» lines(High,col=4)
b

AirPassengers
4000 500 800 700
| 1 | !

300
|

200
L

100
|

T T T T T T T
19500 1852, 1954 1956 1958 1960 1962

Tirmea

Figure 33: The graph of forecasted values (including the high and low)

- 6.1.9 Neural Networks Modeling (Seasonal)

When modeling seasonal data, we can use observations from specific lags (i.e. 1 and
7 for weekly, 1 and 12 for monthly) to train our network. However, this does not

mean that we cannot train our network using sequential data input, as in the case
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of non-seasonal models. As we are going to explain in this section, in many cases,
using specific lags for training gives unsatisfactory results compared to sequential in-
put training algorithm, refer to Appendix 6 and 7. (Note: for a 10-2-1 network, we
create a matrix of 10 x (N — 11) (N is the length of input data set) for our input
variables. The first column contains the data from 1 to N-11, ..., and the 10** column

contains data from 10 to N-1, respectively, the desired output matrix is from 11 to N.)

When our input neurons are the sequential data from the same set, we are not treating
each observation differently. This means that there will not be any difference between
seasonal and non-seasonal network training. Neural networks treat both data sets the
same way. Hence, when sequential data training has been used for seasonal sets, we

may follow the same steps as it is explained in the forecasting of non-seasonal data.

Figure 34, R-GUI snap-shot, explains the process of forecasting AirPassengers data
set using neural networks. We first generate separate Training and Validation sets
(sub-samples), Appendix 6. We train the data based on the 128 samples, and build
a 3-2-1 network; as noted before, this simple model is presented for to make the
explanation of the forecasting process easier. Then, we forecast the next 16 periods
using the trained network. Figure 37, compares the results of predicted values with

the validation set.
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APe=4P, st litivwe  series "rrend®] + AF.stlftine.series], "remainder™]
wé~az matrix (AR}

# select the omtpub: ©ig)
Yontpubd-x {41 128)]

#Generate Separate Test Set

# cbtain the input variables: p{t-1), ©it-2), and t{L-3]
ZinputVarsz~ chind{x[3:127] ,x{2:126] ;x[1:125]}

# buitd & 3-2~1 network with skip layer comnpections and linear oubput.
ap.nnd-nnet (XinputVaes Yourput ;glise=3, binont=T, skip=T,max it=10000 decay=1e~-3,
relvol=le-7sbatol=le=Tyrange~1.0) '
weights: 14

initial value 246182.315736
diter 40 wvalue 2.6834.647906

iter 20 value 26354.791380

iter 30 wvalue 261B82.363382

iter 40 vealue 24973.753618

iter 50 value 24772.763057

iter 60 walue 24716.088280

iter 70 value 24690.420186

iter 80 walue 24873.885419

iter 90 walue 24623.050808

final value 24622.594112

converged

» # print the swmary regults of the network.

» sunansrylap. nnd

a 3-2-1 network with 14 weights

options were - skip-layer connections linear output units decay=0.01
B=>h1l i1->hl i2->h1l i3->hl

~-0.45 1.17 -3.68 2.90
B->h2 11->h2 12->hZ2 i3->h2

20.91 2.16 0,45 -2.75

b-»0 hi->e¢ h2=>0 1il=>0 i2->0 {i3-x0

15.02 =-7.93 -11.68 1.38 =0.19 -0.19

# compute; then print; the residual sum of SYRALTET .

residualiS<-—gunl {(Yourput-predios {ap.an; ZinputVars) ) * 2]

print {residuslss)

1} 24613.60

NG A

W W

Er R R

SR

ey

Figure 34: Build a 3-2-1 network (Rgy; — output)
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> § sevup the input verisbles iy the forecsting subsample
> gbspe-ebind (k128 1437 1l 1870 1428 ;21262 141])
> eigen|nnetBess (ap. nn XinputVers, Toutpuc], T) fvalues )
[1] 5.727735e+07 1,730838e+07 6.344029e+04 1.540360e404 5.176764e+403 4.658417e403
[7] 1.104582e+02 6.038808e+01 1.8682834e+01 4, 664797e+00 2. 7220526-01'2.081996s-01
131 8.224462e-02‘1.9988?3&—02
> #ogetuy the input varisbles in the forecsting subssmple
soapspi-chind (%1262 1837 ;2 [127:142] ; x{126: 1417
> # cowpute the forecasts
¥ Oh~predict iap. nn,ap.p}
>0
[p1]
[1,]-497.0856
[2,] 436.6778
[3,]-418.9235
14,71 418.9206
[5,] 447.5783
[6;] 442.0811
[7,]-427.0413
[8/] 423.3487
[9,] -480.5583
{10,7-48%.8099
[11,] 507.7079
[12,] 568.8831
[13,] 535.7668
[14,].475.7852
[15,7475.8142
[16,] -438.6619
v § select the ohserved returns in the forscasting swhsample
» forecast<=x{128:144]
> compute, then pring; the sum of sguares of forecast errors
> P residualSS<-sum| (forecast-0hi 2]
> print(FﬁresidualSSj
[1]° 12235.77
-

Figure 35: Residuals (Rgys — output)

6.1.10 Additional Time Series Data

The last two data set that we are going to look at are the Australian monthly beer
production (January 1991 up to August 1995, 56 observations in total), and the Cana-~

dian monthly road casualties data (January 1975 up to June 1997, 270 observations
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in total (Nash, 2001.)) The Figure 36 up to 40 are the analysis of the lags, trend and

seasonality of the data.
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Figure 36: Australian Beer, lags analysis. (Rgyr — output)
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Figure 37: Australian Beer, trend and seasonality analysis. (Rgyr — output)

As can be seen from the above graphs, Australian monthly beer production has a
downward trend and it is highly seasonal. Study of ACF and PACF graphs reveals |

the possible ARIMA models, as well as the neural networks models.
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6.1.11 Holt-Winter’s Method

During our time series analysis, we have realized that sometimes simpler forecast-
ing models give satisfactory forecasting results. In Canadian Road Fatalities data
analysis section, besides neural networks and ARIMA models, we also considered
Holt-Winter’s method (HW). It is an extension of exponential smoothing which takes

into account a possible linear trend and additive or multiplicative seasonality.

e Notations: L for Length of Seasonality, T; for Trend component at time t, X;
for it seasonal term and factor, i = 1...L, y; for seasonally-adjusted yt series,

e; for Random error at time t, S; for Series Level, and D; for Trend Factor
e Multiplicative process: ¥ =T X X X e
e Additive process: Y =T + X ¢

e According to figure 38-40, initial values (multiplicative process) for HW model

achieved from R are o = 0.1989, 3 = 0, and v = 0.4698
o Series Level: Sy =a(y+ Xi—r) + (1 —a)[Si—1 + Di1];0 < a < 1
e Seasonal Factor: X; =8y + S)+(1—-)X,—;0<8<1

e Trend Factor: Dy = 4(S; — Si-1) + (1 —4)Dy-;0 <y < 1
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Figure 38: Canadian Road Fatalities Graph, trend and seasonality analysis.

