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CHAPTER 1
INTRODUCTION

This research tests the forecasﬁng potential of neural networks iq a problem
domain where forecasting techniques have received significant attentions: time series
prediction. It is observed from our empirical tests that simple neurai networks are
able to perform as good as conventional, complex statis’tical forecasting methods. The
ability of neural networks to forccaét in a fuzzy‘;&:ense seems to be more appropriate
than the other forecasting methods. Our present study was limited to univariate
forecasting, but it is expected that neural networks can be used for multivariate
forecasting, which is, again, a more réél-“}orld situation.

Prediction models which change tﬁexr )underlying structure according to the
environment (adaptive) are of cor;side\rable p;zictical interest. In many cases
conventional approaches to forecéstinfg ﬁse a linear predicive method. These linear
predictive methods do not perform as desired when used to process data from a
nonlinear system. Rumelhart, ﬁintor‘x and ‘Williams (1986) pro;/idc natﬁral extension
of linear methods into nonlinear domain by the”backprgpagation algorithm. It is
shown that neural networks without hidden layers and linear input/output elements are
equivalent to linear predictive models. When a non-polynomial activation function is

used for the hidden layer units, the ability of neural networks to handle nonlinear data

!



is extended. The non-linearity can be controlled by backpropagation learning
algorithms, which allows for prediction of nonlinear time series better than
conventional linear p}”edictive methods.

Often time series appearing to be random &e actually closer to pseudo random
numbers than stocilastic random numbers. Pseudo randomnéss ﬁas a deterministic
underlying map and has a deterministic non-linearity. Such time series is observed in
many microeconomic, macrbec;onomic, industry, and démographic observations. We
have taken a large sample of such data series from M-111 Competition (Makridakis
1982) to test the forecasti’ng ability of neural- ﬁetv‘&orké. As there is a deterministic -
underlying map in this type of ‘Iz)seudo random data, nonlinear neural petworks,can
perform well because they can‘: extrac;t’ and appfoximate these underlying maps.

The data requirements fof,aCcuraie prediction is one of the impoﬁant facts
which can be compared between convent‘iognal linear prediction methpds and neural
networks. It is seen that neural ﬁetv;/orks are parsimonious in their data requirements.
This thesis provides test; over a large sample (111) of time series about the ability of
nonlinear neural networks as forecasting experts. To test the feasibility of this
methoci, real-world data séts from M‘-‘lil Competition (Métkridakis 1982) are tested.
Appendix-F gives the comparison of forecasuing performance of neural networks and
Box-Jenkins (1986) ARIMA (Auto-Regresswe, Iﬁtegra;ed, Moving-Average) models.
Details about the data series are listed in Appendix-H.: -

Our major concern in this thesis is to see if neural networks can be used to

build real-world predictive models. In this regard it is necessary to consider, how



likely it is that the model js true empirically; how we can measure the parameters of
the model; and if the model is true, how it can be used in real-life as the environment
changes in order to get the best result. Our émpiric_al results show that the answer to
the first question is yes; in most of the cases in our test, neur;11 networks gave an
acceptable performance. The second question is answered by anafyzing the underlying
structure of a trained neural network, the resuits ‘are discussed in Chapter III, for the
third question, the trained neural network cﬁn be used to dynamically update its

underlying weight structure as the environment changes.
Statement of the Problem

The problem of prediction of forecasting can be stated as:
§@+1) = FX@, b) - " (1)

where;
$(t+1) is simply the best prediction one could makg for y(t-;—] ) from histbrical
observ‘ati‘or‘ls, t=1 through T; | |
F is the vector valued fupctiop containing parameter b;
X(¢) is the vector of inputs for observation at time .
The objective in tl;e prediction problem is to find the vector-valued function, F,
containing parameter b, which minimizes error in predicting §(z+1). The error

measure is selected and minimized, which leads to minimum error when F is used to



predict §(¢+1) where only X(¢) is shown.

Our objective here is to build an adaptive system which learns to predict or
simulate its environment, as a part of a larger system of adaptive intelligence or
optimization.

In our present study X(¢) is a single time series variable (univariate modeling).
The number of data points available in X(z) is one of the important factor for building
its predictive model. Here variable X(z) is taken from a wide variety of domains of
real-world observations. Building predictive models of X(7) with real-world time
series and with simulated time series are two significantly different problems. When
X(?) is over practical observations, limitations of the number of data points a\}ailable is
a major problem in building its predictive model. In case of simulated time series
large number of observations can be generated. The point here is, the available
amount of information may or may not covers the complete dynamic range of the
domain, or in other words the available information may or may not be a good
statistical sample of the domain. This shows that building predictive models over real-

world time series observations is far more difficult than for simulated time series.
Ordinary Regression
Given the values of variable X over some observation for a particular period

starting at ¢ and ending at p;

X, =AX, +..+AX,+E 2



A, A, ..., A, are constants; E, is the error
In such case X, is directly related to one or more past series values.

The above prediction formulation is complctély deterministic. This type of
predictive model ié central to the concept of statistics. In real-life, the predictive
power of a forecasting model is more important thaﬁ its statistical truth. There is
always a certain amount of uppredictable noise in these types of systems. However, if
we want more powerful models, we will often find that we hgve to 'esﬁmate constants

which do not simply multiply an expression.
Nonlinear Signal Processing

In any nonlinear prediction problem, the core idea is to determine the vector
mapping function F from p dimensions to ¢ dimensions of a nonlinear process from a
sample of N data points, which may or may not cover the complete dynamic range of

the input domain.
Fp=q = BRI S 3)

In such a situation, domain p and range ¢ data vectors \‘a;r,e transposed and concatenated
as N rows to form the matrices X and Y. If conventional linear régression is used to
represent this nonlinear association, it requires higher degree terrﬂs and causes
instability.

It is well known (Lapedes & Farber 1987a,b; Sutton 1988) that nonlinear



n.eural networks can learn arbitrary vector mapping funptions from the input (domain
vector, p) through the hidden (internal representation, %) layer to the output layer
(range vector, g). If the domain set of data vectors vuse'd go train the network is
adequate, the network generalizes or predicts from an arbiuﬁy input space in a stable

fashion.
Problem Structure Similarity with Neural Networks

In neural network training, using the delta rulé (Werbos 1974, Rﬁmelhart et. al.
1986, Hinton 1985), the target vector is a vector to be réproduced or prefiicted by the
network. Basically the delta rule tries to estimaté b so as to improve the prediction in
(1). In that case, F happens to be revpr‘esentedras a neural network of elementary units,
the weights can be interpreted as b, and the observations X(z) may be interpreted as an
pattern presented to the system where ~tl«lxc: ot;Jectivg is to detefminc‘ $(¢+1). The goal is
to find the values of weights b which bés£ fit thé ,historic;al or training data in (1).
This is done by the backpropaga‘timi algoﬁthnd. Backprbpagaltion algorithm is a
natural extension of linear methods into non-linear domains. Using backpropagation
learning algorithm to approximate input-ou’tpt‘lt mapping is célled tréining. In
backpropagation learning algorithm,. the information ‘p;oéessing is the approximation of
a mapping or function F: A CAR’ll -> R®, from a bounded subsgt A of n-dimensional
Euclidean space to a boun(ied‘subset F[A]ﬂ of m-dirnensic;nal Euclidean space, by

means of training samples (X;,Y,),(X,,Y,)...(X,,Yy),... of the mapping’s action where

Y, = F(X,). It is assumed that such samples of a mapping F are generated by



selecting X, vectors randomly from A in accordance with fixed probability density
function P(x) (Rumelhart et.al 1986).

The auto-associative memory of certain neural network models can be tapped
in prediction problems. Smolensky (1986) Spcmfies a dynamic feed-forward network

in the following way:

u(t + 1) = F&, W, G(u,(0))) 4

where,

u,(?) is the activation of unit i at time

F is a nonlinear sigmbid transfer function;

G is a nonlinear threshold function;

W,, is the connection strength or weight from unit £ to unit i.

This relationship can, in principle at least, be used for predicting future values of
variables.

When ordinary regression (least squares) is used to estimate a model which
forecasts variables at time ¢ + 1 as a function of time ¢, then the forecasts for sever;il
steps ahead will tend to deteriorate, due to cumulative error effects (Werbos 1988).
Looking at the time series past data, the forecasting model should be able to forecast
the future values at greater accuracy; at the same time, the forecast should be
consistent. The problem of steady forecast is more critical due to random noise. The

ability of neural networks to "generalization" and "abstraction" can be used for



generating steady forecasts for different classes (monthly, quarterly, annually, etc.) of
time series and can be compared with some traditional methods of forecasting as
ARIMA.

- A backpropagation learning algorithm for neural networks is developed into a
formalism for nonlinear sigﬁal processing. We, by empirical tests, demonstrate that
prediction problems in univariate noniinear domains can be handled well by using
neural networks. We demonstrate the use of the formalism in nonlinear system
modeling by providing a graphic example in which it is ”clearu that the neural network
has approximated the non-linearity of the input data set. It is interesting to note that
the formalism provides an explicit, analytic, giobal approximation to the nonlinear
maps underlying the various time series. |

The major difference between neural network modeling and conventional
predictioﬁ modeling is that the conventional approach to processing nonlinear signals
would be to form polynomials representing non-linearity in the data and adjust the
linear weight factor coefficients for each ﬁolynprhial term using the least mean square
algorithm. All non-polynomial non-linearities must be modeled by polynomials, which
is undesﬁable; also the m;mber of cgefficients grows as the sysyten’l‘size, or the order
of polynomials is increased (Lapedes & Farber 1987a). Polynomial approximation is
unstable under iteration. The problerri is to achieve accurate predictions over long
periods of time. Accep'téble ac(cura'cy, can be achieved by pdlynomial approximations
over short times, which is a less interesting situation in comparison with 1ong term

prediction.



Learning

Artificial neural networks can modify their behavior response according to the
environment. Shown the set of inputs (perhaps ;Nith” desired'output), they self-adjust
(learn to approximaté the input-output mapping)c to prdduce consis;ent responses. This
ability to modify beh)avior comes from the ability to learn, which is achieved by
dynamically changing the underlying structure. The ability fo,cha}nge thfs underlying
structure depends on network topology and né;wofk dynamics. Network topology and
the learning parameters decide the final behavior of the network after training. These
parameters define the surface which partitions the mapping hyperspace which finally
decides the behavior of the trained network (Alexis, W., ct;al 1987). Mapping
hyperspace can be visualized‘ds N-dimensional hypercube (Amit, D., 1989). If the
input and output mapping néeded is lineaf;, the‘ﬁ)apping hyperspace required to
approximate this mapping can be I{n;:ar." In thisl case a set of polynomials define this
mapping space. If the input—output‘ rﬁapi;ihé is nonlinear the required mapping
partitioning hypercube is also nonlinezir. This non-linearity can be achieved by joining
large number of linear segments each corresponding to a: polynomial, this will need
large number of polynomials (weighyts), and implementation and insiabilit& probiems
may arise. The number of dimensions and the non-linéarity in the partitioning
hypercube needed to achieve the required nonlinear mapping of input-output space are
dependent on the degree of nor;-linearity and the input apd output space dimensions.ﬁ
In neural networks input and output space dimensions are decided by the

number of input and output neurons respectively. The dimension of the mapping



10

hypercube is decided by the number of weights in the network, which describes the
polynomial and non-polynomial non-linearities of the partitioning hyperspace.

The learning process can best be visualized as curve fitting (Amit, D., 1989).
While learning, tﬁe network is continuously trying to modify the hyperspace
partitioning curve so that it best fits: the hypergpace»partitionihg sufface reqqired for
interpdlating the unseen-data to produce accurate predictions. ' Network topology can
consist of all linear or nonlinear elements. |

Learning takes plgce by changing the weights, which dynamically stretch or
compress different axis of the mapping hyperspace. "The threshold ¢, in the case of
thresholding units, corresponds to the minimum distance the partitioning hyperspace
passes from the origin (Anﬁt, D., 1989). If the problem is linearly separable, coming
up with specific values of weights for networks with one linear element, can be used
to solve the problem. Sigm(;idal units are more powerful than thresholding units. In
the case of thresholding units, as they are binary, the relative magnitude of the weights
is significant but the absolute magnitﬁde is qoi. However, Sigmoidal units are |
different due to the non-linearity involved. The absolute magnitude is of importance
because it can be anywhere in the non-linear portion of the; sigmoiglal transfer function,
producing different activation: Because of the non-linear, but continuous nature of the
sigmoid activation function, it is\ poésible to creaté nonlinear curves 1n partitioning the‘
networks hyperspace. Nonlinear curves can be created by sending the output of one
nonlinear unit to another nonlinear unit (Alexis, W., et.al 1987). Using thresholding

units if curved partitioning of the hyperspace 1s required, the only way to do this is by
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joining large numbers of linear segments. With nonlinear units this can be achieved in

a more accurate and parsimonious way. This is why learning in nonlinear neural

networks is more powerful than linear neural networks.
Generalization

Once trained, a ne;Jral network response can be, to a degree, insensitive to
minor variations in its input. This ability to see thrpugh noise and distortion into the
pattern that lies within, is vital to pattern recogniti(;n in the real-world environment. It
is important to note that the neural network gene‘ralizcs automatically as a result of its
structure, not by using human intelligence embedded in the fdnn of ad hoc computer
algorithms. This ability of li;lear/nonlinear intérpolatioh in linear/nonlinear neural
networks is of considerable importance when compared with other interpolation
techniques.

The network is said to generalize well when the input to output relationship is
nearly correct for patterns never used in t}alr{ing the network. The generalization
process here can be thought as of interpolation. Conventional forecasting techniques
like ARIMA use linear'interpolation to predict. These téchniques give good prediction
if the input-output relationships are linear.

A nonlinear neural network can qbe considered simply as a nonlinear mapping
of arbitrary inputs to outpuf space. Viewing learmrig as curve fitting allows us to
understand that generalization is simply a non-linear interpolation of data (Alexis, W.,

et.al 1987). In many cases it happens that, due to the properties of traihing data and
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network topology, that the network memorizes rather than generalizes. Usually,
networks with too few neurons, when used for highly nonlinear mapping, may
memorize the training patterns and eventually fail to generalize (Alexis, W., et.al
1987). In the memorization process the networks fail to encode the fuzzy relationship
between input and output data, instead it encodes the ini;ormaiion as a lookup table.
Fuzzy interpolation between input and out'putj data is of vital importance in forecasting
problems. This is what is some times referred: to as the neural networks ability to see

through noise.
Abstraction

Some artificial neural networks are capable of abstracting the essence of a set
of input data. This ability of extracting ipdealized‘ prototypes is highl); useful and is the
same as the ability in humans. ;I‘he abstré(;ti()n process takes place during learning
through a process similar to curve fitting (Amit, D., 1989). The process of abstraction
is to approximate the underlying map in the training data. Fuzzy abstractions of the
underlying map, rather than exact mapping, allow predictipn systerﬂs to interpolate the
outputs in a fuzzy way. No abstraction takes place in the =procc:ss of memorization. In
Chapter III, results of a simple test are discussed which demonstrate the ability of
neural networks to appréximate the/;.mderlymg map frorﬂ the training data. It should
be emphasized that a majof task of any theory of neural nét\;vo’rks is to produce
exceptional input-output relationships. According to Professor Amit (1989) the

attractive features of neural networks are biological plausibility; associativity; parallel
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processing; potential for abstraction.

Network Complexity and Number of Hidden Neﬁrpns

In out tests, it was observed that the number of hidélen neur;)ﬁs ?equired is
problem dependent. The choice of transfer function to the I}iddf;n neur‘ons is also
problem dependent. If the underlying map in the data series is simple to capture or
there exists a linear relationship between the input and output mapping, simple neural
network without any hidden layers and neurons with linee;r transfer function is
sufficient to approximate‘this mapping. After training the network the overall transfer
function of the network can be \)isuel‘lized as a hyperspace partitioning (Alexis, W.,
et.al 1987) surface which eventuall’y‘ d;)e‘s the input and output mapping '(interpolation).
If the underlying map in the training)sedt is,lhighly nonlinear, this separation surface
required is also highly nonlinear, whereas if the 'ﬁnderlying map is simple and linear
then the partitioning surface requirea (is simple. To build up the nonlinear separation
surface -we need to use nonlinear elements (transfer function), this 1s done by using
hidden layer neuron:s with nonlinear transfer tunction. Each transfer function non-
linearity contributes in building this partitionmg §urfapé (Alexis, W., et.al 1987).
Similarly the simple and linear separation surface can be build up using linear transfer
function elements, which build up the sepa;utlon surface by joining linear segments.
Obviously if the underlying map is highly nénlinear this }inéar separation surface

cannot categorize the input and output mapping properly. While training is in progress
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this partitioning surface is continuously changing its shape in order to fit the best
possible required mapping.

Comple);ity of the underlying map in the frainiqg set decides the complexity of
the overall trans?;fer function of the network, which is decided by the number of the
nonlinear elements in the networks hidden layer, (as hidden 1ayer is the internal
representation layer). As each of thesp hidden layer unit contri:butf;s to the non-
linearity towards building up the separation surface, the’ number of hidden neurons is a

function of complexity of the underlying map in the training set.
» = 8(Cp) . < | » 5)

where, C; is the complexity -of lth)e( underlying map . in the training data.

Unfortunately, there is no easy way ;o define fhe C; and finci the exact function g,
nevertheless it is observed that the numbef of hidden n;:urons needed to capture a
highly nonlinear underlying map frofl‘n“the data z;re more than the numbe; needed to
model a linear map. The obvious question then is, how is the performance of highly
nonlinear neural network (many nonlineai hidden neqrons) ovér a tfa‘ining set with
linear or simple map. Our empirical results show. that uéing a compiex network (more
hidden neurons) to model a simple data series may degrade the performance. In
conclusion, it very important to study the dam set 1n order to find the neural network

with an optimal number of hidden neurons for the best performance.
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Network Complexity and Transfer Function

As the number of hidden neurons used is proportional to ability of neural
network to capture the underlying map in the. training set, and, as each element
transfer function contributes to thié ability, it is obvious that £he ability to model
complex underlying map is also proportional to the non-linearity of the transfer
function. Each hidden neuron transfer function contributes to the mapping process by
adding a nonlinear segment to the overall hyperspace partitioning surface. The more
nonlinear the transfer fﬁnction is, the more nonlinear is tﬁe surface segment
contributed by each neur;)n. Sigmoidal non-linéarity 1s chosen because the artificial
neuron is a simplified model of real neuron, and real neurons possess a transfer
function resembling to a sigmoid function. Sigmoidal units are more complex but at
the same time are more powefful than thresholding 'units. The fact that it has a real
non-zero derivative makes it useful 1n gradient descent learning method. If
computational efficiency is not of pﬁrﬁary imliortance, it is possible that a highly
nonlinear transfer function can be used to model the same amount of non-linearity,
with fewer number of hidden neurons as compared with the sigmoidal transfer

function.
h, = q(F) , : 6

where, ¢ is the function which describes the relation between the number of hidden

neurons #,, and the non-linearity of the transfer function F.
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Unfortunately, in most of the cases the number of hidden neurons are decided
empirically due to the difficulty encountered in deciding the functions g and ¢q

described above.

Learning Parameters and Neural Network Performance

One of the most important aspects of the backpropaéatién algorithm are
learning parameters. While training is in progress these parameters decide the amount
of weight changes. Again, as different data sets have different underlying maps,
different values of learning parameters are suitable for différent problems. The
problem then is how to decide thef, optimal learning parameters ;[0 model the required
input output mapping. Each xc‘lata set may define a totally different energy surface, and
unfortunately due to the problems of the gradient descent method, which do not
guarantee the global minimum, there is every‘possibility that modeling a data set
needs specific learning rate and: momentuin pérafnéters to achieve optimal modeling.
In our study the data sets used were from real-world observations and had different |
properties. On an average _compaﬁson, learning rate=0.1, and mogn;entum=0.1, was
found optimal. These values were obvious, because ove%r véu*iéty of data sets on
average performance, if a networks are tx‘a}xleq till 1000 cycles, lower values of
learning parameters give a more sy;tematic and safe Wa}; to converge. With 1000
training cycles and lower values of learn‘ing parameters, 1t is obvious that the final
distance from the global minimum, will be higher than the distance from global

minimum if higher values of learning parameters are used. As observed from Chart 5,
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higher values of learning parameters are not suitable in most of the cases.

Considering the energy surface with hills and valleys, higher learning rate can
be visualized as the march if a dynamical procesg ;vith larger steps. Marching with
larger steps may skip the valley points and this may lead gradient descent approach
into oscillations. If the energy surface is flat higher learning rate is harmless and may
increase the speed of convergence. Higher learning rate and highér momentum is like
marching at a higher speed with larger steéé.’ Higher learning rate and lower
momentum is like marching with larger steps but with slow motion. If the speed of
convergence is nét of primary importance small dsteps with slow‘ motion approach i.e
low learning rate and low momentum, gives a systematic and safe way to convérge.
In many cases higher learning parameter val,uehs) are used to sﬁeed up the learning
process. As our main interest here was to-see the performance Qf neural networks as
predictive models and not the speed (of\ cénVerge,nce, low values of learning parameters

were used.

Origin, Relevant Studies and Justification

Werbos (1988) sta'tes that heylaid foundations for use of backpropagation in
forecasting in his doctoral dissertation in 1974 (Werbos 1974), in which he called it
dynamic feedback. The algorithm is similar to the aigorithm suggesteci by Rumelhart,
Hinton, and Williams (1986). | :

In neural network training, using the délta rule, the target vector is a vector to

be reproduced or predicted by the network. In fact, the delta rule tries to estimate b to
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impro.ve the prediction in (1). In that case F happens to be represented as a neural
network of elementary units, the connection weights can be interpreted as b, and the
observations X(¢) may be interpreted as patterns presented to the system. The goal
here is to find the values of weights b which best fit the histén'cal or training data in
(1). This formulation describes most of the current research in neural networks.
Rumelhart, Hinton and Williams (1986) take F as a feed-forward network. A feed-
forward network is iﬁ which the interactions between the formal héurons are such that
the neurons can be divided into groups (layers) and neural activities in one group can .
only influence the future activities of neuron in consecutive iayers.