(Reur — output)
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200 400

¥ ] l T ]
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> HoltWinvers{fatal)
Holt-Winters exponential spnoothing without trend and with additive seasonal component.

‘Call:
HoltWinters(x = fatal)

Smoothing parameters:
alpha: 0.1983789
beta - 0O
gamma: 0.4698582

Coefficients:
[,13
a Z290.00¢544
sl 36.472124
52 64.579528

s3  =7.941756
s4  -4,525299
s5  -29.4B8248
56 -4.947519

s?7 . —65.386759
58 - ~89.686143
§8  -B§9.237739
510 -116.374746
sll ~49.734309
slz —27.577674

Figure 39: Fitting Holt-Winter’s model to Canadian Road Fatalities data.

(Reur — output)
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» predict (hw, n.ahead = 12) $12 pericds ahead

Jan Feb Mar Apr Hay Jun Jul iug Sep
1937 326.4747 354,5821 252.0608
1998 224.6155 200,3164 200.7645 173.6278 240.2682 262.0249

Oct Nov Dec
1997 285,477 260.5143 285.0546
19_9_8

Figure 40: Forecasting 12-step ahead using Holt-Winter’s method, Canadian Road

Fatalities. (Rgyr — output)

In the Empirical Evaluation section, we will discuss the best forecasting model out of

all 3 models.
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6.2 Empirical Evaluation

We have conducted a comparison between the models of ARIMA and neural networks.
We also considered Holt-Winter’s method for one data set, Canddicm Road Futalities.
Table 1 to 4 show the results of the seasonal and non-seasonal forecasting using all
the models. We have used 10000 iterations to train the network which is enough for
the network to converge. For each method, we have developed different models of
forecasting. For modeling neural networks using seasonal data, we also considered
specific lags training as well as sequential data training. In neural networks we have
used a combination of 2 to 70 input neurons with a single hidden layer; note that

single-hidden layer is the most commonly used between researchers.

As in the case of many forecasting methods, preprocessing the input data can im-
prove the results very significantly. According to Atiya (1999), in neural networks,
input and output preprocessing means extracting components from the input and
their transformation to the output in a way that helps network to derive valuable
information from the input variables and relate them to the required output. Prepro-
cessing is a skill, and there is no single rule or set of standard steps. In this thesis, the
de-trending and de-seasonality method has been used where ever they were applicable
in our time series analysis. We used an error measurement, Root Mean Squared Error

(RMSE), as our main comparison parameters. It is defined as follows:
MSE =3 7(X: — Xp)?/n, and RMSE = VMSE

We also look at MAPE (Mean Absolute Percentage Error) when comparing some of
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the models. MAPE is calculated as:

MAPE = £, P24 in which PE stands for £/ x 100;
e T is the total number of observations
e x; is the observation
e f; is the forecast

As we mentioned before, we have used a single layered network, using the R "nnet”
training NN function, which uses the back-propagation method for error minimization
purpose. From all the analysis has been done so far, we can observe a very high
correlation between the training error and the testing error (validation). This means
that there is relatively a good generalization by choosing an input sets that provides
the lowest training error possible which eventually resulted a low testing error (i.e.
F-RMSE: Root Mean Square Error of the Forecasted Values). Notations used in the
Tables:

e MAPE, mean absolute percentage error
¢ FMAPE, forecasted mean absolute percentage error
e RMSE, root mean square error

o FRMSE, forecasted root mean square error



440 136 NO 40.41 . 00095 0.0037 3
@321 136 NO 40.4044 12.8376 00093 0.0037 ] 3 2
(1224) 136 NO 38.9411 12.7078 1.0095 0.003 ] 12 2
{35-30-1) 1136 HO 36.1589 10.93 0009 0.0076 ] k) 30
{go204) 136 O 3.7 10.1736 0.0096 00117 8 40 20
(70201} 136 NO 44.1852 8.6613 0.0091 0.0378 8 10 2
136 45873  0.0000653 91146 8939640707  0.00044 000808 002090 B
136 46141 00000627 @ 91482 - 8973440707  0.00032 0.00792 001800 8
13 45315 00000733 90031  BB2.830707  0.00028 0.00856  0.01665 8
136 45551 00000707 = 903.03 8855540707  0.00034 000841 00185 8
136 4647 00000395 9174 899.9240707  0.00033 0.007H 001819 8§

Table 1: Results of rs data set

5 S j’ $

2) . 41, . J 2
(1,212) 134485496 98887879 120158 704.957214 3 2
144 412,13) 452303842 4083470650 1174514 216699059 12 3 2
144 HO 43.7162 8.938 503 52.8335 12 3 3
144 NO 44.1538 4.3982 14.97 64.85 12 6 3
14 NO 41.79 40434 12,868 61.213 12 12 3

W00 19

132

5066 104 293, 1150652 17. 12
00N 145 5072 1348 102242 104023888 486.64350 1161034 22.06000 12
{1,1,02.1,2) 144 50133 113 101867 103648888 353.77848. 10.54988 18.60900 12
01,0210 144 50063 9.1 101526 103307888 . 322.20250 9.80357 17.95000, 12

Table 2: Results of AirPassengers data set
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9.0337567 = 11.3258076 203842 21.3126979 2 2
@211 56 (1,12) 903375672 | 16.67748407 19.3106  38.6740255 12 2 1
B2 56 (1,12,13) 1 9.17949516 = 11.32257156 213183 21.3144802 12 3 2
331 56 NO 14.19 9.5349 17.42 19.0116 12 3 3
63-1) 56 NO 14,3997 4.3 9.074 25.76643 12 6 3
(1231 56 NO 144500 64707 0.4496 29.098 12 12 3
(183-1) 96 NO 14.766 0.0113 0.0267 22,063 12 18 3

fikal

000101 5 21609 95.37 6 581521101 10074338 9.76576 1003710 12
10001010 % 22063 118.6 15326 4654121101 11920054 10.89036 1091790 12
0000 5% 21608 101 MAAT 4563221101 10250753 1004988 1012460 12

Table 3: Results of Australian Beer data set

28.098038 4694216 117.2931  116.97898
28.098038 46.942167 1163622 116.97897 2

28.2087522 47043125 117.9343 117.23687 12
54.4283 14.4097 61.9428 55.2288 12
45.177 14.2212 60.6358 54.37429 12
61.5472 7.98081 34.8859 46,7052 12

B WWMNN
Wit LN =N

42.3344 38,0575 47.5664 12

1,0,2)(1,0,1) 1379, . ; 09.728 98 X

M,A0A,0,0) 270137943 1441 2772.86 7794.4505632 197941946, 3796051 44.49067
2.1,2)1,0.1):270  1369.13 1396 2754.26 7775.850532 1910042741 37.36308  43.70404
2,0,001,0,1) 270 1380.18 1470 277436 2795050532 2345.67601: 38.34058  48.43424

Table 4: Results of Canadian Road Fatalities data set

Table 1 compares the forecasting ability of NN and ARIMA models for non-seasonal
data (i.e. rs). NN proves to be a reasonable model for this non-seasonal data set.
Looking at the seasonal data sets, we can see that sometimes NN gives lower within-
sample errors in compare to ARIMA, but when it comes to prediction, ARIMA has

generally produced better forecasts.
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Using NN for seasonal data, lags training does not always provide satisfactory fore-
casts. However, one-step ahead sequential data training has proven to generate better
results almost in all seasonal cases. In the Australian Beer data set, although the re-
sults from training lags 1, 12, and 13 are close to our 3-3-1 sequential data training
network, but the result of 3-3-1 model out runs (1,12,13) model. Among all the mod-
els, the ARIMA (1,0,1)(1,0,1) has provided us with better results for both RMSE
and Forecasted RMSE.

In the Canadian road fatalities data set, again, training the network with consecutive
observations has given better results than forecasting by the lags. Here, we also used
Holt-Winter’s (HW) method (i.e. simpler model). Comparing all three models, i.e.
HW, ARIMA ,and NN, HW provides a better forecasting results than other two.

In AirPassengers data simulation, the results reveal that ARIMA has been the domi-
nant forecasting model with its considerably lower RMSE and FRMSE. It is interest-
ing to know that in the case of Canadian road fatalities data, ARIMA also conducted
better forecasting than NN. This may suggest that when it comes to forecasting sea-
sonal data sets, ARIMA appears to give better results than NN, although NN results

are sometime very close to ARIMA.

The overall results of forecasting both seasonal and non-seasonal data sets show that
neural networks also present very good forecasting models which can be used as an
alternative to ARIMA models. Although both ARIMA and NN generate reasonable

forecasts, but in some cases (i.e. Canadian road fatalities), simpler models such as
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HW may create more satisfactory results than the other two. Refer to the Appendix
4 for selected R source codes. Note that over-fitting occurred with the 18-3-1 network
- (Australian Beer seasonal data set) with a very low RMSE for the training set (i.e.
0.0267) and very high (relative to RMSE for the within-sample) forecasted RMSE
values (i.e. 22.063). In the coming chapter, we will talk more about the over fitting

problem.



Chapter 7

Some applications of Neural
Networks in forecasting

Neural Networks are applicable to many different fields such as medicine, and sport,
but their applications are valued the most in the real world business problems. As
mentioned neural network is best known for identifying trends and particular patterns

in data; this may be the real reason why it is widely used in business world.

7.1 Application in Finance (Forecasting Indices and

Stock Prices)

Investors and venture capitalist always follow up with what is happening in the mar-
ket. For them any changes in the market means gain or loss of money. Although
other than neural networks, some other models (i.e. random walk) are also being
used in forecasting financial time series data, but neural networks is best known for
its capability to extract weak low frequency periodic signals buried in strong high
frequency signal (Renate Sitte, 2005.) This applies to daily trading high frequency

data, Futures and Options Markets, and daily opening and closing of different indices

99
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and equities in the market. The increasing availability of intraday high frequency
data has made researchers to look at neural networks as an information source for

volatility forecasting.

The volatility in the stock market creates fluctuations in the time series data. This can
be observed as a mixture of slopes and knocks (rip or tank as the language being used
amongst daily commodity traders (Toni Turner, 2000)). Hence, the trend, the day-
to-day changes, and periodic variations is highly noticeable in the data. The trend is
usually is the most identifiable factor in the long-term time series stock market data.
However, day-to-day changes are very difficult to predict because of the randomness
in its appearance. On the other hand, when it comes to periodic variations, we can
see a seasonal pattern which stems to the business cycles in the économy; refer to the

next topic to observe the affect of business cycle on sales data.

In this section we explore the forecasting value of data extracted from daily return
series, its implied volatility, and high frequency returns within a day. Again, we com-
pare the result of neural nets using R with ARIMA forecasting models. In the High
Frequency data analysis section, we also look at Moving Average (MA) model which
is widely used in daily commodity trading. MA analysis helps traders to predict the
upcoming price trend. The main focus is to look at the daily return series of 10
different markets (indices), as well as looking at 2 intraday high frequency data sets,

i.e Cisco Inc. and Microsoft Inc.
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7.1.1 Description of Data:

1. NASDAQ COMPOSITE (11-Oct-84, 1-June-5): The NASDAQ Composite In-

dex measures all NASDAQ listed common stocks on the Nasdaq Stock Market.

2. SP 500 (1-Jan-50,1-Jun-5): Standard and Poor’s 500 is an index of 500 of the
most widely held common stocks on the New York Stock Exchange (NYSE), as
well as some non-NYSE stocks. It is one of the indicators of the overall health

in the US stock market.

3. DOW JONES INDUSTRIAL (1-Oct-28, 1-Jun-5): Its Indices develops, main-

tains and licenses market indexes for investment products.

4. Other markets to look at: London -FTS100 (2-Apr-84, 1-Jun-5), France-CAC40
(1-Mar-90, 1-Jun-5), Germany-DAX100 (26-Nov-90, 1-Jun-5), Denmark-KFX
(27-Jan-93, 1-Jun-5), Hong Kong (31-Dec-86,31-May-5), Russia-RTS (1-Sep-95,
2-Jun-5), Japan-Nikkei225 (4-Jan-84, 30-May-5.)

To evaluate the forecasting performance of Neural Networks against ARIMA models,
we choose validation period as “out-of-sample” testing sample points, and keep the
rest of observation as the training period to evaluate the goodness-of-fit in different
models. For example we reserve the last 500 observations of NASDAQ COMPOSITE
as validation period. The out-of-sample forecasting performance of the neural nets
and ARIMA models are evaluated in terms of the following criteria: mean square
error (MSE), or root mean square error (RMSE) for neural networks models and
AIC, MSE and RMSE for ARIMA models. Tables 5-14 presents the results for both

ARIMA and neural networks models.
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It is observed from the results of all 10 tables that all the neural networks models,
in general, perform much better outcome than ARIMA models when it comes to
forecasting daily closed price of different indices in the market. There are cases that
ARIMA shows a lower MSE than neural networks, as in the case of Hong Kong stock
market, but the result of Forecasting RMSE suggests that neural networks is the best

model when it comes to forecasting.