According to Werbos (1987) an adaptive intelligence system does not assume
the availability of a "target vector" and would not limit itself to a single standard
design. He suggests five possible network\architectures-‘-two of them supervised (use
of target vector) and three of them unsupervised (only input vector)--building up to
three network architectures, which he recommends as the canonical design for coping
with the problems of dynamic modelling or forecasting over time (Werbos, 1988).
Werbos (1987) states that1 a simple backpropagation algorithm and feedforward
network structure with superviSed learning does not lead to the bes‘t forecasf over time,
especially if one is concerned with prediction over more than one period into the
future. He has obtained better results by using éstimation methods which explicitly
represent the notion of forecasting over time. Werbos (1977) describes a complete
crisis-management system which exploits the wide variety of forecasting methods

involving man-machine interaction, human intuition, etc. He explains the need for
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computer forecasting in the classical sense, in which the computer fits a quantitative
model to a well-structured numerical data bank. Werbos (1987) explains how adaptive
systems may be built and understood by extending control theory and statistics.
Werbos (1988) summarizes a more general formulation of backpropagation, developed
in 1974, which does more justice to the root of methods in numerical analysis and
statistics. He discusses applications of backpropagation to forecasting over time, to
optimization, to sensitivity analysis, and to brain research. The author derives a
generalization of backpropagation to recurrent sy‘stem, such as hybrids of perceptron-
style networks and Grossberg/Hopfield netw;)rks.

Lapedes and Farber (1987) used a multilayered perceptron to predict the values
of a nonlinear dynamic system with chaotic behavior. They illustrated the method by
selecting two common topics in signal processing, prediction and system modelling,
and showed that the nonlinear applications can be handled extremely well by using
nonlinear neural networks. They reported that neural networks gave superior
prediction for their dynamic system. |

Sutton (1988) introduces a class of incremental learning procedures specialized
for prediction--that is, for using experielnce with an incc;mpletely known system to
predict its future behavior. Whereas convenuonal prediction-learning methods assign
credit by the difference between predicted and actual results, the method used by the
author assigns credit by  the difference between temporally‘ successive predictions.
The author also provles the convergence and optimality for special cases, relates them

to supervised-learning methods, and claims that the temporal-difference method
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requires less memory and less peak computation than conventional methods and
produces rﬁore accurate predictions. He argues that most-problems to which
supervised learriing is now applied are really prediction problems of some sort to
which temporal-difference methods can be applied to advantage.

Fishwick (1989) has compared the pgﬁomaﬁce of neural networks with
traditional methods/‘for éeomeuic data ﬁttiﬁg such as linear regre‘ssion and surface
response methods. He. claims -that neural network models appear to be inferior in most
respects and hypothesizes that accuracy problems arise, primaril)} because the neural
network model does not capture the system sfrué;ure characteristics of all physical
models.

Minor (1989) suggests similarity least squares (SMILES) as an alternative to
high degree polynomial regfeséion models for. analysis of nonlinear data. Local or
non-parametric regression prevale;t in the statistics literature are special cases of the
more general SMILES estimator. The method is developed as a series of statistical
projections. The results are used to construct tﬁe feed-forward neural network and
prove their capability to represent Vectorl mapping functions between two sets of
vectors. A key result is how to achieve stable predictions ‘(genéraliiation)‘ for highly
nonlinear data.

Sharda and Patil (1990) have reported fhe’ resul:ts of an empirical test on neural
networks which shows that neural networks can be used for time series forecasting at
least for a single period forecast. The authors tested and compared a sample of 75 M-

Competition data series over annual, quarterly and monthly observations using neural
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network models and traditional Box-Jenkins forecasting models. The simple neural
network models tested on 75 M-Competition .data series could forecast about as well
as an automatic Box-Jenkins ARIMA models.

Tang, Z., et. al (1990) discuss the results of a comparative study of the
performance of neural networks and conventional methods in forecasting time series.
Authors experimented with three time series of different complexity using different
feedforward, backpropagati’on models and Box-Jenkins model. Authors experiments .
demonstrated that for time series with long memory, both méthods produced
comparable results. However, for series with short memory, neural networks
outperform the Box-Jenkins model. Authors conclude that neural networks are robust,

parsimonious in their data requirements and provide good long-term forecasting.
Objective of the Study

Lapedes and Farber (1987) used simulafe'd data with a nonlinear map to test the
mapping ability of neural network.v Tang, Z., ;:t.al. (1990) used three real-world time
series of different complexity to demonstrate the forecasting ability of neural networks
at multiple forecast periods. Sharda & Patil (1990) demonstraté the single step
forecasting ability of neural networks using 75 real-world time series. On the basis of
these studies, the objectivgs of this study are: (1) To test the forecasting ability of
neural networks over multiple periods with a large sarflple (111) of real-world time
series and to observe the effect of different architectural and learning parameters

(neural network architecture, # of input and hidden neurons in a particular architecture,



22

learning rate, momentﬁm etc.) on }the performance, (ii) To compare the performance of
neural network models with traditional time series. forecasting (ARIMA) models, and
(iii) Study the underlying model de\;qfoped by the n§ural network. This-objective
involves the study of functional equivalence between neﬁral nétwqus and conventional

ARIMA models.



CHAPTER II
MODEL DEVELOPMENT AND METHODOLOGY
v ~ Functional Problem and Neural Networks

As stated in (1) before the predictioh problem is:
y@ + I) = FX(@), b)

where,
9(i+1 ) is simply the best prediction one‘ncould make for y(z+1) from historical
| observation? r= 1 through T;
F is the vector value functionvcontaining parameter b,
X(?) is the vector of inputs for observation or time number ¢ .

" The objective in the prediction problem is to find the vector-valued function, F,
containing parameter b, which ‘minimizes error in predictin;g’y(ﬁl ). The error
measure is selected and mininﬁzeq,"which leads to minimum error when F is used to
pre;dict §(¢+1) where only X(z) is shown.

The ability to learn is (;ne of the distinguished features of neural networks.

Neural networks are not programmed the same way other intelligent artificial systems

23
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are programmed. They work even when given incomplete information. The
information is stored as pattems, not as series of information bits as in.normal
computers. Just as one‘ cannot dissect the brain and extract the knowledge that was
there, designers of neural networks cannot simply see what is stored there. The goal
of neural networks is to mimic what the b‘rain does best: associative reasoning,

learning, and thoughts.
Data Series Selection and Claséificafion

The data series s'ele;:ted are ffom the‘ famous M-111 Competition, Makridakis
(1982) to compare the perf;)rmance of the various forecasting techniques. Out of 1001
series collected, only /111 series were analyzed in M-111 Competition using Box-
Jenkins methodology (Malq:idalds et.al. 1982). Although the sample is not random, in
a statistical sense, efforts were made to select time series covering a wide spectrum of
possibilities. This included different sources of statistical data and different
starting/ending dates. There wére also da;té from firms, industries and nations. All the
data series are graphically displayed in Appendix-H. lThe series in this 111 sample
were evefy ninth éntry from-1001 series starting with s’ériés 4"=(a ra;ldomly selected
starting point): 4, 13, 22, 31..7994. ’The type of series (macro, mi’cro, industry,
demographic), time intervals betweeﬁ succesQwe obsewgtions v(monthly, quarterly,
yearly), and the number of observations were recorded. Pack and Downing (1983)
examined this 111 series subset and concluded that several series were not appropriate

for forecasting using the Box-Jenkins technique. For our previous work, Sharda &
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Patil (1990) we took a sample of 75 series after considering Pack and Dowining’s
recommendation and neural networks were trained on these data series. All 111 data
series are used in the present study. The set contains 13 annual, 20 quarterly and 68
monthly series. Few data series have too few data points are not modeled. Series
numbers < 112 are annual, series numbers > 112 and < 382 are quarterly and the rest
are monthly.

The most convenient way to understand the behavior of a time series is to
display it, not in tabular form, but in a graph. Gra;;hs of time series provide visual
insight into how the process, or activity it represents, has behaved historically (Hoff,
J., 1983). All the time series data is graphically displayed in Appendix-H to give an
idea about the properties of each time series used in out test. Table 33 show the

ARIMA models of these series using the Box-Jenkins method.
Method of Analysis

As mentioned earlier, 111 data sets were analyzed using two approaches. For
each data set, n-k observations were used to build the forecast model (to train the
network), and then the model (the trained neural network) was used to forecast fhe
future £ values, where k = 6, 8, 18 for annual, quarterly and monthly series
respectively. These values are well established for such comparisons in the forecasting
literature. In our previous study (Sharda & Patil 1990) only single-step forecasts were
generated, 1n present study forecasts till 18, 8, 6, step were generated for monthly,

quarterly, and annually data series respectively. In case of single-step forecast, at the
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end of period n-k, the n-k+1 value was forecast; at the end of n-k+I period, the n-k+2
value was forecast and so on. In the case of a 2 step forecast, at the end of n-k
period, n-k+1 and n-k+2 values were forecast; at the end of n-k+1 period, n-k+2 and
n-k+3 values are forecast and so on. Similar formulation was used in other cases of 4,
6, 8, 12 and 18-stei) forecasting.

These series were run in AUTOBOX using its default setting with no
intervention detection. In addition to the MAPE measure, the Median APE measure
was calculated which gave the most descriptive measure of the central tendency of
errors in the forecasting competition.

The generated forecasts were compared with the actual valuels for the k periods,

and mean absolute percent error (MAPE) was computed for each series as:

C -
MAPE, = (Z (A, - P)/A, %100 ) / k (8)
J ,

=1

Box-Jenkins Models

This approach to time series forecasting is well known (Box & Jenkins 1976),
and has been applied in practice. It is considered to be a ‘sophisticated’ approach to
forecasting. This technmque is well documented 1in Box & Jenkins (1976). Briefly the
method consists of identifying and ’cstimating, within a wide class of stochastics
processes called ARIMA models, one of which best fits ahtime series. The application
of method requires a cycle of four steps: data transformation, model identification,

parameter estimation, and diagnostic checking. In terms of difficulty, it is viewed as
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one of the more complex times series modeling techniques.
Essentially the analyst examines both the auto and partial auto-correlations and

identifies models of the form:

O(BYD(B*)VVP, (Z-c) = 6(B)O(B")a, )
where,

B is the back-shift opefator (i.e Bx, = x,,

V = 1-B; s=seasonality; a=white noise;

¢&(B) and ®(B*) are nonseasonal and seasonal auto-regressive polynomials

respectively;

0(B) and ©(B°) are nbnseasonal and seasonal moving average polynomials

respectively;

Z, = series (transformed if neces‘sary:) to be modeled.

After identification of several candidate models, the analyst can iterate through
the process of estimation and perform diagnostic-checking. Once the final model has
been selected, the forecasting process can begin.

The process of model identification, estimation and diagnost’ics-chécking has
been automated and 1s available in the form of a forecasting expert system. The
performance of such an automatic "expert" systemvhas been reported to be comparable
to real experts, Sharda & Ireland (1987). For our tests, we used AUTOBOX (AFS
Inc, 1988), an automatic Box-Jenkins modeling expert system. This program can take

a data set and iterate through the model 1dentification, estimation and diagnostics
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process to develop the best forecasting model.
Neural Network Models

A backpropagation rule was used to train a multilayered perceptron network.
In our previous work (Sharda & Patil 1990), we used one hidden layer. The numbe;
of neurons in the iﬁput layer was decided to provide the two years of history to predict
the immediate next value. In the case of monthly data series the number of input
neurons was 24, for quarterly series it was 8, and for annual series models it was 2.
The single hidden layer éonsisted of the same number of neurons as the input layer.

Different architectures, with increastn ¢ number of hidden layer neurons, were
trained over different values of learning parameters to find the optimal learning
parameters first and then find ’the optimal architecture for the given class of data
series. MAPE (Mean Absolute Percent Error) and Me-APE (Median Absolute Percent
Error) were used as the measure of performance. ' Nine combinations of three learning
rates (0.1, 0.5, 0.9) and three momentum values (0.1, 0.5, 0.9) were tried.

For annual data series the forecast was limited to a maximum of 6 periods
ahead, 8 for quarterly and 18 for montl‘lly. "i“he followir;g description is felated to
specific models for annual, quarterly and annually data series. Once the optimal
leaminé parameters and architecture was decided these parameters were used in

modeling remaining data series. -
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Models for Annual Data series

The forecast peri(;d selected for these series were 1, 2, 4, and 6 periods ahead.
With these forecasting steps different architectures used were:
for n + f step forecast, where f is the forecast step,

2-1-1, 2-2-1, 2-3-1, 2-4-1, f = 1;

2-1-2, 2-2-2, 2-3-2,2:4-2, f = 2;

2-1-4, 2-2-4, 2-3-4, 2-4-4, f = 4;

2-1-6, 2-2-6, 2-3-6, 2-4-6, f = 6;
Neural network architecture 2-4-6 indicates, 2 input neurons, 4 hidden neurons and 6
output neurons. Neural networks with these different architectures were trained over 9
different sets of learning parameters (learning rate, momentum) given above, over all
annual data series, to see the effect of learning pararnetefs and architecture. After
analyzing these results the optimal learning parameters and the architecture were

decided.

Models for Quarterly Data Series

The forecast periods selected for these series were 1, 2, 4, 6, and 8 periods
ahead. With these forecasting steps two conligurations were selected as:
(1) To predict the next step(s), last 4 quarters of information was used, i.e 4 input
neurons.
(2) To predict the next step(s), last 8 quarters of information was used, i.e 8 input

neurons.
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This was cione to see the effect of the amount of history on the forecasting
performance. Different architectures used were:
for n + f step forecast, where f is the forecast step, :

4-2-1, 4-4-1, 4-6-1, 4-8-1, and 8-4-1, 8-8-1, 8-12-1, 8-16-1 forf=1;

4-2-2, 4-4-2, 4-6-2, 4-8-2, and §8-4-2, 8-8-2? 8-12-2, 8-16-2 for f=2;

4-2-4, 4-4-4, 4-6-4, 4-8-4, and 8-4-4, 8:8-4, 8-12-4, 8-16-4 for f = 4;

4-2-6, 4-4-6, 4-6-6, 4-8-6, and 8-4-6, 8-8-6, 8-12-6, 8-16-6 for f=6;

4-2-8, 4-4-8, 4-6-8, 4-8-8, and 8-4-8, 8-8-8, 8-12-8, 8-16-8 for f = 8;
Ten data series were trained with different learning parameters. Analyzing the
performance, the optimal leaming and architectural parameters were selected to model

remaining data series.

Models for Monthly Data Series

The forecast periods selected for these seﬁes were 1, 2, 4, 6, 8, 12 and 18
periods ahead. With these forecasting steps two configurations were selected as:
(1) To predict the next step(s), last 12 months of information was used, i.e 12 input

neurons.

(2) To predict the next step(s), last 24 months of information was used, 1.e 24 input
neurons. |

This was done to see the effect of amount of iliStOI'y used to forecast the variable.

Different architectures used were as:

for n + f step forecast, where f is the forecast step,
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12-6-1, 12-12-1, 12-16-1, 12-24-1 and 24-12-1, 24-18-1, 24-24-1 for f =1,

After observing the results of single step forecasting it was observed that the increase
in hidden neurons does not improve the perf&mance. For further tests of multiple
forecasts following configurations were used:

12-12-2 and 24-24-2 for f = 2;

12-12-4 and 24-24-4 for f = 4;

12-12-6 and 24-24-6 for} = 6;

12-12-8 and 24-24-8 for f = §;

12-12-12 and 24-24-12 for f = 12
Ten data series were trained over all of the above architectures and all learning
parameter sets.

Once the data series were trained, over different architectures and learning
parameter sets, the optimal learning parameters and architecture were found. These
parameters were then taken to model remaining data series. All the models discussed
above were nonlinear neural network models Each hidden neuron and output neuron

had a nonlinear sigmoidal transfer function.
Method of Neural Network Modeling

To build a forecasting model for a particular data series having » data points,
first all » data points were used to generate another data file whose format was
suitable for neural network training. This file was an unnormalized data file. If the

original data file had » data points the unnormalized data file had:
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totpat = datapts - (lead + past) + 1 9)

where,
totpat are the number of patterns in unnormalized data file;
datapts is the number of data points in the original data file.
lead is the léad time for forecast as 1, 2, 4, 6, for yearly; 1, 2, 4, 6, 8 for
quarterly and 1, 2, 4, 6, 8, 12, 18 for monthly dat series. which equals
the number of output neurons in a particular model;
past is the number of past data points used to generate the forecast which
equals the)number of input neurons in the model, as 2 for yearly; 4 & 8
for quarterly anf 12, 24 for monthly.
Here one pattern consists of input and output val;les (supervised learning). The
number of input values and dutput vélues 1n a pattern dependsvon the neural network
architecture being trained. The unnofmalizéd file was then normalized by row. While
normalizing the file two diffeferit dé;a files were created; training file and testing file.
The format of these two files were same as the unnormalized data file except each
number was now normalized using the minimum and maximum value over the
corresponding complete pattern.‘ Each pattern had different minimum and maximum
values. While normalizing the output was written to two different files. The number
of patterns written to training file a;ld testing file were:'
# of test parterns = 18, 8, 6 for monthly, quarterly and yearly data series respectively.
# of training patterns = totpat - # of test patterns.

The normalizing technique over the testing file was slightly different than for
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the training file. In training file the minimum and maximum was found over each
complete pattern (input and output part) and each.number in the pattern (input and
output) was normalized using:

normalized number = (number - min)/(max - min) (10)

Note that maximum and minimum vaiues are over ali numbers of input and
output part of each training pattern and each pattern was ﬁormalized by its own
minimum and maximum values. In the case of test file the maximum and minimum
values were only over the input part of the testing patterns, because the output part of
the pattern is not supposed to be known but is needed in the pattern for calculating the
pattern error and total sum of squares error (tss) while testing. The same formula was
used for the normalization of test file. The maximum and minimum _values were
saved only over the test file for denormalization purpose.

Once the above described pfeprocessing was done the neural network model
was trained with learning rate=0.1 and momentum=0.1. These values were found to
be optimal from the tests. Maximum cycles trained were 1000. Training was stopped
if total sum of squares error reached 0.04 before training reached 1000 cycles. Model
which converged in less than 1000 cycles, the fotal sum of squares error over all the
training patterns was less than 0.04. In cases where models digl not converge the
maximum training cycles were 1000 and the total sum of squares error over all the
training pattern is given as model error with respective series in tables given in
Appendix-B, C, D. Same seed was used in all our tests to 1nitialize the network in

order to facilitate more appropriate comparison of their performances
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Once a network was trained, thq test file was tested over the network and the
activation values of output neurons were logged into a file and were denormalized
using the normalization parameters saved during normalization of test file. The log
file was the forecast generated by the trained network using the test file.

The next step was to compare the denormalized forecast with the actual values
and calculate MAPE (Mean Absolute Percent Error) and(Median APE (Median
Absolute Percent Error). The method of calculating these errors in two different cases
of 1 step forecast- (monthly data series) usihng 12 p(ast values and 18 step forecast

(monthly data series) are explained.
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If the original data series had n data

points, the training file had n-(1+12)-1 patterns. Thus the test file had all 18 values to
past=1, forecast=1 step

be forecast in its output section. Note that none of these values was present in the

Case 1. One-step forecast (monthly data):

training file.

output pattern
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Case 2. 18-step forecast (monthly data, multiple step forecast): If the original data
series had » data points, the training file had n-(18+12)-1 patterns. The test file had
18 patterns. It is observed that in the test file output section, the upper matrix
contains some values which are in the training file output section. As the training file
output section is used for training it is necessary to calculate the error only over the
lower part of the output section of the test file wf;ere all the values are forecasts and
none of which are used in trairﬁng process.- The output section may not remain as
MxM matrix all the time because here in the case of 18-step forecast it will be an
18x18 matrix but in the case of 6-step forecast with month data it will be an 18x6
matrix (monthly forecast). The(upper matrix 1n this case is the upper section of the
6x6 matrix which is the top part of an 18x6 matrix has values which also appear in
output section of training file. In such cases calculations of errors over the forecasts
are over the values excluding the upper matrix of this 6x6 matrix from the test output.
The boldface values shown are the values which appear in the test file and training file
as well. While calculating the error values, 0nl§ values which are real forecasts were
used, as calculating foreéast error over the values which appear in training file is an

incorrect formulation.
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past=12, forecast=18 step

_---------input pattern
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CHAPTER III
RESULTS AND DISCUSSION

We initiated fhis study ito examine the possibility of using neural networks for
time series forecasting with real-world observations available in the M-Competition
(Makridakis 1982). Our pervious study (Sharda and Patil 1990) with neural network
performance as forecasting experts with M-111 data series was with- 1-step forecasts,
where we compared the performance of neuru} networks with Box-Jenkins (ARIMA)
methodology over 1-step forecasts. It was observed that, over the sample of 75 data
series from M-111 competition, on average pérformance comparison, simple neural
network did as well as Box-Jenkins (ARIMA) models. In the present study we started
with the objective of examining the performance of neural network models for time
series forecasting over multiple step fofecaét‘ One of the objectives here was to
examine the effect of different architecturai and learning parameters on the

performance of neural networks over time series modeling.
Different Parameter Effects

This test was carries out with monthly data. Different values of learning rate
and momentum were used to train a 12-12-1, 12-12-2, 12-12-4, 12-12-6, 12-12-8, 12-

12-12 architecture, generating forecasts over 1, 2, 4, 6, 8, and 12 periods ahead
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respectively. These architectures were trained over 9 different combinations of
learning rate (0.1, 0.5, 0.9) and momentum (0.1, 0.5, 0.9) values. Observations over
this test gave the optimal learning parameters. These optimal learning parameters
were then used to train remaining monthly data series over different architecture as:
12-6-1, 12-12-1, 12-18-1, 12-24-1 to observe the effect of different number of hidden
neurons. The architecture which performed well in average; analysis was then
considered as the optimal architecture. The optimal architecture test was carried out
only over a 1-step forecast.

Tables 1 & 2 in Appendix-A show these results over ser400 and ser409 data
series. It is interesting to observe the effect of increasing the number of output
neurons. It is observed that, as the number of output neurons were increased from 1
to 12 the n+1 (single step) forecast improved. Charts 1 & 3 show the data series used
for this test. Charts 2 & 4 show the average n+1 forecast using all the different
networks. From this test it is seen that the learning parameters with learning rate=0.1,
and momentum=0.1 gave the best results. Chart 5 shows the average MAPE values
using different architectures with different learning parameters over both the series. It
is noticed that the performance was i)oor whenever the momentum value was high.
Again, the optimal parameters were, learning rate=0.1 and momentum=0.1.

Optimal learning parameters found in the above test were then used to train
remaining set of data series to find the optimal architectures. This test was carried out

only for single step forecast. Table 3 shows the MAPE values for this test. On
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average analysis, 12-12-1 appeared to be the best architecture. This architectural

parameter (equal number of input and hidden neurons) was then used in further tests.
Test Results with Monthly, Quarterly and Annual Data

Series > 382 and <=994 are monthly data series from thé M-111 forecasting
competition (Makridakis 1982). In this section we present the resulté of our empirical
test over these data series using neural networks. Appendix-H gives the graphical
representation of these series; the number of data points availéble in each data series is
given in () next to the series name. Appendix-G gives the Box-Jenkins (ARIMA)
models.

Two different architectures were selected to train all data series. The first had
12 input and 12 hidden neurons. The second architecture had 24 input and 24 hidden
neurons. This was done to observe the effect'of history used on the forecasting
performance. The number of output neurons in both cases depended on the forecast
step. Forecasts up to 18 step were generated.

Each data series had a different underlying structure and different number of
data points available to build the mo&el. Tﬁg forecasting pgrformance of a model
depends on this factor. Data series whicl} was modeled for one-step forecast may not
be modeled for multi-step forecast because the minimum number of training patterns
required to build the neural network model was fixed to be at least 3 and the number
of testing patterns were fixed to 18 (monthly). Due to this constraint, the data series

is modeled only if it can generate at least 21 patterns (testing + training) of required
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size (input + target). As the forecasting step increases, the target section of the pattern
increases and due to this reason, those data series which have fewer data points may
appear in a single-step forecast but may not appear in a vmulti—step forecast. The
number of data series tpsted in the case of the 12-12-f architecture (f is the forecast -
step) for 1, 2, 4, 6, 8, 12, & 18-step forecasts were 6;1, 61, 60, 59, 58, 56, & 48
respectively, while in the case of the 24-24;f architecture for 1, 2, 4, 6, 8, 12, & 18
step forecasts they were 48, 48, 48, 48, 45, 41,\&, 38 respectively. As the test sample
in different step-forecast was not same, the\ average comparison of y+1 forecasts over
the 1, 2, 4, 6, 8, 12 & 18-step forecast was not done. Similarly the average y+2
forecast comparison in 2, 4, '6,‘8, 12 & 18-step forecast was not done. But they may
be compared for individual series: ')

It is observed that as the fomcastiné step increased, the error in the forecast
also increased. Tables 4-17 in Appendix-B shoﬁv the MAPE (Mean Absolute Percent
Error) and Median-APE (Mean Absolute P@rcént( Error) of our tests with monthly data
at 1, 2, 4, 6, 8, 12, & 18-step forecasts fdr both the above-mentioned cases of 12 & 24
past values as input. Charts 6 and 7 show how the MAPE and Median-APE were
affected as the forecast step was increased froﬁq 1 to 18 in both the ca;es, usiﬁg the
last 12 months and the last 24 months of history.

Each model was trained only for 1()()()) cycles with learning parameters with
learning rate =0.1 and momeqtum = (.1. The total sum square error (tss) over the
training patterns at the end of 1000 training cycles is given in the tables as the model

error. Model error (tss) < 0.04 indicate that model converged in less than 1000 training
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cycles, while in cases where model error > 0.04 it is still possible to train the model
further and improve the performance.

It is observed that the model error increased as the forecast step was increased.
The reason may be that the difficulty encountered in the mapping process increases as
the output dimension (output neurons) increases.

Data series with no seasonality were modeled by all the network architectures.
In cases of seasonal déta series, in many cases it was observed that, if Box-Jenkins
model for the data series indicated that data seﬁes had seasonality od 12, the
performance of 12-step, i.e 12-12-12 was better than other. It seems that these
networks were able to capture the seasonality and were able to predict the complete
future pattern (season) better than predicting a single value or the part of the future
pattern. This effect-was observed only for few data series and only for y+1 forecast.

To study the effect of the amount of history used in modeling the time series,
we had 12 and 24 past values used in two- different cases. It was observed that the in
case of 1, 2, 4, & 6-step forecaéts the ﬁerfoxmance of models using 24 input values
was worse than models using 12 values. In case of 8, 12, & 18-steps forecasts the
opposite ‘was‘obs’erved, models using 24 past values were better than models using 12
past values. It seems that mapping 2;1 values to 1, 2, 4, & 6 values was difficult for
the network than to map 24 to 8, 12, 18 values. |

Tables 18-27 and Charts 8, 9 in Appéndix-C show the results over quarterly
data series. Tables 28-31 in Appendix-D show results over annual data series. Similar

observations are observed over monthly, quarterly and annual data series. |
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In both cases the forecasts were fairly steady, within = 5% of MAPE.

Similar observations were observed over the quarterly and yearly data.
Analysis of Autocorrelations and Synaptic Weights

A data series of monthly observations was taken to. perform this test. As
mentioned earlier, our sample of 111 data s;aries do not have the same number of data
points. As number of data samples is one of the major factors in building forecasting
models in statistical as \;/ell as neural network methods, data series having sufficient
data points was chosen for the test. The neural network was trained only for 1000
cycles. As the neural netfwork‘results are only over 1000 cycles, it is possible to train
the model further, which may improve the performance. The data series was trained
for a single-step forecast using a nonlinear 12-12-1 neural network. This network had i
12 inputs, 12 hidden and 1 output neuron. The autocorrelation coefficients over the
training part of the data were c_alculated between the actual value of y(z+1) and y(z),
y(t-1)...y(t-11). Then the trained network weights were used to generate the forecast
over the test data. Similar correlation factors were calculated over the test output
between geperated forecast y(¢t+1) and y(t), y(t-1)...y(t-11).

It is observed that 1n the training patterns y(z+1) had high positive correlation
with the y(#-11) value. In the test output a similar high positive correlation was
observed. As seen in Chart 10 the underlying map was captured by the neural
network and it used similar approximations to generate the forecast. Chart 11 shows

that data from series used for this test and shows the weight matrices of a trained
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network. It is observed that the weights from the neuron to which y(z-11) input was
given had positive weights leaaing to a high correlation between y(z-11) and y(t+1).
The point here is to show that neural networks can learn rules. This’ is one very

important property of nonlinear neural networks and it can bel used in many control

and signal processing applications.
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CHAPTER IV
CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

Neural networks provide a promising alte;nativg approach to time series
forecasting. The neural networks ability to forecast in a fuzzy sense is more
appropriate than the other forecasting methods. Our present study wés limited to
univariate forecasting, but it is expected that neurai networks can be used for
multivariate forecasting, Which is, again, a more real-world situation. For time series
with long memory, both Box-Jenkins models and neural networks perform well, with
Box-Jenkins models slightly better for short tefnl forecasting. With short memory
neural networks outperform Box-Jenkins. By approximating the underlying mapping
of the time series, a neural network providés robust forecasting in cases of irregular |
time series. Neural networks can be trained to approximate the underlying mapping of
time series, albeit the accuracy of approximation depends on a number of factors such
as the neural network structure, learning method, and training procedure. Without a
hidden layer, the linear neural network model is functionally similar to Box-Jenkins
ARIMA model.

Complexity of the network depends on the type of data series to be modeled,
which decides the number of hidden neurons and the choice of transfer function.

Network initialization is of importance in many cases. More systematic methods for
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selecting initial conditions for the neural networks are needed to achieve faster
convergence.

The neural network structure and training procedure have great impact on its
forecasting performance. This fact is evident from the present work that we are doing.
The training algorithm is slightly different than the BrainMaker training algorithm we
used in our previous study (Sharda & Patil 1990). Learning algorithms we are using
in our study are by no means the best, we believe that there is still much room for

improvement of neural network forecasting. .
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TABLE 1

60
MAPE VALUES OF SER400 AT DIFFERENT STEP FORECAST
WITH DIFFERENT VALUES OF LEARNING
RATE AND MOMENTUM

arch step| (learning rate, momentum) .
0.1, 0.1 |0.1, 0.5 {0.1, 0.9 {0.5, 0.1 |0.5, 0.5'|0.5, 0.9 |0.9, 0.1 {0.9, 0.5 10.9, 0.9
12,12,1 1] 10.25| 11.23] 12.45| 12.23 9.76] 16.98 9.34]  9.23| 11.54
12,12,2 11 1245/ 13.08] -13.31] - 11.48 8.90] 15.74 9.71 8.48| 15.74
2 16.37] 16.09] 14.66] "15.67] 15.11] 16.10] 15.53] 19.62] 28.59
12.12.4 1| 14.94] 15.87| 19.72] 18.99| 11.13] 18.69] 18.54| 1229 18.69
2| 13.24] 11.68 17.74, 12.88| 12.78] 19.25| 11.09] 15.38] 22.84
3| 10.86| 13.17] 12.48| 1220 13.85| 20.04| 10.16| 11.64] 21.73
4 9.40 9.67 13.10 14.30{ 10.06] 20.66 8.86] 20.65| 20.66
12,12,6 11 14.77] 16.05| 26.38] 19.52] 15.11] 14.36] 21.07] 18.71] 14.36
2| 14.25| . 16.48| 17.93| 14.36| 17.78| 13.26| 17.10] 16.40f 14.76
3| 13.07] 16.75 17.20 10.23[ 12.73| 18.72 13.59| 16.10] 18.72
4 9.30 8.07| 13.04 9.12 6.29] 22.52 9.40] 1275 22.52
5 248 3.84] 11.36 7.94 9.69| 10.34| 10.79] 9.39] 19.86
, 6 7.62 6.97 9.23 7.62 741 17.72 8.52 7.93] 17.72
12,12,8 1| 14.81] 16.27] 11.40{ 18.50| 17.26] 21.52| 27.18] 15.71 5.69
2| 19.45| 19.02] 17.95| 21.06{ 18.85| 14.77| 13.40| 13.76/ 43.36
3] 13.66] 18.95| 25.43| 1245 19.65| 14.34) 10.96| 14.17] 40.69
4 4.28 5.24 4.94 1.90 8.47 7.97 4.61 459 7.97
5 6.81 8.02 9.23] 9.60 3.08] 12.30 3.53] 0.60; 12.30
6| 10.36| 12.70| 14.05| 10.65{ 10.49] 16.17 8.54 5.23| 16.17
7 8.57| 11.13| 16.29| 14.53| 12.68] 13.17| 15.06 797 13.17
8] 10.85] 11.82] 23.27 8.04] 17.20 5.82| 10.69| 8.54] 10.67
12,12,1 1 6.32| 23.16| 14.87| 16.90( 11.67| 11.08] 11.87 8.55 2.54
2 8.37 5.64 7.87] 13.62] 7.92 2.19 6.52 9.97 5.51
3] 12.08] 20.30] 14.58| 18.87| 15.98| 24.71 9.59# 13.59] 11.24
4 6.35 453 6.64] 11.00 9.83 3.80 3.39] 11.86 3.80
5 8.77 3.87 8.26 7.61] 10.45] 12.14 3.34 7.94 3.33
6| 15.19] 18.34 9.92] 18.99| - 15.84 6.87| 14.97| 18.53] 13.72
7 5.03 6.02 6.04 9.57 7.05| 949 7.18] 7.03 9.49
8 . 4.19 3.27]° 6.11] 10.04 6.21 6.82 9.46| 3.43] 12.00
9] 1.50{ ' 4.13 5.16 0.89 193 8.15 7.20 3.36 8.1
10 3.39 2.06 3.08 008 1.81 1.10 6.51 0.46 8.15
11 1.47 1.97 1.01 1.70 1.54 5.26 2.59 0.26 5.2€
12 2.52 2.37 1.20 1.85 215 3.30 0.62 3.35 4.53




TABLE 2
61
MAPE VALUES OF SER409 AT DIFFERENT STEP FORECAST
WITH DIFFERENT VALUES OF LEARNING
RATE AND MOMENTUM

arch step (learning rate, momentum)
0.1, 0.1 10.1, 0.5 10.1, 0.9 0.5, 0.1 {0.5, 0.5 0.5, 0.9 {0.9, 0.1 |0.9, 0.5 {0.9, 0.9
12,12,1 1] 30.99] 31.54] 32.67] 32.98| 30.43] 40.45| 28.70] 32.57| 38.12
12,12,2 1| 28.25| 29.83] 30.78| -31.49] 24.72| 51.62| 23.02] 34.37] 51.62
2| 21.23] 19.59] 18.86| 17.16| 18.98] 22.01] 20.58] 17.99] 158.60
12.12.4 1] 19.84| 1862 26.21| 15.69] 16.94f 59.36| 26.04] 23.13] 59.36
2| 2046 17.77] 34.50f 21.99] 23.94| 46.00] 23.46| 11.07| 46.00
3| 26.92] 31.52] 21.26] 19.10] 20.75] 37.61] 32.51| 37.11] 236.53
4] 2417 21.63] 37.69] 1835/ 18.18] 32.23] 2235 35.34| 32.23
12,12,6 11 23.19| 23.60| 41.76/ 36.31] 24.20| 69.81| 26.05| 18.66| 69.81
1 2| 1537 2023 38.38] 26.30| 34.77| 1601 39.76| 23.66| 62.17
3 5.72] 13.87] 15.61 5.06] 15.02] 48.90f 33.78| 27.65| 34.54
4 2191 2191 29.98| 26.26 9.71| 31.46| 1263 21.63] 31.46
8| 31.55] 27.00f 16.10f 19.78] 10.88] 33.65/ 34.48] 10.10] 177.34
6| 20.52 950] 14.93] 26.96] 10.71] 24.59 8.33] 19.15] 24.59
12,12,8 11 21.70] 22.16] 21.48] 21.92] 19.01| 36.29] 35.58] 29.74] 71.95
2| 15.03] 1267 9.62] 18.14f 25.22| 46.81] 22.73 7.58| 76.96
3] 10.20] 19.78 5.64f 3226 21.55 29.51] 39.00 9.79| 69.81
4] 17.13| 15.66| 23.15| 24.02| 33.50| 62.17] 25.76] 30.08| 62.17
5 14.61] 11.38] 38.90| 16.28] 37.00f 30.38] 14.92| 40.18| 658.18
6| 24.66] 22.68| 25.62| 31.53| 26.75| 76.10| 26.67| 27.72| 31.46
7| 22.58{ 17.76] 13.38| 12.67| 20.50f 22.01 14.41| 20.47| 22.01
8] 1473 6.69 9.64] 14.36 7.97] 93.69f 23.53 9.62] 24.59
12,1213 1 8.68 8.57| 43.00 1.51 9.17| 27.84] 14.79 3.25| 56.58
2| 20.66] 20.04] 20.39] 21.56| 19.76] 55.83| 18.15] 12.26] 67.02
3 8.43| 10.72| 25.66] 29.07| 15.02] 13.21] 13.66| 11.06] 50.09
4] 1588] 14.63| 29.50 3.54| 15.86{ 68.76] 23.47| 15.23] 68.76
5] 2425 17.60] 12.88| 32.84] 22.38] 44.17] 22.26] 30.24] 57.89
6] 11.21 7.66 2.35] 27.28] 13.72] 50.26/ 18.69] 16.15( 46.14
7| 25.03] 27.24] 32.18] 1963 22.32| 56.38] 32.64] 21.93| 56.38
8| 18.83] 19.28] 28.89] 21.27f 29.26] 22.23| 25.80] 15.62| 65.24
9] 1143 9.42] 21.97| 14.04 8.29] 25.45| 15.09] 10.82] 25.45%
10 5.96 4.16f 33.14 7.42 2.49 1.00 9.11] 15.31| 28.07
11 1.78 1.95] 10.56 2.53 4.68| 26.64| 14.96| 24.66| 26.64
12 6.06 6.42 9.09 6.71] 12.04] 14.35 1276 1.16] 29.69




TABLE 3

EFFECT OF DIFFERENT ARCHITECTURES ON MAPE
WITH a. = 0.1 AND 8 = 0.1

Nata: M-111-Monthly data

MAPE

Series # [12,6,1 1212,1 12,16,1 12,24,1

serd00 16.98 "10.25 16.98 16.98
ser409 24.12 30.99 43.31 29.76
ser418 32.39 19.65 32.39 19.24
ser427 24.78 8.16 24.78 24.78
serd436 2.27 1.92| 2.27 2.27
ser445 15.22 15.27 13.88 15.85
serd54 9.66 8.27 41.96 41.96
ser463 18.37 5.7 18.37 18.37
ser472 14.85 14.54 33.94 33.94
ser481 . 30.42 26.05 30.30 55.04
serd90 13.27 9.14 20.98 20.98
serd99 9.75 8.89 9.75 9.75
ser508 6.84 5.91 6.84 6.84
ser526 13.44 11.65 19.03 15.81
sers544 3.19 3.05 3.10 4,53
ser562 35.38 21.26 37.75 60.45
ser571 10.07 8.14 11.97 11.39
ser580 1.35 1 1.32 1.17
ser589 3.72 3.35 417 3.76
ser598 9.14 11.69 15.74 15.74
seré16 17.25 5.09 20.22 17.25
ser625 20.57 21.33 18.50 17.23
ser634 30.72 21.36 30.72 30.72
seré43 21.14 18.13 28.85 28.85
ser652 17.28 16.05 22.24 36.81
ser661 24.80 19.6 40.70 40.70
ser670 11.73 18.19 11.00 52.78
seré79 22.74 25.62 2432 6917
ser68s 8.55 7.39 37.64 37 64
ser697 2.01 1.59 6.05 2.44
ser706 8 93 6.74 8.93 8.93
ser715 50.26 48.35 59.16 8576
ser724 23.99 19.15 26.82 26 82
ser733 25.28 19.98| 34.38 34.38
ser742 286 2.44 3.25 13.27!
ser751 7.62 5.93 16.43 16.43!
ser760 9.63 8.26 10.84 28.33]
ser769 12.00 9.21 19.29 19.29:
ser778 4.06 413 4.06 4.06
ser787 5.34 2.2 5.34 5.34
ser796 41.95 16.71 41.95 4195

~
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TABLE 3 CONTINUED..

- MAPE

Series # [12,6,1 12,121  [12,16,1 [12,24,1

ser805 1.18 1.53 1.18 1.18
ser814 0.67 0.71 0.69 0.69
serg23 0.65 0.47 1.16 1.16,
serg32 1.29 132 . 1.29 1.29
serg41 9.83 9.49| 21.47 9.50
ser8s0 6.96 6.56) . 6.56 6.06
serges 10.05) - 98 10.58| ©  "12.15
ser877 4.48 " 4.36 14.56 19.31
ser8se6 31.06| . 29.08 31.11 31.12
ser895 14.51 12.47 14.51 14.51
sero04 5.74 3.37 5.74 5.74
ser913 31.33 34.22 57.70 34.78
ser922 26.68 5.06 26.68 5.14
ser931 - 20.41| . 23.51 21.28 22.44
ser940 26.60| 258 . 3257 29.69
ser958 7.16 6.74 6.72 6.82
ser967 | 7.82 7.090 = 7.47 8.21
ser994 9.70 9.05 32.53 10.57
Mean 14.92 12.08 19.55 21.14
Stdev 11.27 9.82 14.44 18.14




APPENDIX B

TEST RESULTS WITH MONTHLY DATA
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TABLE 4

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 1
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 12-12-1

series model |y+1

error [mape |m-ape
SER391 0.056] 19.75 9.7
SER400 0.94| 10.25| 7.92
SER409 1177, 30.99| 26.64
SER418 1821 19.65 15.41
SER427 1496 8.16] 6.02
SER436 182 192 1.63
SER445 0.835| 15.27| 14.92
SER454 0.485| 8.27| 6.84
SER463 098/ 57 5.5
SER472 1.059| 14.54] 11.66
SER481 0.854| 26.05| 25.29
SER490 1.046| 9.14| 8.64
SER499 3.135| 8.89 8
SER508 1.724] 5.91 49
SER526 1.022] 11.65] 9.78
SER544 0.226| 3.05| 237
SER562 2.657| 21.26] 13.17
SER571 0.898| 8.14| 522
SER580 0.349 1 0.82
SER589 0.254| 335 205
SER598 0.603| 11.69] 6.75
SER616 1327 5.09] 4.17
SER625 0.03| 21.33| 16.56
SER634 2264 21.36| 16.98
SER643 0.971] 18.13] 9.36
SER652 0.793| 16.05| 11.53
SER661 0.568| 19.6| 19.86
SER670 0.555( 18.19| 14.46
SER679 0.711] 25.62| 13.61
SER688 0.311 739 4.68
SER697 1.391 1.59] 0.91
SER706 0.487| 6.74 6.09
SER715 1.755| 48.35 28.96
SER724 1.471] 19.15| 20.47
SER733 0653 19.98| 13.48
SER742 0.184| 244 2
SER751 0878 593| 405
SER760 0.582| 826] 6.17
SER769 0.989 921 7.02
SER778 0.046| 4.13] 2.21
SER787 0.256 22| 216l
SER796 0.447| 16.71] 20.01
SER805 1.151 1.53| 1.47
SER814 0.038| 0.71 0.89
SER823 1063 0.47] 0.35
SER832 0.001 132 1.24
 SER841 0.04f 9.49| 782




-TABLE 4 CONTINUED..

series model |y+1

, error  [mape |[m-ape
'SER850 0.04 6.56 6.83
'SER868 0.04 9.8 7.67
SER877 1.039 4,36 3.59
'SER886 0.038] 29.08| 30.73

‘SER895 0.072] 12.47 11.6 - .