The performance of the best-performing neural networks model belongs to DOW
JONES INDUSTRIES. A model with 30 input neurons and 30 hidden nodes with one
hidden layer creates the best-performing model generating a within-sample RMSE of
2.7 and out-of-sample RMSE of 53.2 which is severely better result than ARIMA’s
(i.e. RMSE =38.24, and F-RMSE= 2619.3.) For SP500, Russia, NASDAQ), Lohdon7
France, DAX100, and Denmark: NN is the best (i.e. better F-RMSE value) for out-
of-sample forecast although the goodness of fit (RMSE) of both ARIMA and NN are
very close. In case of Hong Kong and Japan, ARIMA models generate good mean
square error for goodness of fit for validation periods, but the mean square error for

the out-of-sample observations is very high.
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Table 14: Denmark-KFX (27-Jan-93, 1-Jun-5)

The growing interest in modeling and forecasting stock market daily trading data over
the past years has made researchers pay more attention to Artificial Neural Networks.
As changes in stock prices are known to exhibit non-linear dependencies, Neural Net-
works has successfully been used by some researchers for forecasting. Results from the
above simulation (i.e.10 different market) indicate a superior performance of Artificial
Neural Networks as compared to ARIMA models. The only hard step in modeling
using neural networks is deciding subjectively about the values of different parameters
in neural networks such as number of input nodes, and hidden nodes (Note: the rule
of thumb has been explained in the previous chapters). In many case, an appropriate
set of parameters has been decided by using trial and error technique which allows
the researcher to find out the range of correct parameters. For example, by lboking
at Denmark(KFX) market, when we used input neurons and hidden nodes less or
more than 15, we did not achieve the same good results of a 15-15-1 network. Hence,

we consider a network consists of 15 input and hidden neurons as our desired network.
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7.2 Forecasting High Frequency Intraday Stock Price

Data

High-frequency data are observations of financial intraday data taken daily in a short
time sequence, i.e. 5, 10, 20 minutes or in seconds. Usually when we download the in-
traday high frequency data from Electronic Communication Networks (ECNs) which
are designed for on-line trading, the data sets are time stamped (tick-by-tick data),
CyberTrader. Every price fluctuation is called a tick. Depending on how active is
the market for that particular stock, we can have 1 tick per minute or 100 ticks in a
minute. When it comes to equity markets such as NASDAQ, and NYSE (New York
Stock Exchange), usually all recorded trades and quotes are available on Trades and

Quotes of NYSE (Turner, 2000).

Modeling and statistical analysis of high frequency data becomes a challenge because

of the following reasons:

e Enormous number of daily observations (i.e. Average daily number of quotes

in the USD/EUR spot market is about 20,000 per day), Zivot (2003)

e Error in the daily recorded data which demands adjustments and correction

before conducting any type of analysis on the data

e Tick-by-tick data create an irregular spaced time series with random daily num-

bers of observations

e Moreover, this type of data usually shows periodic patterns in the market activ-

ities which is because by the occurrences of many correlated movements of other
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indicators during the daily trading period, i.e. from 9:30 to 16:00 everyday in
NASDAQ.

e Other factors which make the job of working with high-frequency data a hard
task are the constant interruption in the market by Market Makers (MM), and
quite hours in the market during Lunch time. According to Toni Turner, roughly
from 10:30 to 11:30 we can feel the existence of MMs because of the higher
volume (market Cap) and volatility in the equity price. Lunch time hours, from
11:30 to 12:30, also considered to be an unusual period for price movement in
the market. (Note: "The National Association of Securities Dealers (NASD)
defines a MM as a member firm that buys and sells NASDAQ securities at
prices that market maker displays in NASDAQ), for its own account and risk”,

SwiftTrade Inc.)

In addition, discrete price movements, and constant changes in bid and ask during
the day may distort inferences based on standard statistical models (Zivot,2003.) All
these factors are the reasons behind why dealing with high frequency financial data

is an extremely difficult task when it comes to forecasting.

7.2.1 Pre-processing High-Frequency Data

In this section, we have used the one-day 5—min trades and quotes for Cisco stocks
(Symbol in NASDAQ: CSCO) listed under NASDAQ on June 15, 2005, as well as
a long data series for the trades and quotes for Microsoft stocks (Symbol in NAS-
DAQ:MSFT) for the period of 05/01/1997-05/ 5/1997, i.e. per second. CSCO data
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set contains "price”, number of shares traded, and trade time which starts from 9:30
am till 4:00 pm (every 5 Minutes). Also, MSFT data set contains "price” in US dollars,
size of the trade (number of shares), trade date , and trade time which is in seconds

since the midnight of the day(e.g. 34220); dataset taken from (Zivot,2003.)

7.2.2 Forecasting Cisco Stock Price

According to Toni Turner (2000), when a daily trader sits down in the morning, there
are many important things that he/she needs to keep in mind. For example, the daily
economic news may cauée temporary reversal of the dominant trend, orchestrated by
Market Makers, which allows them to ’shake out’ Day Traders and enable them to
either renew net buying at a lower price, or renew net selling from a higher price.
This change of the trend may continue for a few days, depending on the importance
of the economic news, i.e. change of interest rate is an important one which will
affect the market for a while, Bloomberg Inc. This is another reason why modeling

and forecasting High Frequency data is a difficult task.

SP500 (Standard and Poor’s Index) is one of the powerful leading indicators for stock
traders. They are the most liquid trading instrument in the world after the US dollar.
They represent the reaction of the broadest array of market participants at any given
time. By observing the price action f the SP 500 futures, traders will notice that more
often than not, individual stocks has tendency to follow the movement of the futures.
Keen traders will learn to recognize this correlation, and use it to successfully predict

price movement, Swift'Trade Inc. Figure 40 shows the price trend for SP500 index
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(Symbol: AGSPC), CSCO, and Juniper Networks Inc (Symbol in NASDAQ: JNPR),

one of Cisco’s main competitors, on Wednesday (June 15, 2005.)
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Figure 41: Graph of SP500, with CSCO and JNPR, Yahoo Inc.

All on-line decision support tools (Graphics Software) provided to active daily traders
such as eSignal, and CyberTrader, are connected to ECNs (Electronic Communica-
tion Networks) to provide real-time information for the desired stock or index to
on-line traders. One of the most important parameters that increase the ability of
the trader to forecast the right price trend is the Graphical Presentation of Moving
Average price. As it is shown in the following graph, we have the 5-min candle sticks
data for CSCO stocks from CyberTrader GUI (June 15, 2005, 9 : 30 — 16 : 00). At
the same time, this application has provided us with 15-min and 200-min moving.
Moving Average (MA) are calculations that smooth price movement to disclose the

underlying trend, Figure 42.
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Figure 42: Candlestick 5—min Graph of CSCO on CyberTrader.com

7.2.3 Comparing Neural Networks with Moving Average Model

Looking at the CSCO and MSFT results of neural networks models in compare to

Moving Average (MA) model, we can observe the following results:

There are 78 observations in the CSCO on-day trade data set. After running dif-
ferent models of NN, a network with 12 input neurons and 12 hidden neurons with
1 hidden-layer creates the best result in compare to the MA result which is widely

being used in on-line trend forecasting in daily trading. CSCO results are as follows:
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@3 70037 00046 00912 0.0006 :0.0006 0.0235; 00277 6 ] i
(66 78 00327 00047 00643 . 0.0003 0.0008 0.0221. 00278 § b b
(1261 78 . 0.0292 - 0.0046 : 0.0817 . 0.0005 :0.0068 0.0219 00278 6 2 14
{l2424) 78 00288 0.0812 00000 : 0.0005 0.0008 00217 B.OZ75 - 6 2 1

MA 78 03430 -0.0052  0.2900 : 0.0 09 08685, 0.0295

Table 15: CSCO simulation results for both NN and ARIMA models

As it is shown on the MSFT table of results, there are 32028 observations for the
trading days between 05/01/1997 and 05/ 5/1997. The favorite network for forecast-
ing MSFT stocks is 3-3-1 network (3 input neurons and 3 hidden nodes). The result
of this network out-performs MA in finding the underlying trend of the MSF'T stock.

MSFT results are as follows:

() 30 TIRASE0 SSRTERT. 00619 02209 0435 0700 02086
B61) 3008 GO 1517440 0069 02006 00 04590 02093 W | 6§
(231) 308 GBOAMD 57426 00503 0104 0047 04567 0089 360 0 3

MA 3028 172724958 12367.5920 1.1992 36164 34355 1.9017 1833

Table 16: MSFT simulation results for both NN and ARIMA models

We considered Intraday High-Frequency Data (HF) which is a reporting of each in-
dividual price fluctuation for a specific stock. For this reason, HF Intraday prices

are very useful when it comes to those wanting to analyze the trading strategies and
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back-test their trading system. In our analysis, we considered 2 different stock prices
(a small data set 5-min data, and a extremely big data set) to compare Neural Net-
works with conventional MA trend forecasting method in the currently used on-line
trading tools. The‘ results show that Neural Network is a very viable alternative to
MA considering the speed of calculation and constant learning by the network. Ac-
cording to Toni Turner, since the profit margin for daily traders is usually between
1 to 3 cents, a more reliable forecasting tool can reduce the losses for the day and

brings more money to traders.

7.3 Application in Business (Sales and Demand
Forecasting )

ARIMA modeling (Moving Average , Autoregression , or combinations of both), tra-
ditionally, is used for forecasting sales. Since this model predicts future sales only
based on past sales data, it doesn’t perform as good when it faces situations like the
influence of price (i.e. an external variable) on sale. Although a linear regression
model can take external variables (i.e. price) into account, but the approximation
function of linear regression model is restricted to be linear. When external variables
have effect on the final result of our forecasting, Neural Networks becomes a viable
alternative which takes into account these variables allowing arbitrary non-linear ap-

proximation functions learned directly from the data.

One of the biggest advantages of NN, as already mentioned, is that there is no need

to make assumption about the specific functional form of the system that is going



114

to be modeled. Hence, basically, NN can estimate any function with arbitrary accu-
racy. The specific model is derived from the observations with only one limitation
which is the size of the observed data. A bigger data set gives NN enough to create
a well trained network. Since the most independencies between input variables and
the amount of sale are non-linear, Neural Networks modeling becomes very appealing
to the problem of sales forecasting. NN forecasting model of sales can directly be
derived from historical data of the sales volume, prices, and other variables. So, we
can say that NN learns the particular characteristics of each of the products rather

than using the same functional form for all of them.

Here, we are going to look at the sales volume data from company X in Toronto,
Canada (Note: The data has been provided by Professor John Nash at the University
of Ottawa). The aim of this simulation is first to investigate the missing sales data
in the series, and then to find a proper model which can give us a reasonable forecast ‘

of future sale.

7.3.1 Pre-processing Data for Forecasting

Neural Networks have difficulty to forecast growing seasonal time series data such
as our Sales data. Hence, we need to de-trend and de-seasonalize the data before

training the proper networks.
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Figure 43: sales data analysis

Using R, we pre-process the data getting ride of the trend and seasonality and then
using the remaining part, which is the original sales data, we build our first network

(Nash, 2001.)
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» netzales
[1] Ni NA Ni 201468 284033 422010 195421 155805 15893t
[10] 171784 172215 225152 315015 164111 150458 150608 175944 181182
[19] 205656 254615 Ni Ni NA NA NA Ni Ni
[28] NA Ni N i3 N& NA Ni Ni NA
[37% NA Ni Ni Ni KL N N Ni Hi
[46] N HA Ni Ni N& NA Ni NA NA
[55] LS NL Ni Ni NA N Ni Ni N
[64] Ni Ni NA 213036 231461 329375 188393 173321 173665
[73] 196579 203749 228380 316723 171970 160108 182007 19017% 191833
[82] 221183 293742 162520 166537 174549 189984 171020 257416 370463
[91] 189677 171258 177683 178380 208222 231602 321809 188905 173623
[100] 166797 175769 182573 229987 303880 171061 159484 170401 189042
[109] 191084 216513 313227 177846 144241 166456 167225 170551 238627
[118] 340724 202168 239058 130816 130542 1458356 203434 287776 186160
[127}] 141094 134028 127463 165197 204528 362335 185396 148394 141266
[136] 171503 176017 205331 334283 192696 127530 145104 159637 168215
(145) 219804 1344813 174848 131497 137583 154523 162525 205619 336956
[154] 159857 128478 142287 143754 163964 210863 314337 180874 147949
[163} 141474 130041 159709 223290 326311 167188 133233 135929 162818
[172] 165631 215400 343987 194257 139516 136926 156522 155657 217565
[181] 358625 207862 144973 155302 163656 192792 229528 387898 224214
[190] 216643 183506 174918 187052 262536 425077 232158 161168 175493
[199] 185119 196386 267579 445225 244837 199732 215435 264973 Ni
[208] 736537 490374 267889 2090596 226177 241120 249871 387234 616649
[217] 401558 317220 327180 1381864 389974 521984 782376 527879 486437
(226] 543134 593505 648605 774691 1013090 731735 1086712 718611 Ni
[235] 747641 599007 645222 1386342 469995 366847 221621 130444 978742
[244] 739943 377127 308228 352992 284870 257355 293936 429254 250550
[253] 177469 120318 164972 156398 291772 392398 224716 240707 145489
[262] 143041 137241 211404 317510 156491 115960 117784 134548 141000
[271] 205075 328797 170547 136859 138059 147804 167298 219598 398690
[280] 219812 196396 268881 320031 565213 595731 267818 Ni Ni
[289] 134590 143004 155545 215745 345254 157115 117613 126486 140642
(298] 136415 222868 348684 197903 119294 123906 146810 141067 229038