SER904 0.172 3.37 2.87
SER913 0.342] 34.22] 35.91
SER922 3.716 5.06 5.15
SER931 0.04] 23.51] 24.03
SER940 0.04 25.8] 21.89
SER958 0.294 6.74 4.88
'SER967 0.548 7.09] 5.89
SER985 0.072] 31.16/ 19.44
SER994 0.04 905 7.66
mean 12.52] 10.12
stdev 10 8.39




MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 2

TABLE 5

STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 12-12-2

series model |y+1 y+2

_ error _|mape {m-ape |mape |m-ape
SER391 0.129 19.6 7.68] 21.65| 10.76
SER400 2219 10.27 8.82] 11.96f 11.92
SER409 2.095 312 27.62] 35.93] 26.53
SER418 2331 23.62] 22.53] 19.85| 18.89
SER427 2.966| . 8.32 5.78 9.61 8.37
SER436 2.378 1.97 1.7 2.46 2.5
SER445 1.612] 15.15| 12.68| 16.19| 156.07
SER454 0.843 7.95 5.67 9.13 9.59
SER463 1.744 4.87 4.8 8.11 6.77
SER472 13921 14.61] 12.01] 1567 1201
SER481. | . 2.009| 27.21] 21.49] 27.12| 24.28
SER490 1.717] 11.36 8.29] 1188 ' 8.82
SER499 6.252 9 7.4 8.95 6.66
SER508 3.438 5.33 5.95 6.37 472
SER526 2037] 11.631 10.22] 1208 86
SER544 0.69 3.06 1.93 464 3.8
SERS562 4333| 22.06] 15.67 20.1] 24.31
SER571 1.783 10.6 8.45| 10.98 7.91
SER580 0.645 1 0.95 1.77 1.74
SERS589 0.425 3.73| 2.66 5.85 3.13
SER598 1.028 9.31 5.4 11.82 7.75
SER616 2.69 5.2]- 5.21 5.28 3.34
SER625 0.04] 20.36] 13.95| 21:86] 16.85
SER634 4377 20.5| 15.67| 18.47] 15.98
SER643 1.3] 18.52 9.3 20.3] 12.42
SER652 1.658| 18.48| 13.72 14.1 8.99
SER661 0.749\ 1637 14.77) 18.17| 14.14
SER670 1.056] 18.02] 13.4] 22.43| 1428
SER679 1.871] 45.71| ~ 43.23| 36.95| 38.36
SER688 0.74 7.86 5.12 9.11 598
SER697 2.339 1.5 0.89 1.84 1.5
SER706 1.124 5.64 5.57 7.54 6 41
SER715 2.608 56.5| 24.66] 5598 3728
SER724 2.267] 19.64f 19.23] 21.88/ 20.08
SER733 1.2 20.03] 13.75] 2023 18.23
SER742 0.347 217 147 262 2.38
SER751 1.88 6.25 5.88 6.69 6.08
SER760 | 0.963 7.82 6.93 9.51 10.9
SER769 1.395 9.81 9.23 9.65 6 49
SER778 0.238 3.81 2.69 4.71 3.41
SER787 -0.438 2.72 2.41 2.68 259
SER796 0.888] 18.25| 19.23| 16.98| 19.22
SER805 1.954 2.19 2.02 2.68 2.48
SER814 0.049 0.81 0.79 0.78 0.73
SER823 2.348 0.69 0.63 0.75 0.61
SER832 0.093 2.04 1.94 2.54 2.41
'‘SER841 004{ 10.22 7.52] 10.51 757
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TABLE 5 CONTINUED..

series model  |y+1 y+2
error  |mape |[m-ape |mape |m-ape
SER850 0.055 6.21 449 1258/ 10.48
SER868 0.075{ 10.54 7.65( 10.97 9.82
SER877 2.058 4791 3.57] -4.31 2.81
SER886 0.048| 28.83| ' 29.37| 31.82] 33.45
SER895 0.119 11.2] 10.35] 13.43] 12.24.
SER904 0.307 3.42 3.54 3.58] 3.29
SER913 0.643] 27.97| 26.36] 44.25| 41.33
SER922 7.587 6.06 5.78 7.83 7.8
SER931 0.063 21.7| 18.65| 26.38] 23.78
SER940 0.042| 17.28 8.74| 30.32] 25.02
SER958 0.404 7.59] 4.39 9.02] - 6.69
SER967 0.992] 1272 12.28] 11.76 8.81
SER985 0.126f 33.23| 14.36] 36.48] 1913
.SER994 0.04] 11.01 9.78 9.11] 714
‘Imean 13.02 10.1] 14.38] 11.72
stdev 10.97 8.38] 11.56 9.66
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TABLE 6

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 4
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 12-12-4

69

series model |y+1 y+2 y+3 y+4 ]
! error . |mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape

SER391 0.262] 18.47| 6.87 26 598] 39,85 22.12] 35.97| 15.99
'SER400 3.344 9.22 7.21] 11.08 9.84] 11.19] 8.35 9.78 10.37
'SER409 4157 29.62| 27.29| 33.95| 23.25|' 31.77] 18.65/ 33.66| 23.03
.SER418 3.758] 23.85 21.4] 19.52| 17.44 19.7] 18.47 18.64] 16.33
SER427 4978 9.49 7.98 9.37 7.74 9.26] 10.98 9.42 7.58
'SER436 4,385 2.09 2.3 2.65 2.56 3.04 3.12 3.57 3.07
SER445 2.753] 15.18| 13.19] 15.29| 12.85| 16.11] 18.54| 18.89| 17.85
SER454 1.631 7.78 5.6 8.91 9.66 9.85 9.67|] 10.19 9.74
SER463 3.61 5.7 6.37 7 © 6.8 8.26 8.62 8.25 9.9
SER472 3.15 17.4] 15.73] 18.59 16.7] 17.61} 15.07 16.6/ 14.86
SER481 2.795| 23.09| 15.57| 25.41| 17.58 25 16.83] 28.97| 29.85
SER490 2.85] 13.53 16.4| 1539 14.94] 1536 16.78] 15.49{ 16.35
SER499 10.42 9.47| 10.21 8.73 7.32 9.79 8.75 11.7] 12.08
SER508 6.302 6.67 6.5 6.28 6.21 6.6 6l 7.75 8.31,
SER526 4174 11.8] 11.39] 12.61 9.34| 13.11 12.7] 1431} 13.57)
SER544 1.581 3.92 2.8 5.88 5.26 6.89 5.38 6.54 6.33‘
SERS562 7.044] 2258 15.26| 33.97f 27.01| 42.96 20| 46.76] 31.98
SER571 3.249] 14.74] 14.04] 14.83] 12.35| 10.54 8.11] 10.55 9.29
SER580 0.94 0.86 0.76 1.53 1.45 2.26 2.45 2.93 3.14
SER589 0.585 3.67] 138 5.51 2.64 6.78 5.88| 8.09 7.44
SERS598 1.719] 6. GQH 5.55 8.26 6] 10.56 6.92 13 8.11
SER616 5.214 4.28 436 4.48 413 5.62 4.26 5.91 5. 5!
SER625 0.045] 21.79{ 15.25 20.21 13.5 21| 1451 21.27] 16.76
SER634 8.687| 16.27| 11.97| 16.22| 13.19| 17.18| 15.65| 16.61 14.43
SER643 2262| 19.4] 11.54 20.25f 13.71| 18.56] 10.68| 16.15 8.12
SER652 2.688| 18.63] 18.91| 17.62] ' 15.9| 18.64] 16.16] 15.45] 12.12
SER661 1334 15.57] 12.68] 16.19] 13.28 15.6f 17.28/ 15.63] 13.67
SER670 1.982] 17.58| -16.01| 23.44] 11.96/ 24.51| 1571 2299 21.45
SER679 3.197 41.6] 19.74] 63.66/ 47.01| 45.18] 47.79] 31.26] 29.63
SER688 1.698 8.8 7.44] 10.65 9.39] 11.36/ 10.48[ 11.13 10.9
SER697 4.136 1.46 0.75 1.51 0.69 1.81 1.14 1.63 1.04
SER706 1.963 417 3.19 5.57 4.53 6.9| 6.56] 9.04 8.36
SER715 4.89 579 27.88 59| 47.02] 73.91| 4571 67.83| 4275
SER724 4213 1875 20.87f 22.74] 21.53] 19.06| 17.74] 20.91] 17.07
SER733 2.226f 1706 8.29] 19.06f 13.38 1755 11.82] 16.07 8.46
SER742 0.634 2.11 1.54 2.46 2.02 2.65 2.32 2.46 1.85
SER751 3.18 6.72| 5.76] . 8.62 8.79 7.26 6.27 8.16 7.05
SER760 1.13 9.52 6.92 9.36 8.32] 10.46f 10.32 9.68 9.2
SER769 1.86 9.48 9.06f . 9.03 6.09 9.94 7.09 10 10.5
SER778 0.409 4.36 424] 443 3.83] ' 5.05 4.26 5.73 4.88
SER787 1.074 282 2.31 3.46 2.58 2.99 2.67 2.99 2.35
SER796 1.545] 17.79| 20.57 15.25| 16.22] 15.31 14.7] 13.95| 12.95
SER805 3.534 2.5 2.7 3.82 3.58 4.7 5.01 5.2 5.27
. SER814 0.198 1.05 0.88 1.15 1.07 1.32 1.07 1.38 1.19
SER823 5.102 0.84 0.78 1.05 0.9 1.45 1.24 1.76] 1.35
SER832 0.281 248 2.41 3.36 3.25 4.08 3.74}- 477 437
SER850 0.059] 6.32 4 13.02] 10.58] 11.24 7.7 1232} 10.09
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TABLE 6 CONTINUED..

series model |y+1 y+2 y+3 y+4

error _{mape |m-ape |mape |m-ape |mape . |m-ape [mape [m-ape
SER868 0.134] 10.92 7777 11.76] 10.27] 10.84 9.33 9.55 6.73
SER877 4146 3.75 2.98 3.77 3.19 3.69 2.54 3.38 2.19
SER886 0.127] 26.05 25.37| 29.84| 29.72| 32.01] 32.44| 34.58 35.23
SER895 0.092 8.1 6.15 9.47 745 11.93] . 9.28| 14.77| 1295
SER904 0.699| 3.55| 3.18] 3.41 3.79 3.19 2.78 2.76 2.47
SER913 0.7] 47.64] 34.52| 46.65| 36.21] 50.37| 55.84] 55.26 65.4
SER922 1492  8.35 9.4 10.6] 10.24] 11.85 9.58| 1246 11.03
SER931 0.08] 28.07] 21.57| 28.24] 22.87| 26.43] 22.23] 17.86| 16.43
SER940 0.134] 17.52 13.33| 19.57 15.4f 20.99] 14.73] 40.51| 14.75
SER958 0.418| 19.71| 20.62| 17.16] 16.18 11.4 7.34 14.6 9.98.
SER967 1984 21.33| 23.76f 19.85| 21.41| 17.43] 13.19| 24.28] 20.75
SER985 0.17] 38.99] 23.46] 43.55| 23.26/ 36.34 19.1] 79.74] 22.25
SER994 0092 9.12 6.5 83 7191 1026 6.98 9.13 7.05

mean 13.8f 10.87] 15.31 12.1] 15611 12.66] 16.67[ 13.06

stdev 11.79 8.21] 13.34| 10.06] 13.66] 10.96] 15.59] 11.06




TABLE 7

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 6
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 12-12-6

series model [y+1 y+2 y+3 y+4 y+5 y+6
error_[mape |m-ape |mape |m-ape [mape |m-ape |mape |m-ape |mape |m-ape [mape [m-ape

SER391 0.262| 18.47] 6.87 26| 5.98] 39.85| 22.12] 35.97| 15.99] 34.98| 16.32] 25.02| 14.61
SER400 7318| 9.13] 8.71] 12.04] 10.09] 11.23] 8.93| 10.55| 7.67 83| 781 997 8.95
SER409 4995| 29.09| 26.4] 28.39] 19.95| 26.71] 16.33| 31.01] 16.68| 31.59] 17.8| 25.49] 21.04
SER418 4618 17.11] 7.26] 23.1] 21.89] 21.7| 20.73| 18.94| 19.68] 16 84| 14.95] 15.77| 11.62
SER427 6679 9.5] 10.46] 9.58 7.71 10.28] 9.29| 10.5] 8.14] 10.57{ 10.37| 10.77] 8.74
SER436 6.059] 232 238 3.01] 3.55| 3.73] 4.26] 4.49| 4.48| 524 546] 569 5.61
SER445 3894| 13.99] 11.68] 15.58| 12.8] 16.89] 18 07| 18.55| 20.59| 18.71] 19.62] 20.11| 19.69
SER454 2678 935/ 6.45| 10.2 9.42| 881 9.04{ 10.63| 10.21| 11.45] 11.91] 13.18] 13.41
SER463 7801] 6.89] 5.79]  6.82} 6.71] 10.35] 8.68] 10.85| 9.62| 10.47] 1035 9.93 8.5
SER472 3888| 21.35| 19.82| 20.92| 2081| 20.64| 17.4] 19.82] 17.71| 19.33] 17.39| 20.51| 17.17
SER481 3362] 3061] 16.53] 23.63| 18.4| 22.95] 20.15| 27.11| 269| 21 84| 16 65| 22.47] 26.25
SER490 3.261] 16.01} 18 27| 18.09] 16.91} 17.31] 18.91] 18.09] 17.84] 20.07] 20.3] 19.89| 19.76
SER499 1286 11.08] 1046] 9.58| 9.88] 11.53| 1101 11.71] 10.82| 12.5| 11.78| 14.14| 12.62
SER508 8479 6.39] 532 8.04] 7.89 827 9.04] 8.31| 9.04] 9.15] 10.25 9.35| 11.05
'SER526 5877 11.26] 9.03| 13.25| 10.15| 14.07] 12.78| 12.6] 11.86| 14.23] 13.44| 12.73| 10.59
!SEF|544 2886 4.06] 3.02| 6.17| 6.79] 7.47| 6.32| 7.52| 6.64] 7.39] 737 7.24] 7.34
SER562 8.727] 27.5] 22.58| 35.91| 29.64| 41.77| 34.67| 57.59] 52.3] 64.84 53| 58.86] 51.51
SER571 3.764| 1628| 13.57| 17.67| 20.12| 13.65| 8.15| 13.72| 12.53| 10 41| 11.07| 9.22] 9.61
SER580 1089 083 063] 131, 105 1.86] 1.86] 257 247 3.09] 293] 3.59| 3.05
SER589 0.766| 483 236 52| 4.42| 515 537 5.09] 4.36] 6.42| 657 8.68] 8.23
SER598 2467 5.59] 5.02| 6.48] 582 8.47| 8.66 9.7 7.67] 11.82| 6.68] 13.68] 8.04
SER616 6973 4.51| 397 487 5.16| 4.49| 3.77{ 476/ 4.67 531] 5.29 5.6 52
SER634 11.79] 14.75] 9.19] 13.77| 10.85] 12.87| 10.75| 13.72] 12.35] 15.91| 13.46| 14.17| 126
SER643 2866] 21.34] 11.15] 21.31] 14.26] 20.73 13] 17.7] 9.98| 17.45| 15.74] 18.62| 11.24
SER652 3813| 19.33| 16.63| 18.19| 14.4| 18.9| 17.98| 17.43| 17.7| 13.86] 8.53| 16.84| 17.46
SER661 1.954| 16.1] 10.91} 16.21| 13.68] 15.36] 13.03 15] 14.68] 14.43] 13.47| 18.16] 15.83
SER670 3.119] 17.4] 19.39] 2457 16.7] 25.58| 20.29] 23.88] 18.34] 23.12] 20.06] 26.99]| 26.46
SER679 4.125] 61.54] 21.24] 70.54] 453| 68.63] 4552 55.9] 42.6] 37.06] 23.39] 43.97| 24.31
SER688 2248] 9.95| 6.88] 11.64] 9.17] 12.64] 12.12] 13.03] 129| 12.16] 11.28] 12.18] 12.59
“ER697 5.081 1.711 0.97] 1.78| 1.24] 1.81] 1.01 1.6] 0.86 18] 1.72] 1.73] 1.23
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TABLE 7 CONTINUED..

series model [y+1 V+2 Y+3 y+4 y+5 Y+6
error_|mape |m-ape |ma| E§ m-ape |mape |m-ape |mape |m-ape [mape |m-ape |mape |m-ape
SER706 2568 3.41] 1.88 1.76] 4.78] 3.33 6.6] 6.35| 8.35| 866] 9.01| O. 27
SER715 6.409] 36.08] 21.63 63 32 25.82] 59.86] 29.43| 77.25] 47.69| 54.18] 46.43] 53.18] 31 86'
SER724 4.679] 19.27] 18.99] 19.5| 14.8| 18.88| 13.13| 20.17] 18.84| 19.83] 19.15] 21.74| 21.75'
SER733 46611 16.6] 7.13] 13.82| 847 129]| 6.41| 17.22] 9.07{ 16.34 8.1 14.12] 4.83
SER742 0959 233] 187 2311 187, 237, 1.68] 211} 1.63] 2.71| 231] 3.16] 2.85
SER751 4455 6.66] 6.26] 8.39| 9.03] 8.73| 8.74] 9.13| 8.67| 8.06/ 698 631 5.52
SER760 1492| 10.88] 1259 9.31| 795 7.78] 4.91] 10.99] 10.25| 11.28] 9.44 11 8.66i
SER769 3459] 852] 991} 9.19] 548| 11.11} 10.32] 10.31] 12.55] 10.99] 12.39] 10.7] 10.35
SER778 0.426 45| 485 3.69| 339 442 427 534 471 6.06] 549 6.51] 7.22
SER787 1.734] 395/ 3.27| 389 346| 3.46] 2.88] 3.48| 259 3.64] 282] 3.07| 218
SER796 2126| 17.5| 18.99| 15.14] 12.44| 16.97| 15.84| 15.29| 14.04| 15.45| 15.75| 15.4] 16.49
SER805 4857 211 241 3.5 '3.28| 4.83] 4.72| 6.07| 596/ 6.98| 7.48| 7.47 7.9
SER814 0274 1.47] 142} 149} 143 1.7] 1.64] 187 '1.96] 198 186] 193] 1 78
SER823 6.661] 0.67| 0.61] 0.96 0.7] -1.38] 0.98] 1.88| 1.37| 253 19| 3.11] 234
SER832 038 236 234 331] 3.15] 4.24] 4.02| 512 486] 6.06] 579 6.82] 653
SER850 0.67] 9.13] 7.96/ 11.13| 8.62 98| 7.49| 1236] 9.08f 10.99] 8.23| 10.22] 6.01
SER868 0.297| 11.03] 6.43| 13.38| 10.2| 10.77| 8.97| 11.26] 893| 11.3] 9.27] 9.57| 8.28
SER877 6143 382 297| 3.44| 272] 3.88] 3.12] 3.35] 239 3.53], 293 28] 232
SER886 0127] 20.53] 20.41] 23.8] 23.95| 28.64] 28.67| 31.36] 34.5| 33.47| 38.28] 35.14] 40.18
SER895 0 087 7.7 78] 749 492 869 6.04] 10.85| 847| 13.64] 12.38| 1591| 15.27
SER904 1.052| 3.21} 275 3.11] 2.84] 3.54 35| 331} 297] 253 279 2.69] 253
SER913 1025] 43.3] 31.37| 48.17] 44.79| 55.57| 54 84| 54.75| 57.06| 51.8] 61.61] 56.16] 64.04
SER922 226} 711 752 10| 9.76] 12.25] 11.54] 14.6] 14.67| 18.24| 16.04| 18.76] 15.52
SER931 0.199} 15.16] 16.56| 41.89| 27.46] 44.41] 36.04| 42.31| 29.41] 15.34 9.4| 51.77] 39.15
SER940 0.249| 28.11] 31.65| 26.81] 15.01] 20.67] 18.4] 18.86] 18 06| 30.79] 16.78] 81.19| 58.68
SER958 0.845] 24.97| 27.86] 28.08| 30.59] 15.08| 9.93] 15.09| 10.12] 17.07| 14.58] 17.95| 14.71
SER967 2347 20.11] 21.33| 22.63| 23.87] 32.88| 38.33| 35.14| 38.75| 34.22| 33.74] 29.31| 28.18
SER985 0.152] 31.99] 18.85| 37.47| 30.33] 51.73| 35.52| 95.83| 19.74| 72.81] 14.67| 68.14| 15.98
WSER994 0.124] 13.46| 11.48] 24.63| 12.99] 15.54] 11.99] 15.05| 10.02] 10.01 9] 9.44 7.8
mean 13.8] 10.88] 16.05] 12.4] 16.62] 13.49] 18.06] 14.27| 16.79] 13.72| 18.26] 14.96
stdev | 11.56] 8.18] 14.43] 10.15] 1521| 11.58] 18.4] 12.52| 14.96| 11.77] 17.17| 13.34
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TABLE 8