Figure 44: Sales Data set

Cail:
stli{x = loglO(tssales), s.window = 21

Components
Time Series:
Start = ¢{1, 1)
End = (3, 240)
Frequency = 240

seasonal trend remainder
.000000 0.0267369480 5.354349 3.316205e-02
.004167 0.0310957903 5.354342 1.369746e-01
.008333 0.1891920959 5.354335 -2.240350e-01
.012500 0.1771149420 5.354328 -2.272370e-01
.016667 0.0202198420 5.354321 7.882771e-02
.020833 0.0672603673 5.354314 2.037480e-01

[

Figure 45: Detrend Sales data
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7.3.2 Training the Network

In this particular data set, Figure 43, we have missing values (NA) of daily sales
volume from this company; (number of available observations is 1067 which covers
the period of 5/5/2000 to 4/6/2003). One of the biggest advantages of NN is to find
the right model despites the missing data. In our case, the missing data is relatively
very small portion of our data that is why it may not affect the final results as in the
case of smaller data sets. The sales data contains, in total, 89 missing values in which
almost half (49) of the missing values reside within the first 66 observations (out of
1105.) This gives a big chunk of good data to forecast and then back propagate and

find the beginning missing values.

Dealing with Missing Values (NA)

R provides methods to handle NA values in time series analysis. For example, in
the nnet function of the neural networks library of R, there is a parameter called
na.action. It specifies the action to be taken if NAs are found. The default action is
for the procedure to fail, but an alternative is to use na.omsit, which leads to rejection

of cases with missing values on any required variable.
When we ran the NN simulator, it first finds the best model out of the existing values
then goes back and estimates the missing values (NA values) based on the best model

chosen. At the end it forecasts the required steps ahead.

Table 17 contains the different NN models of the sales data. Again, our purpose is to
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find the parameters for the desired forecasting model which gives us the lowest RMSE
(root mean square error) over the time span of the series. We used the designed al-
gorithm of Feed-Forward neural networks models built in R. We applied the training
data set sequentially to our network which also uses back-propagation to minimize

forecasting errors, refer to the algorithm in Appendix 7.

Based on the results indicated in Table 17, the best model is 3-3-1 network which
has 3 input neurons and 3 hidden nodes with one hidden layer for the period of
5/May /2000 to 4/June/2003. Our trail and error contains input neurons from 3 days
up to 240 days (roughly the operating days in a course of one year) and hidden nodes
from 3 up to 30 days (a month.) The model suggests that if we feed every 3 days

sequentially, we get the lowest Forecasted RMSE, which we are aiming for.

51..
@331 105 1,7,31) 38.15 X 151729.70 :203953.75 120

3 H
@31) 1105 (45678 3766 | 3522 150671.60 204369.79 120 5 37
331) 1105 NO 44.04 88 104774.81 155975200 120 3 3
©54) 1105 NO 43.85 73" 102010.83 | 159766.58 6 6
(12429) 1105 NO 4676 | 1907 | 94019.14 |170651.66 12 12
24-12.1) 1105 NO 44.50 20" 91141.53  170954.07 2 12
24.247) 1105 NO 43.53 28" " B88076.20 | 16216.62 24 2
(30:30-1) 1105 NO 4294 24 91140.58 17092480 20 30
(12074) 1105 NO 50.71 45 '89999.06 17174332 120 7

{(120.12.1): 1105 NO UUs0.71 1946 B9999.08 171712.36 120 2

11,0, 105 12747.11  125502.22 1" 60:2123
: (0,1 1105 27721 :25554.21:25584.26  113578.17 : 147528,92 120
(1,00 1105, 1277556  :255659,12 :25589,17 113973.68 : 147192.10 120

Table 17: simulation results for both NN and ARIMA
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7.4 Over fitting

One of the typical problems with NN is when we continue training the network where
we have a very low within-sample MSE, but very high out-of-sample MSE (valida-
tion.) This is called over-fitting which usually happens with noisy data, but its more
common when we choose high number of input neurons and a small set of data (re-
fer to Table 5, 70-30-1 network for NASDAQ.) Usually when big networks are being
chosen, the same way that they can approximate essentially any function they can
also perfectly over-fit the noise in the data set. In the sales data presented before,

because of the noisy, and relatively, big set we had be aware of over-fitting problem.

In the forecasting algorithm that has been designed for the sales data, we have used
weight decay function during training. Using weight decay during training, the net-
work prefers the low weight values, and other weights become zero. When weight
decay function, i.e. decay = le — 2, is being used the network is less affected by over-
fitting because the approximation .functions become smoother than those of models

without weight decay function (Lars Niklasson, 2004.)

nn < —nnet(inputmatriz, outputmatriz, size = hidden, Maz NWts = 100000, mazit =
10000, linout = T, skip = T, decay = le — 2, reltol = le — 7, abstol = le — 7, range =

1.0)



Chapter 8

Conclusion and Open Questions

This thesis presents some applications of neural networking algorithms to forecasting.
The initial portion of this thesis entailed a study of the background as well as the
different methodologies of artificial neural networks. The final portion presented a
comparative analysis of different models of neural networks and ARIMA models for

time series forecasting.

In the Empirical Evaluation section, the nature of the data being used (i.e. seasonal
or non-seasonal) was described and the type of neural networking architecture (i.e.

input-hidden-output) including the parameters being used have been identified.
Most of the models are accompanied by the computational results, R-source codes,
the output of neural networking (trained heuristically) and ARIMA forecasting meth-

ods as well as multiple plots and tables for the empirical observations.

Empirical results are as good as the range of trials. What we have found so far in-

dicates that neural networks do better forecasting than ARIMA consistently when

120



121

dealing with non-seasonal data (though sometimes only slightly better). Three out of
four of trials for seasonal series show better forecasting values using ARIMA rather
than neural networks. The final results indicate that depending on the nature of the
data, whether seasonal or non-seasonal, neural networks may or may not give better
results than ARIMA. However, based on the comparisons conducted in this thesis,
the neural network models for non-seasonal data appear to be more successful than

those for seasonal data.

While neural networks achieved better results than ARIMA 13 times out of 13 for
non-seasonal data, they were only better 1 time in 4 for seasonal data series. More-
over, in most cases, when we ignored the seasonal structure of the seasonal data, the

NN process actually did slightly better, which is a counter-intuitive result.