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 8
STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 12-12-8

senes model [y+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8

error |mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape
'SER391 0.179|] 1298 5.12| 36.11| 18.6| 48.99| 28.25| 32.24| 11.93| 33.13| 11.85| 34.43| 14.81]|-30.07| 23.24] 30.81| 25.68
SER400 8.3] 1241] 993| 14.68| 14.67| 12.77] 10.65| 11.68] 9.22| 11.8] 8.87| 11.34] 12.44| 11.84} 12.66| 11.76] 10.98
SER409 6.487| 25.03| 24.09| 30.45| 25.64] 29.25| 17.52| 28.57| 19.79| 24 33| 14.43] 30.05| 23.03] 28.93] 22.29] 30.32| 27.16
iSER418 5.929| 18.14] 15.78] 13.98 6] 1478 7.69] 15.19] 10.18] 18.04| 13.13] 13.5| 11.29] 125] 9.71] 13.89] 9.11
SER427 8.589| 10.93| 753| 9.77] 10.13| 10.08] 10.9] 10.16] 9.77| 10.75] 9.39] 11.31| 10.34] 10.76] 10.79] 10.05{ 9.73
SER436 6.459| 2.14| 232 3.08/ 3.39] 387 4.39] 4.53 53| 541| 542] 6.16] 6.02| 6.75| 6.64] 7.24f 6.83
SER445 4584| 14.61] 10.71] 17.36] 14.39] 16.29] 17.91] 18.68| 18.41] 1986] 21.23| 18.32| 19.93| 21.45] 19.64| 22.27| 24.26
SER454 3291 111} 1056| 1296| 13.47| 1246| 1335| 10.77| 11.55{ 10.77} 11.3| 12.26 13.33| 10.55| 9.42] 12.16{ 10.06
SER463 7935 4.71] 4.07f 6.78/ 594, 733 8.05 7.79] 8.51] 10.01] 9.73] 11.04] 10.29 12.6l 10.96| 14.09f 12.52
SER472 4.679] 18.13] 16 95| 23 25| 23.23] 24 29| 27.31] 22.7| 22.93] 2277] 19.74] 21.77| 20.36] 22.19] 19.15] 20.93] 19.53
SER481 3.494| 39.41] 19.75| 35.58| 20.16| 41 51| 2296] 31.1| 30.65] 20 85| 22.42] 22.78| 21.92] 23.42| 21.36| 21 69| 17.08
SER490 3.689] 14.25| 19.74| 16.74| 16.63| 17.61| 19.92] 19.1| 20.04] 20.57] 20.17] 20.41] 20.91] 22.35| 23.16] 20.76] 21.99
SER499 13.84] 11.63| 13.27| 11.45| 11.27] 12.68]- 12.04{ 12.86] 13.5| 14 21| 14.74] 14.22|-14.99] 15.99] 15.3| 17.36| 17.63
SER508 9.518| 8.52 8.6 9.62| 8.83] 891] 849] 9.74] 10.68| 10.54] 11.28] 9.61| 10.47] 11.01} 11.7} 13.08] 13.51
SER526 6.175] 11.17] . 6.6] 13.31 9.1] 12.02] 8.55| 12.64] 10.37| 12.42| 14.55| 14.22] 14.11] 13.45| 14.43| 14.93] 13.41
SER544 3.129] 745/ 6.05] 9.29] 9.31| 9.14] 893 8.38] 7.96| 865 9.33] 9.11| 10.77 8.4 8.47 8] 7.41
SER562 11.08| 24.69| 25.44| 39.78| 33.83] 41.91] 30.52| 46.96| 40.63| 52.97| 56.88| 68.48| 57.35| 75.44| 65.69| 66.59 59
SER571 3.777| 16.19| 16.49| 19.22| 20.11| 18.29| 1872| 17.16| 13.81| 1565| 15.75| 12.83| 13.13] 11.3| 11.27| 11.2| 10.53
SER580 1.07] 1.08f 121 1.26] 1.16] 1.57 19| 193] 181 256] 258 3.11] 254f ' 35| 2.74f 388} 3.03
SER589 0.773] 5.16] 246| 503] 3.62| 3.01| 1.82|- 428, 3.74f 6.09] 6.21} 8.02| 7.52] 9.58] 11.83] 10.49]| 9.03
SER598 3.358] 408 273] 506/ 5.33] 6.11| 631} 6.87] 6.95 8.77] 8.59 9.9 771 11.92] 7.07} 1358, 7.84
SER616 859 4.77] 4.41] 4.66| 3.41] 4.41| 3.87 56| 544 489] 4.52] 475/ 4.83] 559 5.32] 529 5.11
SER634 15.16] 11.39] 9.19| 11.56| 10.16{ 12.72| 12.03] 12.04]| 11.78] 10.45| 9.25| 13.25| 12.58] 14.3| 14.57| 13.34] 12.37
SER643 3693| 23.37| 16.38] 223| 17.47| 21.42] 14.69] 17.76| 12.05| 1793] 9.09] 17.81] 12.63] 21.75] 18.25] 18.99] 11.3
SER652 5.34) 15.22| 14.45] 19.82] 13.73| 19.18] 16.68]| 17.25] 20.25| 16.91] 15.46| 18.15] 17.86] 21.4] 19.53| 18.96] 19.61
SER661 2.363| 14.38] 8.68| 14.51| 10.07] 14.46] 11.71| 14.82| 13.18] 14.65 12| 16.6] 12.99] 16.14] 10.58| 18.78] 15.14
SER670 3.833| 20.84] 22.19] 21.64| 21.26] 22.46] 24.06] 24.77| 21.17] 24.49] 22.94] 28.88| 28.66] 26.71] 29.21] 27.92| 29.52
SER679 4.579] 55.52| 45.41] 80.52| 65.67| 77.24 54| 66.07| 37.56] 71.11| 35.08] 69.17] 32.89| 49.82| 17.51| 48.89| 36.58
SER688 2.505] 10.76| 8.41| 13.26] 10.75| 14.73] 11.49] 14.44] 129| 1264] 12.1] 12.26] 11.52] 12.83] 12.32| 13.56| 10.86
SER697 5904 193] 1.73 1.69] 1.16] 222 1.66] 1.96 1] 1.58] 098] 1.63] 0.87] 223 221] 227] 1.91
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TABLE 8 CONTINUED..

series model [y+1 y+2 v+3 y+4 v+5 V+6 y+7 y+8
' error |mape [m-ape [mape |m-ape |[mape |m-ape [mape |m-ape [mape |m-ape |mape |m-ape [mape |m-ape [mape [m-ape
SER706 2954] 2.93| 223 3.1l 206] 3.39] 251 4.42| 343] 5.73] 5.81] 6.56] 5.72| 8.08 7.18] 8.91| 10.14
SER715 6.171] 33.42] 11.74] 38.54| 13.68| 59.35| 16.37| 69.66] 35.38] 58.89| 27.97| 58.44| 47.78| 46.88] 35.4] 45.2| 29.28
SER724 4.883| 17.25| 11.49| 16.76] 14.01] 15.89] 14.58| 18.88] 15.33| 20.2| 18.85] 19.71] 13.92] 20.66| 19.71] 20.49| 16.49
SER733 3991f 855/ 528| 8.84| 7.44| 15.02] 8.18] 14.89 86| 13.44] 6.71] 16.61] 9.25| 14.69| 7.57] 16.29| 7.26
SER742 1.023] 236] 206 23 18] 262 211 277 228] 277 3.04f 246 1.49| 358/ 3.69] 3.59| 4.01
SER751 5.298| 5.68] 4.08] 7.68 8.88| 7.63] 7.34f 876| 7.02, 8.87| 10.01] 838] 7.44f 8.93] 874 9.01] 9.19
SER760 2.101| 11.69] 9.75| 12.06] 12.56] 9.41} 11.12| 10.88] 957| 10.71| 9.27| 11.58| 10.44| 10.12] 10.12] 9.28] 8.78
SER769 4.798 82| 6.85| 9.59| 8.14| 855/ 5.08] 10.03] 11.56] 10.4| 9.38| 10.47| 8.27| 10.09| 8.85| 10.76] 9.74
SER778 0.196] 5.59] 5.96] 4.85| 5.11| 4.26] 4.45 442] 435 541 508 6.08) 654, 666] 799 7.27| 8.69
SER787 2419 4.28| 3.62| 4.45| 477 465 532 405 3.56| 3.67| 3.01| 4.06] 435 427 435 4.14[ 4.69
SER796 2.657] 19.71] 20.75] 18.37| 20.35] 15.93| 12.74] 15.19] 1253| 15.22| 15.1] 17.65| 16.38| 12.82| 12.48| 13.72| 12.66
SER805 5871 257 287] 381 3.62] 502 512 6.18] 593] 697 7171 7.79| 7.78| 8.79] 8.72| 10.17| 1074
SER814 0.123] 238} 2.18 22| 211| 253| 244 2771 274, 298] 3.16| 314| 3.16| 275 28 2.6] 259
SER823 72211 0.69] 051 091 052 127} 085 1.62| 1.02] 2.07] 134 257 1.66] 294 1.644 328 1.96
SER832 0.652] 251 251 337 3.24] 423] 4.07] 513] 5.03] 6.07] 6.03] 7.02| 6.95| 7.86] 7.82 86| 838
1SER868 0.297| 12.14| 6.88] 14.69] 10.65] 13.78 9.7] 12.52] 10.34] 11.12| 8.43] 10.82 89| 8711 6.85/ 851 579
SER877 8.283 3.7 298| 355 225 435 3.14 3.8 3.55| 452] 4.22] 325/ 2.03] 389 284 331 217
SER886 0.117] 17.59 19| 20.91] 21.9| 23.06| 23.8 26| 29.11| 29.36 35.84| 32.02| 38.49| 33.66| 40.02| 34.9| 41.87 .
SER895 0.079| 7.85| 6.65| 831 7.86] 861 506 9.28] 6.12] 10.71| 8.14 13] 12.58| 15.27] 15.07| 17.23] 19.38
SER904 1.376 3.1 237 3.01] 3.02 34] 292 4.08] 3.14 4 3.23] 3.22] 298| 229 27| 278 2.7
SER913 1.2] 43.54| 37.36] 45.06| 36.58| 47.77| 41.62| 58.02] 60.82] 56.29| 57.99| 53.86] 58.4] 55.79] 58.78| 62 53| 62.47
ISER922 25.18| 7.22| 5.62] 12.02f 12.8] 13.76] 1268| 14.8] 1487] 1922| 18.38/ 21.8f 17.76] 23.6| 19.66| 25.61| 23.14
ISER931 0.1] 1846 11.27] 13.46] 10.53| 42.61] 20.84] 56.2] 42.3| 37.26] 32.84| 59.35| 51.06] 45.6] 19.49] 34.47] 28.0R
SER940 0.194| 20.12] 14.82] 22.19| 14.93] 22.11} 23.17| 32.09] 23.86] 41.83| 28.05| 50.83| 34.89| 84.97|# 82.79] 86.64.
SER958 0.985] 31.24| 34.18] 34.55| 34.23| 23.32| 25.86] 18.7| 14.44| 16.68{ 7.19| 1686] 6.19] 18.35 6.8] 19.97] 12.82
SER967 1.983| 23.21] 26.93] 27.9| 3291] 33.74| 40.06] 44.2] 50.37| 47.21] 52.84| 48.27| 54.84] 47.71| 52.95| 46.02| 49.87
SER985 0.116] 27.19] 14.72] 36.98] 26.25| 36.62] 27.72| 55.55| 21.43| 86.77| 15.91| 84.25| 17.75| 68.99] 13.5] 51.4] 15.44
SER994 0.096| 14.46| 12.09] 14.92| 13.61] 23.88] 18.95 35.86| 27.31] 25.97| 17.59| 24.45| 23.8| 20.69| 19.32| 12.68] 9.74
mean | 13.61] 11.16] 15.85] 13.18] 17.21] 13.69] 18.25| 14.81] 18.61] 14.68] 19.83 16.19 19.71] 16.78] 19.29] 16.95
stdev | 11.13| 9.48| 14.13] 11.37| 15.65| 10.99] 16.83] 12.69| 17.76] 12.7] 18.89] 14.25] 18.37| 17.21| 16.92| 16.06
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TABLE 9

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 12
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 12-12-12

series model [y+1 v+e y+3 Ty+4 y+5 y+6
error m@eL m-ape jmape m—gpa map_e m-ape mape_ m-age‘ maEe m-aEe m_a_Ee
SER400 [ 9.881| 7.59] 3.92| 8.086] 561] 59| 3.38] 10.54] 8.76] 11.72] 6.74] 10.47
SER409 | 7.713| 22.32| 20.71| 26.84| 22.95| 29.12] 19.8| 29.13| 28.37| 30.89| 24.54| 29.83
SER418 | 6.784| 20.07| 12.15| 17.46| 14.8] 14.01| 8.68| 14.77| 9.25 14.98| 11.37| 10.41
SER427 | 10.35{ 9.62| 7.68| 8.19] 7.83| 8.38| 10.25| 9.5/ 10.32] 12.18| 11.62| 12.77
SER436 | 10.49| 1.91| 229 258 2.14| 3.01] 3.16| 3.69| 3.82| 4.71| 5.01| 586
SER445 | 5.649| 20.35| 18.18| 19.27| 16.32| 18.05| 21.51] 19.59| 20.99| 21.72| 24.55| 22.02
SER454 | 4.867| 14.31| 16.72| 18.92| 19.91| 11.17| 10.95| 9.56] 9.43| 13.18| 14.53| 14.6
SER463 | 19.45( 537| 4.13| 678/ 678 7.62( 6.28/ 977 10.51) 11.13f 1274] 102
SER472 | 5.724| 24.16| 17.23| 25.96| 25.01| 20.65| 14.76| 17.88| 12.63| 20.95| 18.06| 24.2
SER481 | 3.208| 32.11| 18.68| 33.98| 24.6| 41.16| 24.77| 47.62| 25.2| 35.69| 18.83| 34.84
SER490 | 5.528| 19.69| 19.43| 21.65| 24.65| 20.6| 20.34| 18.04| 19.91| 19.3| 19.84| 22.02!
SER499 | 15.04| 13.89| 12.16] 13.06] 10.3| 14.59| 12.82| 17.04| 18.05| 18.99| 18.33| 20.04
SER508 | 10.92] 11.43 13| 11.81] 13.02| 12.25| 13.06| 14.13| 15.59| 14.35| 14.71] 13.29
SERS26 | 7.247| 11.65| 4.24| 16.77| 11.28] 17.28| 11.09| 13.21| 9.37| 11.35 11.3| 11.52
SER544 2.82| 9.91| 11.13| 11.34| 12.26] 11.9| 13.26| 11.28] 10.46| 11.37| 11.01| 10.69
SERS562 12.3| 35.19| 25.2| 48.24| 45.65| 51.88| 46.76| 65.88| 68.56| 79.52| 80.57| 82.29
SER571 | 2612 19.32] 19.35| 21.67| 20.45| 20.02| 19.76| 18.74| 17.21| 19.54| 18.51] 19.07
SER580 1.13| 1.28| 1.47| 1.48] 1.71| 1.49] 149 1.4 1.15| 1.39] 099 1.49
SERs89 | 0.765| 6.6 7.52| 9.16| 10.93| 822 10.46] 889 9.02| 791 997| 625 °
SER508 | 5625| 3.85| 3.58| 3.38| 272| 343| 276 3.52| 3.05{ 4.64] 3.19| 5.08
SER616 | 10.75| 3.27| 1.27| 4.28| 3.16| 4.05| 34| 452 37 512| 4.69 495
SER634 | 18.19| 12.66| 7.68| 12.79] 10.1| 11.44] 10.77| 11.38| 11.01| 11.39] 9.95| 11.32
SER643 | 4.414| 24.15| 13.4| 25.56| 17.62| 26.38| 12.34| 23.73| 17.77| 22.16| 13.39| 18.57
SERe52 | 7.478| 12.56| 13.75| 15.82| 15.72] 12.63| 7.32| 13.82| 15.6| 13.39| 13.58| 17.97
SER661 | 2.935| 20.13| 6.39| 13.46| 4.45| 13.33| 7.15| 13.9| 10.26| 14.59| 13.06| 13.67
SER670 37| 20.92| 26.21| 21.65| 23.51| 20.58| 23.77| 21.35| 23.29| 21.83| 20.94| 25.43
SER679 5.31| 80.76| 96.65| 95.85|# # 87.13}# 81.18| 95.97| 72.44| 98.61
SER688 | 2769 6.08| 4.28] 12.91| 10.05| 17.51| 17.19] 16.51| 14.58| 15.82| 10.24| 14.95
SER697 | 6278 243 207 24| 227, 19| 128 296 272 247, 25| 237
SER706 | 2.691] 222 208 1.7 1.47] 273| 233 299 209 325 285 3.11
SER715 | 10.55| 45.38| 18.73| 34.03| 33.67| 34.21| 31.3| 49.52| 34.26| 43.28| 46.54]| 46.39
SER724 514 17°86]" 1SS 15 18:36] 15747] 1979} 15:5] 21.96] 20-12 23.26| 22:23| 21.69
SER733 | 4.031| 977 58| 1054 7.11| 10.29] 69| 825 596/ 9.01| 5.18] 895
SER742 | 1.352| 3.03| 254 25| 247 3.42| 3.34 289 212 3.28| 263 262
SER751 | 5502| 6.58| 5.85| 538 395 569 3.78| 7.58| 6.44| 852 6.86 7.74
SER760 | 2.692| 11.4] 11.87| 13.08| 13.11| 13.15| 12.17| 10.74| 10.45| 10.62| 10.07| 11.67
SER769 | 4827| 558 581 7.16| 6.09] 8.16| 5.66| 11.76| 11.25 10.78] 11.61|.11.23
SER787 409 55| 589 539 488 582 69| 564 56| 63 6.16] 6.24
3ER796 | 3.322| 17.98| 17.32| 19.84| 21.03| 16.46]. 17.42| 20.36| 18.93| 15.63| 13.58| 13.18
SER805 | 7.164| 28| 287 3.73| 3.66| 455 4.1 571 553 673 7.011 7.64
SER823 | 9886] 0.71] 06| 099 073 1.33| 0.88 1.77] 1.1 218 1.39| 263
SER832 | 1206] 2.41| 237| 3.29| 3.29| 4.11| 4.17| 489 507 577 6.09] 6.65
SER877 | 10.36| 3.71| 3.22| 3.52| 287 284 208 344 274 34| 3.04] 36
SER904 | 2533 258 1.92| 3.97| 4.12| 3.02| 3.06| 3.85| 3.87| 4.54| 4.43| 3.57
SER913 | 0.997| 69.68| 67.37| 51.29| 25.16| 48.68| 32.89| 47.41| 45.93| 48.99| 58.66| 57
. SER922 20.1] 75| 827 10.13| 10.77] 12.56| 12.36] 13.78| 13.29| 15.66| 16.04| 17.22
SER958 | 1.18| 42.56| 44.2| 42.55| 44.58| 39.14| 41.35| 21.71| 15.95| 22.56| 14.1| 23.68
SER967 | 1.792| 22.91| 26.91] 25.8| 32.16| 38.56| 43.74| 50.98| 51.55| 55.38| 56.76| 55.85
mean | 15.7| 13.73| 16.55| 13.24| 14.96| 14.49] 15.91| 15.71| 18.07| 16.51] 18.45
stdev | 16.47| 17.13| 16.85| 11.06] 12.73| 155| 14.49] 16.41| 18.85| 17.59] 19.74
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27.09
66.07
11.38
1.98
2.67
38.3

163
5.87
1.7
6.3
9.9
10.65
6.42
8.93
7.14
2.49
7.02
3.21
2.36
64.97
17.65
22.73
57.39

10.88
22.66
11.36
12.28
6.59
21.95
13.51
11.06
23.98
35.44
22.1
21.73
13.99
13.13
- 9.52
82.39
21.29
1.9
6.44
6.51
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9.92
23.29
20.1
25.44
20.71
12.76
15.77
11.04
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6.07
4.94
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20.73
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12.24
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3.82
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4.25
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64.29
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15.89
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7.01
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21.65
20.63
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57.64
13.63
2.1
4.43
48.78
21.4
14.04

2.69
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10.54

9.52

6.2

13.11

9.72

3.36{ .

8.4
3.45
3.06

58.96
23.32
24.39
53.56

- 19.67

11.6
16.95
11.35
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7.07
22.75
11.6
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18.84
21.48
21.73
22
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73.62
19.36
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24.25
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25.37
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27.23
20.75
24.97
17.37

16.7

7.63
74.36
16.09

2.92

8.22

8.45

58
13.99
20.51
21.87

290.23

12.82
21

3.84
27.78,

6.48
57.1

20.31
5.1
21
6.87

11.41
8.13
6.44

10.82
9.93
3.88
8.65)
2.91]
291

62.66

23.49

33.72

55.26

12.99
2.58
9.71

10.49

11.05
6.28

10.84
3.71
9.31
3.55
3.156

63.12

22.31

24.61|.
526

16.96|

61.44|

21.58|

13.69¢-

9.32
20.73
9.9

8.04
23.2
9.57
12.25
16.5
26.43
22,51
26.27
17.49
16.31
7.85
70.83

2.24

6.97
6.53
12.29
13.12
20.68
10.09
31.19
29.61
11.51
1.74
6.39
45.97
21:06
7.4
1.83

' 9.28
8.96
7.55
7.31
13.27
11.27
14.06
9.63
3.62
2.54
63.2
24.63
34.29
54.53

15.23]

7.35|

10.81
28.41
14.75

8.28
26.2
15.17
15.32
19.83
23.16
21.39
246
18.16
18.8
7.51
76.67
15.35
3.43
8.86
9.4
5.1
14.15
17.62
19.87
15.3
31.87
62.84
12.49
273
8.11
63.35
23.08
15.89
278

967
12.51

14.62
12.09
4.13
10.1
3.19
2.98
60.32
229
25.32
51.44

8.13|

8.11|

7.2,

7.32
17.69
14.36

7.41

8.26

25
16.31
10.46
15.38
189
22.07
24.84
18.22
19.19

7.34
77.03
12.91

2.79

7.61

7.45

5.03
15.75

10.8
17.03

9.03
34.06
35.23
11.73

2.37

8.75|

54.07
20.67
9.52
2.58
5.6
10.22
10.97
7.51
12.69
12.48
5.42
-10.18
2.06
2.18
65.61
22.64
30.07
54.53

16.09

17.16

18.02

16.91

16.13

16.44

17.85

15.99

16.03

18,51

16.89

19.04

14.94

16.67

15.29

17.28

16.97

16.2

11.75
25.98
16.2
7.89
8.23
24.71
17.29
14.7
18.54
. 26.1
19.64
267
185
18.64
7.34
71.47
14.53
3.68
8.97
11.43
6.09
14.76
17.66
21.18
18.83
29.72
58.68
11.89
42
8.35
45.37
21.39
16.06
2.76
7.41
7.78
13.35
6.79
14.3
13.43
462
10.94
2.77
3.23
66.79
23.14
25.9
| 50.98

10.24
18.89
14.27

7.44

24.57
15.75
14.49
15.33
20.68
23.42
28.53
20.67
20.71

7.7
50.63
12.35

6.52
7.83
5.63
13.63
12.62
19.88
11.24
30.62
35.08
10.55
3.83
9.69
13.71
1541
8.19
2.55

6.33
1213
7.3
13.2
13.95
5.98
10.76
1.98
2.93
72.96
22.71
30.32
53.65

11.46
26.38
13.62

7.23

25.09
14.32
12.08
19.53
22.48
17.99
271
19.16
18.23
7.26
67.78
15.06
3.99
9.65
13.71
6.05
14.02
15.18
17.69
19.73
32.33
61.82
13.33
4.22
9.21
58.93
19.61
14.75
3.16
7.26
8.2
12.35
7.14
13.3
14.34
4.96
11.67
284
3.59
68.25
23.65
25.69
50.27

9.57
23.36
9.77
5.28
7.77
26.54
13.08
12.06
16.1
18.39
20.02
26.65
19.52
18.1
753
55.43
14.17
3.1
7.57
7.31
5.39
13.57
9.28
12.9
15.32
32.98
44.68
10.06
295
10.37
33.96
14.6
8.21
2.92
6.75
7.84
11.41
7.4
10.62
14.42
6.21
11.32
2.01
3.33
74.95
24.27
29.73
51.23

18.76

15.78

16.33
13.87

18.83
16.37

16.67
14.83




TABLE 10

'MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 18 STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 12-12-18

series  |model |y+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8 y+9

‘ error |mape [m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|{mape |m-ape|mape |m-ape|mape
SER391 0.04] 4.60] 4.60| 18.10] 18.10| 24.70| 11.66| 41.44| 37.55| 27.21| 18.74] 40.19| 34.63| 35.31| 26.34] 61.52| 53.20| 82.52
SER400 | 15.98| 3.34] 3.34] 4.79| 4.79] 9.99| 9.06| 14.00| 11.90| 16.96| 13.69| 14.15| 13.44| 14.60| 14.56| 13.49| 12.44| 15.81
SER409 | 8.79| 12.41| 12.41| 19.66| 19.66] 25.17| 28.87| 42.55| 27.86| 46.28| 36.82| 40.54| 40.72| 34.78] 13.53| 31.23| 9.34| 33.49
SER418 | 4.64| 17.43] 17.43| 12.78] 12.78] 3.91| 0.65| 17.80| 4.38| 21.50| 13 69| 12.49] 10.01| 15.49| 12.69]| 15.15] 8.07| 14.11
SER427 | 14.01y 7.25] 7.25| 9.66| 9.66] 6.77| 6.09] 8.43] 8.78| 10.87| 11.27| 10.86] 8 84| 13.05| 11.19| 12.29| 10.67| 10.93
SER436 | 13.03| 4.90] 4.90] 3.48| 3.48| 3.67| 2.50| 4.52| 4.29| 5.33| 585| -6.24| 6.74] 3.97| 3.89| 7.04] 6.68 8.45
SER445 | 5.76] 20.61| 20.61| 11.80] 11.80} 15.35| 19.90| 17.39] 20.02| 21.72] 23.94| 25.68| 26.12| 27.18| 27.74] 28.46] 25.10| 27.42
SER454 | 6.07] 30.58] 30.58| 25.63| 25 63| 21.63| 21.00| 22 31| 23.51] 24.48| 24.18| 22.39| 23.26| 18.98( 22.93| 12.18| 1287| 10.04
SER463 | 24.44| '2.68| 2.68] 5.23| 5.23| 542| 594 3.42| 3.23| 7.83| 5.61| 8.30| 7.43| 13.49| 12.98] 9.73| 9.83| 6.31
SER472 | 6.86| 27.10| 27.10| 27 76| 27.76| 23.29| 27.96| 21.63| 25.56| 21.42| 21 00f 26.17| 21.69| 24.10| 16.43| 24.05| 20 29| 21.92
SER481 2.08! 19.07| 19.07| 23 86| 23.86| 21.44| 25.36| 18.57| 19.44| 17.47| 11.02| 34.52| 15.19| 34.32| 12.86| 26.97| 17.05| 36.51
SER490 | 6.33| 26.93| 26.93] 19.58| 19.58] 25.21| 23.49| 23.30| 21.86| 23.37| 22.12| 26.30| 25.74| 27.33| 25.23| 28.09| 25.31| 27.87
SER499 | 14.29| 17.51| 17.51| 15 31| 15.31| 15.71| 15.92| 17.32| 16.81| 13.03| 14 29| 17.62 18.78| 19.58| 17.96| 20.17| 18.86| 23.60
SER508 | 11.46] 12.55| 12.55| 14.15| 14.15 15.22| 14.53| 16.33| 16.27| 13.8€| 16.44| 14.94| 17.09| 15.62| 16.97| 17.92| 19.58| 18.94
SER526 | 8.68] 7.95| 7.95| 13.47| 13.47| 13.52]| 12.88| 17.59] 13.36| 17.00| 11.73| 12.46| 6.12| 22.42| 23.80| 25.04] 16.37| 24.31
SER544 1.55| 12.38| 12.38| 14.25] 14.25] 13.66| 14.28] 12.14| 11.96] 13.31| 13.00| 15.16] 15.28| 14.09] 13.59] 15.21] 15.20| 16.77
1SER562 14.63| 73.86] 73.86| 82.46| 82.46] 64.40| 58.80| 67.99| 73.47| 70.27| 68 89| 97.55] 92.07| 98.01] 90.22| 78.94] 74.42| 83.93
SER571 1.90] 25.92| 25.92| 30.65] 30.65] 30.15] 32.02] 32.24| 31.49| 25.40] 26.70] 20.22] 20.03| 22.54| 23.84| 20.12| 20.58| 18.95
SER580 | 0.56| 2.76| 2.76] 2.24| 2.24] 222] 1.99| 2.17| 2.10] 1.63] 153] 0.89| 0.70| 0.90| 0.64| "1.48 1.28| 1.80
SER589 | 0.86] 12.15| 12.15] 11.02} 11.02| 5.65| 4.63] 1.85| 1.93| 488 381| 693} 6.46| 7.39| 8.16| 555 3.43| 4.15
‘SER598 | 8.54| 3.62| 3.62| 4.54] 4.54] 6.81] 755/ 5.64] 591 6.55| 6.38] 521 555| 4.61] 4.87| 535 527| 4.42
SER616 | 14.39] 8.73] 8.73] 7.04f 7.04] 5.07| 4.17| 3.82| 293| 561] 502] 5.80| 5.51| 5.77] 4.03] 5.09| 4.36] 5.66
SER625 | 0.04] 31.68] 31.68] 10.22] 10.22]| 25.50| 25.42| 25.70| 21.65| 29.55] 30.73] 28.78| 29.79| 29.21| 26.63|# 20 41|#
SER634 | 19.79| 30.74| 30.74| 14.08| 14.08| 17.95| 19.13| 14.42| 15.78] 13.45| 13.28| 12.84| 12.83| 13.11| 7.82| 13.76| 12.33| 11.96
SER643 | 3.76] 6.85| 6.85| 15.47| 15.47| 23.98| 18.77| 32.38| 32.28| 32.16| 24.78| 29.75| 20.64| 31.01| 20.67| 26.57| 10.72| 24.43
SER652 | 3.84] 16.13| 16.13] 2.66] 2.661_9.61| 11.92] 7.57| 6.86| 7.27| 5.12| 8.20| 7.53| 14.50| 11.96| 21.91| 21.51| 24.77
SER661 2.64| 6.30| 6.30| 8.66| 8.66] 9.08] 6.33| 14.16| 15.06/ 9.32| 10 80| 15.63| 8.74| 17.39| 13.68| 15.97| 13.41| 21.54
SER670 | 2.67| 28.68| 28.68| 33.13] 33.13] 21.06| 19.94| 22.42| 20.59] 22.82| 22.65| 23.73| 25.90| 20.57| 23.74| 21.77] 25.77| 23.53
SER688 | 2.49| 17.84| 17.84] 14.86| 14.86| 15.63] 17.46| 14.12| 14.57} 11.27] 10.63] 10.87] 11.05| 11.02| 12.90| 16.57| 15.01 22.30,

LL
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14.71

6.35
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25.36
10.71

6.55
16.11
19.39
23.76
26.54
19.60
16.70
16.83
79.69
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1.21

417

3.56
20.84
11.89
14.45
25.68
15.72
25.22
14.55

35.84
15.77
36.06
16.61

9.87

9.02
32.13
12.27
16 04
22.46
34.49
27.16
25.06
21.09
19.08
16.26
91.89
20 59

1.84

4.20

4.04

6.36

#

12.35
21.05
24.33
22.36
24.30

22.46

26.09
14.50
29.01
13.46

7.38

8.56
32.10
16.19
12.16

16.49(

13.11
27.12
26.50
23.40
15.24
16.16
PR
18.24
1.52
3.76
3.54
6.54
33.99
12.90
7.74
26.42
15.03
26.35
14.68

57.29
12.65
27.81
16.33
10.68

9.03
31.35
13.13

8.60
21.33
26.77
25.05
26.76
21.36

18.29]"

12.95
90.60
22.01

2.04
512

5.14

5.99]

#

15.65
20.91
24.24
24.55
26.16

21.98

46.85

7.31
20.25
16.69

931

8.20
33.81
12.43

6.78
14.59
11.12
21.46
26.93
23.13
13.10
13.78
93.57
18.04

203

300

4.96

4.89
29.18
15.32
17.67
25.44
15.91
27.51
14.58

76.21
1152
26.45
1109
9.72
9.33
30.24
16.11
7.91
20 59
26 86
25.47
28.93
22.45

21.00|

9.89
80 51
2370
-2.19

5.1
511

6 60

15.68
18.42
28.08
16.00
25.27
20.33

60.22
8.68
21.47
10.32
7.63
9.47
28.50
18.33
7.87
16.72
16.41
2561
28.83
24.10
16.01
11.17
78.81
21.50
2.37
5.88
4.92
5.52
43.11
13.48
9.27
26.73
14.80
29.78
11.58

64.82
12.44
24.23
15.71
931
8.76
26.27
16.36
28.94
24.57
29.15
24.22
29.89
25.05
18.15
9.28
74.64
27 21
2.33
6.14
7.00
638

21.62
23.99
20.78
21.06
35.02
22.79

50.30

9.69
15.07
15.83

6.36
10.06
26.35
17.24
27.37
23.01
17.67
24.22
28.24
26.87
15.82
10.46
78.77
27.87

2.59

7.06

7.77

6.15
48.88
16.25
26.99
19.66
22.66
36.51
12.82

#
11.61
20.46
17.47

8.61
8.48
27.38
15.43
32.07
2580
28.26
23.10
31.92
26.12
17.34
9.86
75.07
28.71
2.53
- 930
7.79
7.42

19.68
23.45
22.35
23.66
34.41
21.83

31.46
9.49
12.76
14.51
7.13
8.97
28.04
14.73
32.46
25.79
21.77
24.52
32.08
26.31
11 45
11.87
77.77
29.68
250
939
9.08
7.37

17.55
20.86
23.52
21.81
35.81
11.64

#
11.12
23.17
16.88

7.97

9.41
28.15
13.67
29.76
23.89
24.57
23.78
36.04
25.72
17 57
11.49
72.89
2676

2.72
10.74

8.56

6.78

24.02
21.72
24.69
22.09
33.20
19.06

60.01

8.49
18.96
16.10

6.36
11.20
33.54
11.61
34.16
17.86
21.74
24.73
35.79
26.59
11.38
13.63
77.67
26.50

2.51
10.24

8.25

6.15

22.31
18.58
22.79
17.33
36.18
10.64

#
10.76
29.38
14.47

6.83

9.63
2948
17.45
33.18
22 34
24 52
23.27
36.28
24.73
14.61
12.74
60 82
26 87

277

972
10.20

6.64

2217
18.51
23.23
22.14
33.73
16.12

46.01

6.17
23.35
11.47

5.86
10.53
30.37
15.24
35.85
20.59
17.71
24.37
37.75
26.08

9.16
14.01
65.91
28 69

204

9.23
10.99

6.34

21.88
15.46
20.14
18.97
33.18

9.88

#

9.92
28.07
14.98

7.60

9.21
30.92
20.09
34.90
19.73
27.76
19.79
41.03
24.77
12.57
12.33
59.45
23.18

2.86
11.37
12.10

7.96

22.58
18.28
22.47
20.22
32.99
15.60

23.60

7.58
16.71
12.06

7.30

9.54
34.04
17.32
38.94
16.49
27.43
19.77
43.19
26.53

7.38
12.28
69.17
22.85

1.59
1319
11.21

9.08

20.36
12.73
23.44
16.39
33.29

9.87

#

7.31
28.64
12.97

6.93

7.72
33.22
19.64
33.73
18.60
30.06
21.40
41.42
25.88
15.16
11.41
54.19
22.61

3.17
12.90
14.10

7.08

20.42
16.01
24.03
23.05
34.04
17.29

72.11

3.54
21.1€

8.54

6.28

8.3¢
38.07
19.04
30.1€
15 31
27.53
23.17
41.64
27.48
10.56
14.48
44.69
20.21

1.29
14.52
11.59

7.55

20.22
12.91
21.04
19.30
34.17

10.62
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TABLE 10 CONTINUED..

series  |model ly+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8 y+9
error |mape |m-ape|mape |m-ape|mape |m-ape|mape |m-apejmape |m-ape|mape |m-apejmape |m-ape|mape |m-apejmape
SER697 | 6.61] 2.07| 2.07| 3.42| 3.42| 1.41| 1.27] 228] 285 1.78] 1.67| 3.19] 339| 1.70{ 0.87| 4.14] 4.11| 235
SER706 | 3.21] 0.64] 0.64] 2.25| 225/ 3.26| 3.81] 3.00] 3.18] 3.61| 1.41| 4.80| 4.26] 4.49] 4.55| 3.87| 435 3.72
SER715 | 5.77| 75.05] 75.05| 83.53| 83.53| 75.62| 34.74] 49.73| 50.73] 63.42] 62.22| 63.81| 73.03| 51.85| 52.35| 50.19] 41.55| 22.45
SER724 | 3.41]| 12.73]| 12.73| 10.51| 10.51| 14.77| 12.45] 22.28| 22.14| 21.81| 27.06| 28.83| 31 60| 30.17| 33.75| 24.94| 27.94| 35.09
SER733 | 3.92| 43.33| 43.33] 28.10| 28.10] 22.87| 10.25} 10.99] 5.01| 11.90| 2.68| 11.67| 7.56| 8.80] 4.48] 8.24| 4.94| 7.38
‘SER742 | 2.02| 1.64] 1.64] 0.48| 0.48| 181 235 0.65 0.59] 2.11] 022| 3.01| 1.75| 3.27| 1.62| 3.54| 3.25| 3.27
SER751 2.89| 3.43| 3.43| 3.12] 3.12| 546| 4.23] 536] 232] 5.61| 455 4.40] 245 4.58] 2.82| 5.09| 3.47| 5.45
ISER760 | 2.68| 8.22| 8.22| 12.60| 12.60] 9.68| 7.35| 10.83| 11.46] 6.34] 5.33| 5.19] 3.85| 7.26| 3.62| 10.01| 8.35| 9.95
SER769 | 3.91| 8.64] 864| 0.58| 0.58| 7.62| 7.93] 5.55| 6.24| 8.25| 572 8.11| 7.01| 11.18| 11.13| 10.08| 10.83| 11.43
SER778 | 0.04| 9.69| 9.69| 599 599| 570| 7.53| 3.66| 3.34| 6.60| 5.12| 4.75| 3.25| 7.65| 6.64| 6.84| 579 8.32
SER787 | 7.22| 3.83] 3.83] 5.95| 595| 5.14| 529| 4.12] 457 551 536 579 612 7.13] 6.72] 7.62| 7.81] 897
SER796 | 4.81] 19.54| 19 54] 21 09] 21.09] 18.21] 17.34| 16.48| 16.84| 17.44]| 11.53| 20.88| 21.52| 14.73| 18.76] 19.74| 13.91| 18 68
SER805 | 11.13| 3.14| 3:14] 4.79] 4.79] 6.06] 5.90| 7.14] 7.53| 8.25| 8.41| .9.17| 9.42| 10.15] 10.64| 10.88| 11.03| 11.67
SER823 | 11.00] 1.63| 1.63| 2.16] 2.16] 2.56| 2.64] 3.10| 3.07| 3.51| 3.51|- 3.91] 4.12| 4.26| 4.67| 4.48| 4.81| 4.74
SER832 | 1.92| 261| 261| 3.41| 3.41| 4.28 428 494| 508 568 586 6.52| 639 7.28| 6.91] 800 7.89 8.71
SER868 | 0.04| 6.01] 6.01] 8.63] 863| 10.41| 10.75| 14.44| 9.54| 10.52| 5.01| 11.34| 5.72| 10.39] 2.75| 10.27| -6.93| 9.13'
SER877 | 0.04] 1.21] 1.21] 3.62| 3.62| 3.31] 257| 3.81| 4.18] 3.94] 232| 528 515 4.53| 298| 4.94| 5.28 4.35:
SER886 | 0.04| 18.49| 18.49| 19 94| 19.94| 16.90| 14.96] 13.42| 14.72| 18 75| 23 21| 26.66| 29.39| 27.02| 28.92| 17.70{ 19.89] 16.14,
SER904 | 0.04| 13.92] 13.92| 10 58| 10 58] 10.87| 10.42| 12.76] 12.56] 990| 11.17| 8.09] 803| 6.93|. 6.87| 5.04[ 461 4.11
SER922 | 3.81| 9.40| 9.40] 1285| 12.85| 17.90| 17.25| 20.24] 19.68| 22.91] 22.54| 24.39| 24 77| 26.10{ 28.33| 29.36] 30.89] 30.33
SER931 | 0.49] 20.17{ 20.17| 23.80| 23 80| 10 81| 2.55| 24.04| 18.60| 24.89| 22.09| 28.89| 20 73| 21.16| 9.10| 35.31| 34.43| 37.40
SER940 | 35.00] 4.03| 4.03| 33.00] 33.00] 31.42| 43.04| 30.55| 31.14| 32.07| 19.49| 28.72| 28.56| 30.17| 32.68| 46.76| 37.71| 38.15
SER958 | 0.04] 40.44] 40.44| 42 86| 42.86| 42.85| 42.79| 43.92| 43.20| 43.68| 44.03| 48.39| 47.61| 47.59| 48.82| 46.13| 46.65| 44.65
SER967 | 0.44| 48.11| 48.11] 49.39| 49 39| 51.93| 50.87| 54.51| 53.80| 56.56| 56.72| 58.01| 59.48| 58.44| 59.19| 57.42| 57.95| 57.04
SERS85 | 0.89] 12.51] 12.51| 29.60| 29.60| 23.66] 20.07| 33.50| 34.95| 25.14| 25.34] 13.50] 9.07| 20.29| 20.62| 30.46] 16.92| 33.12
SER994 | 0.93| 41.73] 41.73| 12.63| 12.63] 16.12] 14.42| 42.91| 29.86| 23.70| 24.93| 20.49| 22.14| 30.74| 27.54| 54.51| 52.94| 57.32
mean | 16.45| 16.45| 16.57| 16.57| 16.41| 15.00| 17.95| 16.88] 17.92| 16.39| 19.13]| 17.90| 19.42| 17.44| 20.32| 17.88] 20.75'
stdev | 16.46] 16.46| 16.94| 16.94| 14.79] 12.86] 15.04| 14 89| 15.08] 14.93] 17.53| 17.72| 16.73| 16.24| 16.93]| 15.73| 18.19'
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TABLE 10 CONTINUED.

y+10

y+11

y+12

y+13

y+14

y+15

y+16

y+17

y+18

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

3.24
244
10.95
31.02
4.18
3.02
1.98
9.47
10.55
9.05
9.23
16.37
11.82
525
8.68
293
4.44
16.61
3.61
32.98
18.29
45.37
43.78
57.29
32.19
64.83

2.13
3.63
34.56
30.10
9.16
3.99
4.64
9.45
15.49
884
891
14.68
12.56
5.01
9.36
9.16
3.63
23.84
415
31.14
47.90
40.01
40.49
56 46
76.44
27.03

2.09
2.91
24.87
26.17
5.60
4.03
448
9.17
15.24
10.77
9.49
13.09
12.94
5.43
9.58
7.53
3.48
27.82
3.55
34.09
20.94
37.28
39.04
56.44
15.29
24.54

4.59
4.97
3532
27.25
7.77

4.08

5.04
8.46
15.35
8.21
856
17.42
13.77
553
10.08
9.28
3.65
25.40

4.41|

31.07

43 54}

40.42
39.42
56.64
62.40
65.28

4.41
4.72
1328
19 12
458
4.29
334
6.15
14.48
10.52
967
19 27
14.16
5.63
10.52
728
2.45
30.96
3.39
3018
24.70
43.54
39.38
56 31
17 80
72.25

443
5.00
33.29
33.19
7.11
4.98
7.31
9.49
12.68

885

12 97}

14.77
6.16
10.79

8.72|.