Nevertheless, the results show that artificial neural networks are a viable alternative
to conventional forecasting techniques, such as ARIMA models. Based on the com-
parisons conducted in this thesis, we can say that the neural networks are competitive
with ARIMA models for various time series data. Although simple rules have been
suggested to estimate the possible number of input and hidden neurons, the user must
still judiciously (using trial and error) select the appropriate number of input and hid-
den nodes, and this selection does not appear to be easily automated. Indeed, it is
the opinion of the author that while ARIMA methods do a credible job in forecasting
time series automatically, neural networks approaches require the intervention of a

knowledgeable user.
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With modification of hidden layers, activation function, input variables, skip-layer
connections, and other elements of the nnet function of R, we can produce different
results. This richness of choice, without particular guidelines for users as to which
choices will improve performance, makes it awkward to generally recommend neural

networks over other forecasting methods.

Furthermore, as indicated early in the introduction of thesis, there is an extensive lit-
erature concerning forecasting with neural networks. However, some of the reporfed
outcomes from different reports are contradictory or at least inconclusive in providing
guidance to prospective users. The present work attempts to provide such guidance.
In particular, we have included the necessary tools to conduct time-series forecasting

using neural networks with R which is widely available and freely downloadable.

One of the research issues that may be considered as future work is that of finding
the solution to the problem of forecasting a series having a gap between estimation

and validation periods:
o — — —Estimation — — — | — — — Gap — — — |start forecast — — — endf orecast

This applies to those situations where we are interested in training the network based
on some specific lags or with a particular "end of data”, where we must then skip

some of the time points before we generate forecasts.

This problem arises in practice where businesses cannot assemble and process data
immediately, or where forecasts cannot be broadcast and used ready for the next time

period. This exacerbates the difficulty of finding the best combination of controls for
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the different methods given the estimate, gap, and forecasting periods. For NN, the
controls are the inputs, hidden neurons and layers and the various neuron structures.
For ARIMA, we have the selection of seasonal and non-seasonal autoregressive, dif-

ferencing and moving average terms.

Clearly, more research and experience into the relative models and methods for fore-
casting can be envisaged. Such future work may include designing new architectures
for neural networking models in order to generate more reasonable results in forecast-

ing times series data, especially as demand grows for multivariate models.
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Appendix 1

Here you can find some of the examples of R Software explained in the thesis. The
examples are based on air passenger and USeconomic (rs) data.

The following is the ARIMA(4,0,4) model used to forecast the four quarters of the
discount rate on 91-day treasury bills, rs. Its lowest AIC value between all the ARIMA
models described in the thesis has made ARIMA(4,0,4) the best model to forecast
the non-seasonal data set.

ﬁrﬁ ons

data(U3sconomic)

U3_ra<- Tleconcmic{, 4]
re<-ts{U3_rs,start=1954, frequency=4)
ra.diff <- diff{rs,4)

W W N

TWaets<- as.matrivi{c{rep{0, 128}, ,rep{l, 811}
» ra.fiv <~ arimallirs, ovder = c¢(4,0,4), Yreg‘TV“Ptq
> r3,£i0
Call:

arima0{x = rs, order = c¢(4, 0, 4), xreg = TVsets)

Coefficients:
arl arz ard ard mal maz ma3 mad intercept xregl
1.2713 -0.2936 -0.5105 0.5223 -0.0839 0.0735 0.7326 0.2565 0.0651 -0.0088

s.e, 0.0153 0.0116 NeN 0.0100 0.0162 0.0150 0.0106 0.0198 0.0366 0.0035

gigma*2 estimated as 1.413e-05: log likelihood = 562.45, aic = -1102.89
Varning message:
NeNs produced in: sgrt(diag(x$var.coef))
> rs.forecast <~ predict{rs.fit,n.shead=4, newxreg=as.mattixirepil, 43}
» rs. forecast
$pred
orrl Qtr2 Qtrs Qtrd
1988 0.09395665 0,09418755 0.09254865 0.09064887

§ze
Qtrl Qtr2 Qcr3 Qer4
1988 0,003764478 0.005849535 0.007603735 0.009494789

As shown in the next figure, we can use the Box-Ljung test to test the significance of
autocorrelation at each lag. The significance value of Box-Ljung value should be less
than or equal to .05 for all or almost all lags.



oo

Xo-ag, marriz (9)
Fourpus<-x[13:128]
ser.seed (7777}
ZinputVars<- chind(
x{12:127],
xf11:126],
®[10:1257,
x{9:124},

x[8:123}
RE70122],
x[6:121),
x[5:120] ;
xf4:119],
®{3:118],
#[2:117,
w[1:116]
}

[T T VY

b

> # build & 13-7-1 network with skip lsyer connections snd linear output.

EP<-AP.stiftine,series[,"trend"} + AP.stlltime.series]

; fremeinder™
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o
> ap.nn<-nnet {XinputVars, Youtput, 3ize=7, lincut=T, akip=T, wax1t=1000, decay=le-2,xeltol=1e-7, gbstol=1e-7, range=1, G}
#

weights: 111
initial wvalue 7148581.637342
final walue 8967.783597
converged
>
> pre-pregict (ap.nn, ZinpurVars)
> y<-x{1:114]
> real-y-pr
> Box.test{rea, lag=12, type=c{*Liung-Box"}}

Box~Ljung test

data: res

X-squared = 139.3686, df = 12, p-value < 2.2e-16
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Appendix 2

Training the logical OR function can be implemented in R:

m,

or_Lraining <~ matrizg{scaninell) 4, 3 byrovsT}

>ogr,
il
Zh
R0
41
&1
6500
Tl
80
9.1

1wl

i

12l

Read 12-itens

Sogr. ko tiet{or trainingl, 1:2].0¢ trainingl, 91, sigesZ, skip=D}

# weighvs: 1l

inivial -walue 1.133159

final ~talue1.000000

converged

» pradicvtor.s, vr trainiigl, 1:21)

4,11

1,1 0.5

1z,] 0.5

3] 0:8

[4,] 05

» Hege 4~ mnerHesdlor ¥ 0r trainingl, 102] or trainingl, 3]}

> gigeniHess, T, only, values=T{fvdlues e
1] 1.495457e400 1.210954e-01 '1.542800e-08 -1.412436e=08 &.18523%-10
[6] 4.19509le-17 -9.028488a-28 -2:708314e-285 ~1.7397032-10" -8.163342e-09
{11} -1.55679952-08

»

Training an OR Network using R (Rgyr — output)

According to Abdi et al.(1999), since the XOR function is not linearly separable,
hence it is not possible to train a perceptron to "learn” the XOR function (exclusive
OR, that is z or y but not both).
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Appendix 3

We use nnetHess function of R to solve the problems related to non convergence.
nnetHess evaluates the Hessian or matrix of second derivatives of the specified neural
network. This is normally called via argument Hess=TRUE to nnet.

o nnetHess(network, training data, classes for training data, weights used in the
nnet fit)

e network is the object of class nnet as returned by nnet in R

One of the reason why a network does not converge may be related to the low iteration
number.