3.87
20.69

431
31.55
37.19
36.19
37.95
56.14
67.44
32.95

4.09
479
10.19
25.76
4.64
4.91
- 6.61
8.28
12.78
10.48
9.46
12.10
14.85
6.15
11.15
3.60
3.48
24.69
2.49
31.94
36.14
43.00
38.91
57.00
17.32
28.24

582

5.25
23.31
27.08
17.46

490
10.13
13.45
1208

# .

11.33
17.00
15.77

6.67
11.51

8.48

5.59
21.80

5.10
32.46
3392
67.75
41.44
54.15
64.69
38.03

5.76
4.97
8.52
23.69
8.07
4.57
7.54
12.68
11.96
1184
12.12
14.13
15.88
7.00
11.76
7.18
4.10
27.21
2.77
36.12
33.89
62.23
42.27
556.59
55.21
30.39

6.30
5.85
54.89
26.72
17.88
5.65
11.81
11.36
10.05
#
12.14
17.25
 16.74
7.35
12.19
1.7
5.23
#

551

32.58

#

#
42.48
52.56

6.19
5.32
12.64
20.50
8.54
4.08
11.95
12.82
9 64
1465
13.30
1888
16.71
7 64
12.28
12.06
437
29.33
3.54
37.15
29.77
50.39
4217
55.54
31.67
30.23

5.22
6.92
4211
27.12
13.14
6.44
10.86
10.32
13.45
#
11.81
14 88
17.59
7.93
129
#
4.59
#
5.11
33.17

39.16
51.15

4.77
6.72
16.80
22.79
7.45
4.95
10.28
11.28
10.91
13.31
12.89
13.51
17.68
7.72
12.88
7.35

‘3.18}

31.21

4.46
38.13
38.81
63.92
39.48
54.77
32.54
38.85

5.00
8.31
42.16
25.31
1568
5.84
11.65
10.83
13.81

11.97
13.59
18 48
8.37
13.65
# -
4.82
#
626
33.09
#
#
37.86
49 16

3.73
8.17
22.75
26.81
8.95
3.48
9.58
939
14.05
11.23
12.83
11.05
18.47
8.17
13.54
5.7
453
24.89
603
36.91
39.34
54.41
.38.17
53.16
32.66
29.44

4.90
8.05
59.30
21.94
16.99
6.24
11.60
9.57
13.66
#
11.97
17.65
19.52
8.59
14.33

4.99
#

569

31.97

34.87
47.02

417
8.17
36.73
14.03
10.26
4.69
10.43
5.19
14.43
13.83
11.91
14.74
19.62
8.71
14.17
4.03
4.7
22.64
4.59
38.58
6196
48.01
3588
52.80
27.69
51.23

4.82
7.77
48.98
24.46
16.26
638
11.32
8.22
11.43
#
1222
19 60
20.36
8.67
14.98

4.69
#
5.26
33.12
#
#
35.07
43.43
#
#

4.05
8.73'
27.06
18.35
10.22
4.36
11.13
5.71
10.53
17.10
11.95
17.30
20.39
8.47
14.69

| 12.58

2.90
23.01
4.34
36.67
54.80

37.76
46.99
20.31
82.65

18.36
17.88

21.07

17.79

16.72
11.61

21.51
18.22

18.73
17.46

20.92
17.64

18.40
15.74

22.48
17.03

21.02

16.65

20.14

14.49

20.03

14.44

19.79

13 64

21.07

16.39

19.53

12.56

20.09

14.43

19.82

13.23

20.49
15.63

19.57

20.71

12.43

16.75
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MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 1

TABLE 11

STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 24-24-1

series  |modelly+1 series  [modelly+1
error |mape|m-ape * | error |mapejm-ape
SER400 | 0.38/11:42(11.65 SER661 | 0.08]20.52|17.24
SER409 | 0.30{32.09]{23.30 SER670 | 0.08{30.27|29.90
SER418 | 0.06{27.37|25.53 SER679 | .0.13|40.01/39.74
SER427 | 0.61] 8.53| 5.91 SER688 | 0.14{11.12] 8.21,
SER436| 0.28| 1.85| 1.76 SER697 | 0.39] -3.63| 3.40
SER445| 0.34/12.87{11.39 SER706 | 0.16| 9.66(11.21
SER454 | 0.27| 6.85] 5.26 SER715 0.07)83.83|57.61
SER463 | 0.51119.95(18.57 SER724 | 0.10/22.44}20.51
SER472| 0.36(20.76{19.75 SER733-| 0.09/21.52|17.50
SER481 | 0.04{31.00{24.13 SER742 ] 0.06] 2.05{ 0.98
SER490 | 0.32] 8.71| 7.16 SER751 1 0.09| 8.17| 6.70
SER499 | 0.71]10.02] 9.82 } SER760| 0.12] 8.05] 7.12
SER508 | 0.50| 5.89| 5.05 SER769| 0.07{10.46/10.20
SER526 | 0.52}14.75( 8.58 SER787| 0.12] 187| 197
SER544 | 0.04{ 3.98| 3.32| SER796 | 0.24/15.96/11.65
SER562 | 0.83|77.15|69.22 SER805| 0.48| 1.18| 1.25
SER571| 0.07| 5.82| 4.57| .|SER823 0.22| 0.65| 0.57
SER580 | 0:04| 3.28| 2.76{ ° SER8321 0.00{ 1.29| 1.21
SER589 | 0.04| 8.20| 7.55| SER877 | 0.46 3.38] 2.93
SER598 | 0.27| 6.36/ 3.33 SER904 | 0.08] 3.22| 2.36
SER616| 0.86] 4.62] 4.21 SER913 | 0.04|48.90|49.99
'SER634 | 0.72|18.67|17.67| - |[SER922| 0.96| 5.22| 5.07
SER643 | 0.17/20.29|13.20| SERQ58 | 0.04{11.36/10.20
SER652 | 0.18]15.54]13.50! SER967 | 0.06]20 68|16.96
mean|15.86{13.58
stdev |17.35|14.68

81



TABLE 12

MAPE AND.MEDIAN APE VALUES OF MONTHLY FORECAST AT 2
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 24-24-2

82

series |modelly+1 y+2 series |modelly+1 y+2

error | mapejm-apeg mapejm-ape error |mape|m-ape mape|m-ape
SER400 | 0.56(10.41| 9.14/13.38|10.91  SERG70 | 0.19|24.28|19.24|27.75|24.14
SER409 | 0.58|28.83|22.11|29.56|16.30 SER679 | 0.16/39.50/30.11/39.13/40.49
SER418 | 0.12|25.45/22.68/24.18/21.65 sSERess | 0.29/11.5610.16]12.79] 8.65
SER427 | 1.20| 7.91| 4.06| 8.00| 4.00 . SERE97| 0.73| 3.64| 2.44| 4.02| 3.37
SER436| 0.62) 2.39| 2.08f 2.18| 2.14  gSER706| 0.36] 8.10| 9.36| 9.15/10.46
SER445 | 0.58/16.32|15.18/12.92|13.27  SER715| 0.15|75 04]28.32|61.64/60.58
SER454 | 0.52| 6.09| 5.18| 7.86| 6.94  SER724 | 0.12]22.28|24.81|20.64|16.48
SER463 | 1.15/22.50(19.10|25.77|127.42  SER733 | 0.18(21.67|15.92|18.81{12.05
SER472 | 0.75/19.92)19.89{24.33121.30  5ER742| 0.13] 2.17| 1.93| 2.48| 2.04
SER481 | 0.06|28.80|24.24/30.12|24.53  ggR751 | 0.21] 8.04| 5.23| 9.21| 8.67
SER490 | 0.62|11.42|11.18 9.99| 859 seR760| 0.18| 9.19| 9.20| s.94| 8.72
SER499 | 1.71{10.21{10.75| 9.98| 8.67 sSER769| 0.17|10.04] 7.61] 9.52| 6.50
SER508 | 1.01| 5.56| 4.96| 6.46| 519  gSgR787| 0.23| 2.28| 186| 2.38| 2.23,
SERS526 | 0.91/15.90|11.30{14.50| 9.97  SER796 | 0.46|16.94|14.15/17.02[12.91
SER544 | 0.04| 4.11| 4.02| 4.76| 3.84  gSERgos| 0.78 2.55 2.90| 2.41| 2.20
SERS562 | 1.48|86.45(80.62{89.45/79.29  gER823 | 0.54| 0.66| 066| 0.85| 0.61
SER571| 0.17| 6.90| 4.99| 6.78| 3.57  gER832| 0.04| 1.70| 1.59| 2.51| 2.38
SER580 | 0.09] 2.94] 2.69| 3.28| 2.61. . 'SER877| 0.83| 4.40| 4.11| 4.87] 3.63
SERS589 | 0.04| 6.31| 5.94| 9.18| 7.67  SER904 | 0.14| 3.01| 3.08| 3.17| 2.76
SER598 | 0.55| 6.13| 3.97| 8.32] 444  gERQ13| 0.1247.03|49.84|51.77|53.54
SER616 | 1.58| 5.16| 4.05| 5.37| 3.71  SER922| 1.73| 5.03| 4.59| 6.10| 5.96
SER634 | 1.19|22.45(20.49|22.19/19.05 SER958| 0.04] 9.85|10.20(13.30!11.39
SER643 | 0.27/19.80/15.83|19.89|11.53  SER967 | 0.10|15.64{16.59|23.37]19.91
SER652 | 0.32|13.64{16.65|13.85{12.89 mean!15.53/13.02[16.12/ 13.83
SER661 | 0.16]16.48(10.04|19.50{14.73 stdev |17.00/13.90| 16.63|15.73




TABLE 13

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 4
STEP WITH a = 0.1, B = 0.1 WITH ARCH. 24-24-4

series

error

‘Imodelly+1

y+2

y+3

y+4

mape

m-ape

mape

m-ape;

mape

m-ape

mape

m-ape

SER400
SER409
SER418
SER427
SER436
SER445
SER454
SER463
SER472
SER481
SER490
SER499
SERS508
SER526
SER544
SER562
SER571
SERS80
SER589
SER598
SER616
SER634
SER643
SER652
SER661
SER670
SER679
SER688
SER697
SER706
SER715
SER724
SER733
SER742
SER751
‘< ER760
SER769
SER787
SER796
SER805
SER823
SER832
SER877
SER904
SER913
SER922
SER958
SER967

1.29
0.9
0.19
2.23
1.81
0.86
1.02
2.50
1.43
0.12
0.61
2.91
2.18
1.84
0.1
2.34
0.38
0.15
0.08
0.98
3.04
1.73
0.41
0.46
0.25
0.34

11.26
31.70
26.98
8.28
2.75
16.58
7.32
25.35
28.10
23.49
14.15
' 8.61
6.62
18.89
4.66
86.53
11.53
2.88
5.14
4.41
4.26
19.00
24.64
13.08
17.90
22.38

0.19|57.92

0.49
1.30
0.66
0.27
-0.14
-0.27
0.21
0.34
0.25
0.24
0.53
0.85
1.16
1.32
0.15
1.82
0.28
0.18
2.95
0.10
0.26

15.55
4.25
5.06

76.16

22.14

19 07
2.22
7.46
9.61

11.14
2.23

17.28
3.04

1 0.82
2.91
4.13
3.45

55.63
5.64

19.16

26.32

11.84
28.89
24.96
3.74
3.05
12.80
5.22
26.97
21.22
18.58
13.96
8.61
6.10
16.59
4.19
76.67
7.76
2.89
5.83
3.00
4.38
18.38
18.10
10.15
15.43
14.31
33.33
11.54
3.75
4.33
17.99
21.03
14.21
2.23
4.87
940
- 8.82
- 1.94
13.77
3.47
0.68
2.80
' 3.24
3.48
47.21
5.82
17.07
25.75

13.29
20.78
22.22
8.14
3.91
13.37
7.64
30.44
36.05
19.41
15.68
9.21
6.89
15.81
4.44
92.88
11.12
3.43
7.7
6.17
5.12
23.83
19.62
13.27
16.14
26.07
40.51
14.45
3.95
7.31
60.38
21.33
20.02
2.15
9.59
10.17
9.37
3.03
16.63
4.08
0.96
3.54
4.23
3.13
58.09
6.96
10.91
16.72

13.71
19.02
17.84
4.50
3.76
10.92

13.00
33.90
22.64
7.61
3.69
15.59

7.19| 8.74

29.68
20.63
17.33
13.50
7.19
6.91
11.08
4.80
91.22
7.95
2.95
6.91
4.77
4.16
21.09
15.27
11.80
11.65
20.41
29.09
9.24
3.68
7.05
49.14
14.38
16.64
1.72
10.15
9.83
8.09
2.34
15.46
°3.83
0.91
3.37
3.33
3.59
50.58
7.28
6.83
14.07

31.90
28.57
22.24
15.51
11.62
6.85
22.02
4.25
96.38
8.33
3.29
8.89
7.39
6.24
25.98
15.35
13.67
17.31
27.07
41.24
13.80
3.77
8.17
53.48
21.10
17.68
2.94
1012
8.93
8.69
2,96
16.04
4.98
0.98
4.13
4.10
2.98
49.83
7.75
11.71
22.09

14.28
20.99
20.04
2.79
3.59
14.68
8.47
33.37
24.36
21.48
12.16
11.24
475
16.58
4.39
94.61
6.07
2.52
5.85
4.99
4.88
26.61
13.29
11.17
17.31
23.67
44.29
9.78
3.20
9.30
57.40
18.00
9.83
2.90
9.79
8.66
4.99
2.16
15 31
5.68
0.85
3.77
3.48
2.94
44.85
809
8.61
25.20

12.26
38.30
15.36

7.80
3.89
16.62
9.87

38.01
3641
29.73
16.27
14.04

8.28
21.80
4.61
87.94
8.13
3.39

10.66

10.51
5.79

26.74
16.12
18.52
20.26
32.33
45.64
13.86

4.31
9.32

61.06

22.53

17.45

3.05
11.19
9.06
11.24
2.74
15.98
5.52
1.13
4.76
4.73
2.77
49.46
8.60
16.30
27.51

12.90
23.83
10.88
5.59
3.52
15.69
9.79
33.25
29.97
23.64
13.31
14.21
9.21
18.75
4.20
92.04
5.75
2.67
8.92'
6.12,
4.74]
26.36/
14.03,
19.16
14.98
30.33
46.50
9.98
3.81
10.43
71.82
16.93
9.30
3.12
9.65
9.21
9.44
1.97
15.38;
5.72
0.70
436
4.09
295
50.59
8.61
14.45
29.49

mean

stdev

17.04

18.32

13.34

16.43

13.45

17.25

13.87

15.63

16.57
16.84

15.07

17.96

16 84

16.95

16.51
17.76

83



TABLE 14

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 6
STEP WITH a = 0.1, § = 0.1 WITH ARCH. 24-24-6

84

series

modelly+1

y+2

y+3

y+4

y+5

y+6

error | mape

m-apég

mape

m-ape;

mape

m-ape mape

SER400
* SER409
SER418
SER427
SER436
SER445
SER454
SER463
SER472
SER481
SER490
SER499
SER508
SER526
SER544
SER562
SER571
SER580
SER589
SER598
SER616
SER634
SER643
SER652
SERG661
SER670
SER679
SER688
SER697
SER706
SER715
SER724
SER733
SER742
SER751
SER760
SER769
SER787
SER796
SER805
SER823
SER832
SER877
SER904
SER913
SER922
SER958
SER967

186] 9.55
1.24/32.35
0.27|23.83
3.40| 9.73
1.93| 2.06
1.2917.78
1.53| 7.98
3.29|25.11
1.70/27.25
0.19|23.86
0.75(14.37
4.00| 8.01
3.26| 5.91
1.96/17.36
0.10| 6.27
2.93/81.95
0.53/15.32
0.16| 1.45
0.09| 4.28
1.16| 3.25
4.20| 4.95
2.37|19.77
0.4425.18
0.48[13.19
0.30|16.41
0.48/24.10
0.29/94.09
0.43/19.59
1.72 4.03
0.76| 3.13
0.36/34.06
0.19|19.94
0.35/17.20
0.37| 2.05
0.44| 7.60
0.37| 9.53
0.27| 9.27
0.82| 2.91
1.1920.23
1.75| 2.77
2.04| 0.91
0.26| 3.41
3.05 3.66
0.37
0.18
3.66
0.07
0.26

50.17

6.66
26.67
39.42

-7.26
30.34
22.84
- 8.10
1.43
18.50
7.14
29.24
20.03
16.01
15.55
8.73
5.86
12.76
6.90
79.10
8.04
1.23
3.48
2.20

21.05
19.29
10.97
16.12
25.20
80.11
9.77
3.98
2.67
16.65
23.47
9.90
1.42
5.15
9.24
9.88
297
18.14
3.23
0.85

297

2.09] 1.85

56.50

5.86
25.18
41.47

13.15
28.27
24.26
9.08
2.45
15.43
8.93
30.76
33.26
25.50
15.80
9.33
8.16
20.43
5.20
98.56
16.42
1.79
-4.45
4.43

3.89( 4.78

21.34
22.59
13.33
16.70
27.73
69.02
18.73
4.63
4.50
47.95
20.00
17.54
2.16
9.63
9.53
10.83
3.10
19.49
3.88
1.10

3.39] 4.14

4.47
3.47
49.26
'7.37
27.18
28.78

11.77
15.50
16.02
6.97
2.49
12.72
6.79

31.15

27.70
22.82
10.94
9.14
9.93
18.92
4.44
99.47
13.10
1.23
475
3.92

15.01
34.05
22.69
8.88
3.19
16.50
8.35
34.23
35.92
15.25
17.47
10.84
8.32
22.77
4.21
97.82
14.01
2.77
6.75
5.28

4.69] 4.52

19.76
20.47
11.60
14.42
21.25
45.42
10.39
4.25
4.16
20.66
15.54
13.78
1.78
10.11
9.55
11.94
2.43
16.74
3.60
1.08
3.99
3.51
2.20
51.18
7.20
23.33
27.99

24.17
16.60
12.73
18.28
27.62
58.10
16.13
416
4.67
48.35
20.37
16.68
2.37
9.84
8.15
10.48
3.10
18.11
505
1.36
4.78
4.14
3.41
51.06
8.44
12.67
2123

m-apg mape

m-ape{ mape

m-ape

14.1514.75
29.90|38.69
18.33/15.09
6.27| 7.80
3.06| 4.06
14,31/17.44
7.79/11.03
33.85|40.62
33.29/34.98
10.56|21.11
19.72|17.67
10.15/12.23
9.65| 8.57
21.25(23.48
4.05| 4.33
93.00{87.08
12 53/13.97
2.52 3.19
6.72| 9.61
4.60| 7.43
3.19| 4.72
23.50{24.21
14.14|16.41
10.93|18.42
15.30/18.73
23.65(31.33
32.19(41.11
9.86(14.61
- 2.93| 4.00
3.74| 7.18
55.40|54.50
14.94|23.60
11.57|19.64
1.53| 3.07
8.18/10.95
7.93[10.21
11.52|11.26
2.42| 3.50
15.32|16.24
5.26| 6.34
1.03| 1.55
4.48| 5.45
3.09| 3.80
3.30
48.24
8.37
6.46
14.30

48.30

9.40
11.87
21.46

2.89| 3.09

13.49[11.85
31.44|41.40
12.37/13.40

5.89| 7.60
4.47| 4.08
18.58]15.29
10.20[11.55
37.58|42.43
29.15|29.52
17.60|27.99
17.50{18.00
10.91/17.70
9.23 9.17

22.69|23.49|22.13

4.22
92.20
13.90
2.62
9.31
6.30
4.41
24.12
12.96
15.91
17.96
29.12
29.62
9.75
3.92
6.83
59.99
17.71
11.12
2.95
10.29
8.95
9.68
2.63
11.27
6.21
1.01
5.14
2.84

4.92
87.50
10.71

3.45
10.11
- 9.27

5.41
24.46
15.39
20.05
17.72
29.39
48.39
14.55

3.88

7.38
64.64
22.02

3.41
9.36
10.51
12.03
3.65
16.46
7.61
1.69
6.10
4.66
2.53
55.67
10.24
16.09
25.14

47.90
9.61
3.34

13.37

18.69(11.26

10.34[12.70
45.83|39.26
7.61/15.89
6.19| 7.22
3.91
15.19{27.93
12.23(12.41
41.12/44.03
25.71/35.65
25.02{35.45
16.27/18.50
15.15/17.30
9.41| 9.91
22.15
5.50
91.33
8.98
3.99
11.01
10.86
5.93
21.26
21.31
23.75

4.47
87.99
8.81
2.56
7.13
6.73
4.84
19.81
12.33
19.49
12.43(20.77
25.97|29.33
45.79(56.29
12.1615.62
3.74| 4.31
8.22| 8.44
81.81/66.14
17.74{22.15
17.34
3.61
9.05
9.50
12.58
3.36
15.47
7.91
2.08
6.80
4.80
248
54.87
10.90
17.23
31.68