» et | TinputVare, Youtput, 312e=40, linout=T, skip=T, Haxiies = 2000, maxit=1008
# weights: 1516

initial value 3800072.546227

iter 10 value 2475650.591118

iter 20 value 1847408,417345

iter 30 value 631606, 105135

iter 40 value 2757961, 47720

iter 50 value 174662.665925

iter 60 value 44217.480948

iter 70 value 40638.,700029

iter 60 value 39027104926

iter 90 value 32918,321201

iter 100 value 10028.702799

final value 10028.702799

stopped after 100 iterations

8 35-40-1 netgork vith 1516 veights

options were - skip-layer connections linear output wnits decay=0.01

Non-converged network (Rgy; — output)

As you can see, one of the obvious reasons for a network not to converge is to allocate a
small number to its maximum iteration parameter (i.e. in nnet, mawit). At the above
example maxitis initialized to 100 which is very small for this network to converge.
NN needs to conduct more iterations to achieve a full convergence.
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Sample source code for Holt-winter’s forecasting in R:

HW source

o+ 4+ A+ A+

4+ b 4+ 4

i

o+ 4

+

seat<-Bolt¥inte:
#hw<-Holebinters (Yingur[validacio
aw<-Holt¥intersifinput)
testpd-toitast [validationt Lt
< 44, starr=c{1s

start=1892, frequency=validation;
end=r {1995, 8}, frequency=val idation}

residual5Se-sue te (Zinput, srars=193¢, end=c {1934, 8}, frequency=validation; - tescp)’?

sanpled-nron| [ix{testpi]
arint jpaste{"Residaal sum of squares:”, residus
#uhd- predict (b, n.sheadsvelidation)

HAPE<- ab [ smeple
§ resigualésc-guni {Toucpur - on)*2)

print{paste{"sum of aguarea of Forecasted errorsi”, F residualSSi]
print{pastei*Hean thsclute Percent Error (MAPE::", EAPE):
printipagte {"RASE:", sqreiresidualss / sempie))!

print {paste{*forecasted RESE:" sqreF_residualis / validation}}}

}

Bltiinjteer, 121]

ks (testp - to{¥iaput, start=1902, end=c {1994, 8}, fraquency=validation) }/ testy) % 1

i)

iy

134

code for Australian monthly beer production data (Rgyr — output)



Appendix 5

Sample source

code for multi-step ahead Neural Networks forecasting in R:

o~

B s T . T i T e e T T T L S e S SV SN

m

set.3eed{7777)
Ndata<-as.
inp<-ag.patrix (Ndava!

rvglue<-nrow{inp)

XP¥<- as.mstrixting(perceptron :(rvalve - 1)1}
pFlus<-perceprron + 1

TO<~inp{pPlus:rvalus}

foriiver in 1:(perceptron - 1j)

{

P<~{perceptron - iter)
Re-{rvalue - iter)

Kpa~ ching(EPY, inplP:(® -
XPV<-as.matrix (Ep)

)
!

fer{it in 1insiep)

{

nn<-nnet {$FY, ¥0, size=hidden, HaxlWis =10000,nexit=10¢

Oh<-predice {nn, Ndaralrvalue - perceptronirvaluel)
Hdata<-append (Ndats, Oh)

v
i

datas-as. matr iz {Ndsva)

print (paste{"Nurber of Pericds Forecaasted is:®, nstep))
rd<-nrovidata]

print{dataf ird - nstep + 1):ird])

par nfrow = ¢il, i)}

plotidata, type="1" col=Z}

i, dinout=T,skip=T, decay=

dict nstep <- function(newdats, wgtiep, perceptron, hidden )

135
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Appendix 6

R sample source code for training the network by specific lags (Chatfield ,1993):

O R Tk Tk T T T T S i T S e S S A A A S 2 T I

= <~ fune
crace=F, nntrace

tioni{data, lags, sizce, retry=1, maxit=10000,
5

r <- length{lags)
waxlag <- max(laga)
n <- length(data}
X <= wmatrix (Mi, n - waxlag, pi
forf{i in i:p) x[,i] <~ datal (mexlag+l-lags[i]): (n-lags{i])}
¥ <~ data[ {maxlag+l}:n)
HUGE <~ 1le37
minval <- HUGE
rang <- 1l/max{abs {data))
for{i in liretry){
g <- nnet{x,y,slize=gize, MNaxN¥Wts =100000, rang=rang, lincut=T,maxit=maxit,trace=nntrace,...}
if (crace)
{
if (minieigen{nner . Hessa{g,x,v))dval) < 03
cat ("Try *,1i,": 93=",round (gival, 3}, " (Possikle non-minimum)n®)
else
cat ("Try »,i,": S3=%, round{g$val, 3], "\n"j
}
if ( gival < minvall
{
ghest <- ¢
minval <- gival

y
3
if { winval == HUGE)

error ("Hinimun not found™)
gbestix <- %
gheatiy <- v
chest?lags <- lags
if {trace)

{
cat {"Minimws S5 = ", round{ghestival,3),"” in *,retry, "attemptsin')
2truccure ighest, class = o{"trainlags", "unst"})
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Appendix 7

R

sample source code for training the network by sequential data input:

e T T T T S A S S S T I T N

train <- function{newdats, validation,perceptron, hidden |}
{3et.zced {7777

®¥<-az.watrix inevdata)

EX~-NEow [X]

rvald-{r — validation)

IperceprronVars<— as.matrix (x[perceptron: (rval - 1)1])
perceptronPlus<-perceptron + 1
Toutput<-x[perceptronPlusirval]
valid<-gs.matrix{x[rval:{r - 1}])

foriiter in 1:{peresptron - 1}]

{

P<-perceptron — iter

B<-rwval - iter

Fperceptron<— chind{XperceptronVars, x[P:{R - 1)]]
fperceptronvVars<-as.matrix (Xperceptron)
Validl<-chind{valid, x{rval:{(r - 1)]}
valid<-ss.matrix (Validi)

i

senple<-nrow(¥perceptronVars)

nn<-nnet {YperceptronVar s, Youtput, 2ize~hidden, MaxN¥Tte =100000, meaxit=10000, linout=T, gkip=T4
proutput<- predict (nn, XperceptronVars)
regidual8s<—2wn{ {Youtput - proutput)™2}

print (paste ("Rezidual sum of squares:", residualls)
Gh<-prediet (nn, valid)

frast<~x[ {rval + 1i:r]

fsampled-nrow(fcast)

ab<~gum (abz (proutpur — feast)/ feast) t 100

MiPE<~ ak / fsanple

Youtput [which{Youtput==0}]<- ML

FE<-{ {Youtput-proutput)/ Toutput) * 100

NMAPE<- meaniabs (PE},na.rm=TRUE)

print (paste {"NMAPE" NHMAPE))
F_residual3@<-sum( (fecast - Ch}"Z)
pork<-data. frame (Youtput, proutput ,PE}

return {work)