3.31
9.02
6.93
11.74
2.79
13.60
8.21
1.07
5.82
4.68
2.51
58.08
10.21
12.82
26.54

9.24
29.75
10.72

5.18

3.89| 3.69

27.57
13.16
38.83
28.86
22.86
16.65
18.34
11.16
18.90
5.87
93.40
9.59
2.86
9.96
6.58
6.18
21.03
21.20
23.89
15.47
28.14
51.89
12.08
4.70
9.59
83.83
20.05
849
3.90
7.86
8.72
10.50
2.40
15.03
8.39
1.40
6.51
4.61
1.82
58.03
10.05
10.74
39.49

mean|{17.10

15.33

stdev|18 70

17.60

17.69
18.29

14.85

16.45

17.10
17.68

14.97|17.46

16.48({16.22

18.26
17.34

15.65
16.54

17.22|19.56

18.32

18.81/18.23

19.39




TABLE 15

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 8
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 24-24-8

series  {model |y+1 y+2 y+3 y+4 y+5 y+6 y+7 . ly+8

error [mape [m-ape|mape [m-ape|mape [m-ape|mape |m-ape|mape |m-ape|mape [m-ape|mape |m-ape|mape |m-ape
SER400 | 1.27] 9.85| 6.51| 10.72] 8.43] 15.30] 13.42| 13.24| 11.77] 13.95] 13.19] 14.69] 14.73| 15.29] 16.90| 16 02| 16.95
SER409 | 1.24] 26.07| 22.09| 28.12| 21.35| 30.77| 23.70| 34.36| 28.89| 37.15| 36.53| 43.15| 43.42| 44.13| 38.23| 47 77| 39.89
SER418 0.36] 16.10] 14.49| 21.43] 11.94]| 22.60] 16.74]| 15.08] 10.02| 13.27| 8.41]| 13.72] 9.36| 16.47] 11.32] 17 01] 14.50
SER427 | 4.45| 10.48| 10.34] 10.34} 11.29] 10.37| 9.28| 9.52] 9.96| 8.65| 8.44| 8.03| 6.31], 7.87] 6.10] 7.97| 6.24
SER436 | 2.56] 2.61] 244] 339 3.60] 4.69] 4.65| 4.95| 532 506| 5.29| 4.58| 4.07| 4.35] 4.55| 424] 4.4Z
SER445 1.22| 19.10| 15.70] 16.52| 15.35| 15.59| 12.67| 17.38| 16.18| 18.18] 14.97| 18.49] 21.33]| 20 08] 17.14| 23 18| 22.90
SER454 215 9.12| 632| 9.64| 9.33] 12.92| 12.26] 10.84] 11.64| 13.08| 11.58| 14.43] 14.46| 12.47| 12.35| 14.82| 14.73
SER463 | 4.85| 26.05| 28 77| 37.65] 37.22] 37.75| 34.60| 41.59| 42.73| 43.57| 43.88| 48.62| 43.21| 49.78| 41.22] 48.93| 39.63
SER472 | 2.32]| 22.38| 18.20| 33.30| 32.67| 28.22] 24.57| 27.67| 23.67| 31.44] 26.74] 27.73| 25.01| 28.23] 26.49| 31.83] 26 23
SER481 | 0.18| 33.47| 19.98| 27.07| 17.18] 21.66] 12 33| 21.40] 18.73| 18 69| 11.66] 25.13| 20 95| 27.85| 22.67| 32 22| 22.73
SER490 0.86| 1548| 19.05| 17.16| 16.67| 17.61] 20.10| 18.07| 19 44| 18.32| 15.77| 18.98| 19 77| 19.33| 23.61| 19.71] 20.16
SER499 | 4.96| 13.15| 14.68| 13.79| 13.56] 13.25| 13.35| 14.28| 14.45| 16.46] 16.57| 16.39| 17.41| 19.59| 20.01| 21.44| 21.71
SER508 | 4.05| 9.54| 9.52| 10.50{ 10.90{ 10.33| 10.26| 10.75| 12.26{ 10.63| 12.02| 10.58| 12.35| 10.64 11.12| 13.38| 13.94
SER526 | 2.04] 12.91| 8.00| 14.28{ 9.90| 22.09{ 20.35| 22.44| 19.76| 21.13| 18.30| 23.06| 23.00| 23.59| 21.85| 25.42| 21.98
SER544 | 0.11] 14.49| 1529] 12.31| 13.45| 9.83| 10.55| 4.86] 4.14] 465/ 4.54| 551 5.60] 5.85] 5.39| 6.01| 584
SER571 0.52] 15.39] 12.71] 17.38| 16.97| 17.04| 13.57] 17.83] 15.27| 16.74] 15.49] 16.30] 16.50| 11.77| 12.58] 9.22| 10.03
SER580 0.12] 1.07 1.07 1.19] 1.01| 1.41] 1.01] 1.52] 0.84] 3.12| 2.79] 3.51| 2.81] 3.74] 2.86| 3.06] 1.93
SER589 | 0.08/ 398} 535 4.24] 3.22| 559 469| 845 7.26| 871] 9.35| 8.73] 9.49| 9.83] 7.94| 956| 5.46
SER598 | 1.38] 2.63] 180 3.47 290| 4.06] 3.72| 5.27| 5.10, 670 6.38) 758 7.00] 966] 6.71} 1129] 7.02
SER616 | 5.10] 580] 487 4.68] 3.36| 5.83| 555/ 5.97| 5.89 5.44| 6.00] 547| 4.78| 5.60| 5.58| 6.06] 5.72
SER634 3.16] 19.60] 20 88| 18.71] 18.29| 25.05] 24.89] 21.47| 21.37] 21.15] 16.92] 20.34] 16.09| 21.44| 16.90] 19 38| 17.62
SER643 0.47] 25 38| 15.06] 21 52| 12.05] 18.82| 13.41]| 15.35] 11.43] 18.22| 20.67| 22.49] 21.19| 23.15| 15.94} 19.33| 13.04
SER652 | 0.62] 16.66| 16.36] 12.15] 11.55] 13.82] 12.13} 20.91] 21.31] 20.14| 22.18] 19.95| 17.73| 20.53| 17.84] 26.17| 25.80
SER661 0.42] 18.97] 18.06] 17.53] 13.31| 15.15| 10.85] 17.66] 13.65] 20.42] 22.27] 20.34] 16.22| 20.36} 15.52] 21.22| 15.63
SER670 | 0.69] 31.21] 36.77| 27.81] 28.16| 29.54| 32.06| 30.49| 30.96] 30.01} 30.83| 31.81| 32.93] 29.93| 28.71| 30.74| 31.88
SER688 | 0.49| 25.11| 12 57| 22.56| 12.26| 21.32| 10.12| 18.71] 10.72]| 16.64| 11.39| 16.33| 10.55| 16.50| 12.55| 15.98| 14.89
SER697 1.81| 7.58| 7.43| 6.06] 6.05] 5.58] 5.43| 5.08] 4.61| 4.79] 4.72| 3.74| 3.50f 4.16] 3.80] 2.31| 1.87
SER706 | 0.82] 4.09f 3.01] 4.63] 4.55| 531| 4.78] 7.32] 6.02] 7.95| 7.58| 7.91| 847 7.30| 8.48| 7.55| 8.69
SER715 | 0.33| 28.07| 19.77] 28.15] 12.50] 36.52] 13.72| 39.19| 30.53| 51.81| 47.73| 60.20] 78.17] 72.21] 88.07} 66.13] 82.38

S8



TABLE 15 CONTINUED..

series  |model Jy+1 y+2 y+3 y+4 y+5 y+6 y+7 +8

error |mape |m-ape|mape |m-ape|{mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|{mape |m-ape|mape |m-ape
SER724 | 0.18] 18.48] 13 55| 21.64] 15.35| 19.26] 14.08] 21.00| 15.89| 22.76] 17.92| 19.91| 17.74]| 21.75| 17.47| 20.37| 21.35
SER733 | 0.36] 7.69] 4.91] 8.96| 6.96] 14.10f 3.79| 18.84] 12.58| 21.07| 16.63| 21.74| 16.38] 21.05| 16.13| 18.08] 9.18
SER742 | 0.47| 231| 233| 237] 1.82| 254] 231| 255/ 216| 3.02| 230f 3.55| 2.85 4.12| 3.77] 3.91] 4.23
SER751 | 0.47| 7.16] 6.50/ 9.62] 9.29] 10.66| 11.37| 11.90] 12.03] 10.66] 9.39] 9.40| 6.57| 8.23] 6.36] 8.62| 6.80
SER760 | 0.53] 7.51| 5.35| 7.38] 5.60] 8.68/ 9.79] 9.36] 9.43| 10.07| 9.10| 11.06| 10.20] 8.73] 6.40f 7.20f 5.14
SER769 | 0.19] 1565| 14.65| 12.17| 9.09] 9.66] 9.68] 7.44] 8.30| 10.14| 8.61| 12.81] 11.50{ 11.16] 9.29] 12.39| 10.88
SER787 | 1.14] 3.60] 384| 3.84] 3.80| 4.24] 3.83] 4.11| 3.48| 4.33| 3.55| 4.60 471 498| 513| 4.98 5.34
SER796 | 1.42] 19 04] 17.19| 16.99] 20.89] 20.06] 16.64| 17.73] 12.67| 19 29] 18.15| 15.39| 13.64| 16.66| 13.95| 15 54| 13.09
SER805 | 237| 3.69| 389| 4.59| 4.23] 5.54| 572| 655 624| 7.52| 7.78| 8.64| 8.61| 964| 9.46| 10.00| 10.21
SER823 | 290| 1.04] 097| 1.20| 1.14| 1.33] 1.10] 1.55| 1.10] 1.79| 1.06] 2.06| 1.35| 2.37| 1.41] 2.72| 187
SER832 | 0.30| 3.26| 334 4.15( 4.07| 4.93 484 571 560 651 6.42] 7.23| 7.15| 7.90 7.88| 858 8.36
'SER877 | 4.44| 327| 225/ 382 299 3.73| 1.72| 354 265 3.41| 197 3.16| 1.85| 3.17| 1.96| 3.18] 2.47
SER904 | 0.48| 3.00] 327/ 2.03| 224| 232] 1.95| 3.42| 246| 3.27| 2.81] 2.71| 266 2.56] 241 247 208
SER922 | 5.21] 594| 6.34] 7.63| 7.97 1&39 10.05| 12.87| 12.55| 13.76| 14.01| 15.29| 14.36| 16.71]| 14.53| 17.00| 14.34
SER958 | 0.07| 38.24| 39.52| 31.16| 31.73| 19.77| 16.87| 15.17| - 7.67| 14.56] 8.46| 23.91| 20.05{ 19.16| 10.98 21.82| 22.45
SER967 | 0.25] 52.52| 53 17| 47.40| 47.96| 40.21] 41.80| 39.67| 38.80] 30.30| 24.85| 31.31| 32.71| 28.51| 22.42] 34.90| 39.93

mean | 14.19] 12.63| 14.25| 12.31| 14.57| 12.23| 14.73] 13.06] 15.3| 13.89| 16.23| 15.53| 16.63| 14.93] 17.1| 15.81

stdev | 11.26] 11 26 10 83] 10.16} 10.13] 9.03] 10.40] 9.70| 11.03| 10.54 13.83] 13.45| 14.34] 13.49

12 35

10.88

98



TABLE 16

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 12
STEP WITH a = 0.1, B = 0.1 WITH ARCH. 24-24-12 -

series  |model [y+1 y+2 y+3 y+4 y+5 y+6
error |mape |m-dpe|mape |m-ape|mape |m-ape|mape |m-ape|{mape {m-ape|mape
SER400 | 2.38| 8.89| 3.18{ 10.07| 6.83| 9.24| 10.86] 7.84| 5.83| 10.14| 10.80| 14.15
SER409 | 1.05| 19.46] 8.67| 20.35| 13.17] 21.31| 11.77| 36.40| 20.68| 30.95| 27.37| 35.62
SER418 | 0.15| 17.78] 10.15| 20.98| 16.15| 22.53| 13.65| 12.35] 4.95| 9.43| 6.74] 12.36
SER427 | 6.37| 9.59| 11.24] 7.68| 6.16| 6.06] 4.25| 7.59| 6.89] 8.85| 8.53| 8.5¢
SER436 | 3.57| 1.71| 2.00{ 2.43| 1.87| 3.15| 3.39| 4.14| 4.57| 5.39| 550 6.14
SER445 | 1.62| 19.56| 18.27| 17.03| 15.45| 11.57| 4.48| 14.12| 14.16| 19.79 23.52| 23.84
SER454 | 2.65( 14.34( 13.14| 11.96{ 12.67] 7.86| 4.83| 8.04| 8.44| 11.29| 11.87] 11.6%
SER463 | 12.96| 23.17| 18.39] 39.05| 39.31| 43.25| 44.55| 44.89| 47.00| 47.19| 47.16| 46.73
SER472 | 2.64| 20.06| 10.52| 20.44| 21.65| 22.71| 22.40| 18.40| 16.84| 18.25| 18.70| 26.01
SER481 | 0.10] 32.62| 20.19| 34.96| 15.38| 24.30| 13.73| 24.07| 16.87| 32.02( 22.33| 28.94
SER490 | 0.95| 21.86| 22.66| 23.67| 22.78| 23.08| 21.85| 23.78| 25.47| 21.02| 24.65| 20.13
SER499 | 6.07| 17.16| 16.18| 18.88| 17.83| 20.15| 18.90| 21.70| 21.68| 24.14| 23.31| 25.43
SER508 | 5.29| 13.47| 14.60| 12.67| 14.10| 13.14| 14.29] 13.79| 15.54] 13.95| 15.46|14.89
SER526 | 1.85| 18.00] 9.68| 23.49] 19.70| 15.34| 9.83| 15.85| 10.51| 14.58| 6.71| 15.9C
SER544 | 0.08| 16.84| 16.82| 17.41| 17.80| 16.82| 16.89|.10.96| 10.67| 7.02] 6.29| 5.8C
SER571 | 0.63| 21.92| 19.76] 23.71| 24.78] 19.48| 19.63| 19.18| 16.18| 20.31| 18.62| 21.28
SER598 | 1.61] 1.49| 1.20| 2.50{ 2.00] 2.63| 236| 3.75| 3.14| 4.78| 3.67| 4.83
SER616 | 7.45| 6.20] 5.39| 6.35| 5.02| 5.24 3.53| 5.35{ 3.61| 6.12| 5.49| 552
SER634 | 4.34| 20.03| 23.38| 21.61| 22.33] 19.98| 20.35| 23.69| 28.19| 18.74| 16.86| 21.12
SER643 | 0.22| 26.12{ 11.49| 21.87| 10.95| 22.48| 14.89| 15.09| 14.75( 20.52] 13.19| 20.93
SER652 | 0.52| 14.81] 18.11| 12.97| 12.08] 12.20| 12.45| 16.95| 14.99| 22.02| 21.51| 19.1C
SER661 | 0.52| 25.39] 30.96| 24.63| 26.56| 15.26| 16.01| 14.46| 11.52| 13.33| 9.17| 14.55
SER670 | 0.41] 28.69] 29.24| 26.29| 25.06| 25.71| 25.30| 26.24] 27.02] 26.32] 30.24] 26.69
SER688 | 0.46| 10.78| 9.41| 17.34| 13.89| 24.29| 16.08| 26.61| 15.08| 24.25( 11.29] 23.9¢
SER697 | 1.34| 6.93| 6.71] 6.36| 6.72] 6.32] 6.07| 6.39] 7.00| 5.18| 6.71) 4.87
SER706 | 0.73| 1.98| 1.89| 1.58| 1.76| 1.96| 1.52|" 2.72| 2.18| 6.09] 4.88 5.21
SER715 | 0.41] 33.01] 22.69| 27.29| 23.15| 30.34] 12.71| 29.25| 12.02] 35.94| 21.54] 43.09
'SER724 | 0.11] 27.17| 23.59| 17.44| 14.11|:24.55| 20.37| 26.67| 19.39| 22.95| 17.58| 20.62
SER733 | 0.33] 12.13| 12.91| 12.12] 10.85| 10.77] 12.50] 4.89] 4.54] 6.20] 3.68| 7.34
SER742 | 0.47| 4.31| 391] 338] 340] 441] 3.85| 4.01] 3:60] 3.99| 3.56| 3.32
SER751 | 0.52| 595 4.33| 7.58| 4.40| 4.81| 4.36| 7.54| 7.60| 7.62| 7.23| 8.83
SER760 | 0.64] 9.31| 9.90| 9.04] 7.99| 9.98| 14.01| 8.98| 7.65( 8.16| 5.70| 7.18
SER769 | 0.16| 10.88} 11.11] 13.15{ 12.52|-17.94| 19.04| 10.22| 8.67| 6.42| 6.54| 7.39
SER787 | 2.01f 4.66| 3.74| 5.30| 4.98| 594| 5.66| 6.28] 4.99| 6.24] 5.66| 6.75
SER796 | 1.71| 22.20| 23.01| 22.85| 21.65| 19.82} 18.28| 21.78| 20.66| 20.91| 18 20| 14.96
SER805 | 3.26| 3.02| 3.34| 3.99| 3.41 4.93[ 4.37| 593 557 7.01] 728| 8.02
SER823 | 4.09] 1.53| 1.42| 1.85| 1.80] 2.15/ 1.79| 2.46| 2.11| 2.99| 2.45( 3.26
ISER832 | 0.43| 3.47| 3.40| 4.20| 4.19| 4.97| 5.04| 5.72| 5.95| 6.47| 6.86| 7.22
SER877 | 6.52] 4.81] 550 3.70| 3.39] 3.63| 2.55| 3.48| 2.07| 3.10[ 2.88] 3.40
SER904 | 0.70{ 395 3.77| 3.07| 3.20| .3.21| 3.40| 3.07| 2.89] 299 3.74| 2.83
SER922 | 6.97] 10.96} 13.83] 10.60| 11.61| 12.31| 11.47| 13.10| 13.54| 15.37| 15.37| 15.91
mean | 14.05| 12.19| 14.44] 12.75| 14.04| 12.03| 14.09| 12.07| 14.59| 12.90| 15.23
stdev | 9.10] 8.11] 9.50| 8.69] 9.44| 8.59] 10.05{ 9.14| 10.30{ 9.48| 10.83
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y+7

y+8

y+9

y+10

y+11

y+12

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

14.77
31.30
9.96
7.67
6.21
23.20
11.30
45.74
24.44
19.10
21.62
25.25
15.39
11.06
5.67
19.63
5.02
4.64
24.61
18.55
17.13
10.00
25.96
14.50
4.78
5.21
32.96
16.36
5.67
2.68
7.52
5.96
5.41
6.98
14.02
7.51
3.08
7.61
1.95
243
15.56

15.11
39.91
15.05
8.90
6.51
23.86
11.35
48.71
20.20
25.71
22.23
24.96
14.19
18.16
6.68
22.36
5.54
5.75
22.02
23.67
19.38
15.04
29.52
22.63
4.93
6.39
61.23
21.32
17.98
3.32
8.19
7.99
8.63
7.21
20.23
9.05
3.71
8.11
3.50
243
17.18

14.68
38.85
9.61
6.77
5.96
24.33
10.25
46.29
15.84
19.64
23.53
23.61
15.80
16.03
6.24
20.80
5.59
4.59
21.82
20.46
14.56
9.47
31.08
11.62
5.96
5.78
69.66
19.81
4.58
2.67
4.27
5.61
7.19
7.48
22.93
9.16
3.96
8.38
1.55
1.29
15.39

17.42
39.34
13.91
8.36
6.03
25.09
10.57
54.62
28 14
24.47
21.42
25.75
16.18
20.74
7.01
24.82
6.21
5.58
20.74
21.22
20.91
14.91
28.61
19.74
2.26
5.77
64.14
19.76
17.40
3.07
9.53
8.66
8.27]
7.19
18.47
10.25
4.18
8.85
3.86
2.82
19.73

18.07
32.04
0.88
8.24
5.78
29.02
9.90
45.85
26.97
20 85
2222
27.51
17.06
18.02
7.51
28.11
5.63
5.25
18.62
16.88
17.40
12.69
29.00
11.46
1.63
5.76
77.22
15.27
8.16
2.62
6.33
7.06
7.62
7.23
14.41
10.53
3.76
9.12
2.87
1.78
19.60

17.12
45.96
15.63
8.31/
6.08
30.05
12.77
55.45
36.50
30.31
20.75
27.51
16.83
22.69
6.77
20.05
7.00
4.69
22.13
19.65
21.81
17.31
28.80
14.07
3.15
5.67
66.35
19.63
15.25
2.69|
9.90
8.32
10.88
7.52
16.48
11.33
1 4.93
9.59
3.42
3.00
20.36

17.93
36.70
10.35

6.95

5.69
31.78
13.29
46.40
28.57
24.53
22.03
28.43
16.73
20.45

6.29
18.52

4.96}

3.56
18.15

116.32

22.44
12.88
30.50
10.71

2.61
5.98
80.16
16.68
7.26
1.53
8.40
4.80

10.17
.7.85
13.89
11.99

3.76
9.93
2.58
2.07
20.95

16.32
45.56
14.42
1712
.5.86
29.35
13.56
53.82
30.30
28 94
20.59
27.15
17.00
25.54
.6.85
15.45
6.81
5.32
21.06
17.15
24.02
17.88
30.56
11.34
274
7.91
65.50
18.29
17.93
291
8.35
9.36
15.00
7.91
15.04
12.51
5.94
10.31
3.21
3.11
21.25

16.70
33.36
10.69

6.05|

5.95
29.24
13.09
45.80
28.08
18.89
23.40
27.07
17.87
20.98

6.11
13.67

6.31|

5.27
15.85
13.00
21.27
14.50
31.65
11.48
.2.60
9.20
81.21
15.32
9.18
2.50

' 5.46|

6.66
15.48
8.17
12.15
12.77
6.25
10.40
2.05
2.37
20.54

15.76
45.73
12.06
6.64
5.67
31.68
13.57
53.46
25.99
27.34
19.16
28.16
17.63
22.06
6.92
14.27

5.69
20.14
16.28
20.85
17.68
29.43
10.45

2.10
. 7.07
62.28
17.86

18.22

2.80

5.91
10.84
16.08

8.23
16.83
13.756

6.98
10.97

3.61

3.15
21.42

8.15|

-10.33

14.71
46.05
10.14

4.36

5.92
29.29
12.86
46.40
26.35
17.20
20.21
29.03
18.72
17.66

6.82
12.57

4.92

5.74
20.34
11.17
14.78
13.26
33.82

9.13

2.16

8.06
76.31
15.30

*1.93
3.49
10.85
16.43
8.60
15.47
13.91
8.90
10.80
287
2.78
20.13

14.72
40.08
14.55
7.14
' 5.30
34.22
13.35
-51.50
29.90
33.06
18.13
32.15
19.62
20.68
- 6.78
14.14
9.68
5.55
18.44
13.36
28.56
20.52
30.77
10.67
283
7.64
55.77
16.42
17.89
" 351
6.15
12.32
14.76
7.65
18.13
14.00
7.04
11.65
4.06
3.39
20.99

12.28
42.06
11.71
4.96
5.94
32.05
13.75
44.15
25.53
23.55
16.98
31.02
20.30
16.60
6.98
13.61
4.96
4.91
20.16
8.08
25.40
18.55
33.83
7.40
2.66
8.58
66.91
13.19
13.47
3.22
6.49
10.84
15.16
7.57
13.93
14.06
8.40
11.30
3.37
3.30
21.44

13.62

16.56

9.81

14.95

16.98

12.35

13.31

15.73

17.72

13.08

13.94

13.98

16.21

14.59

17.54

13.55

16.06

17.14

14.23

13.11

16.09

17.49

14.26

12.60

16.31
13.14




TABLE 17

MAPE AND MEDIAN APE VALUES OF MONTHLY FORECAST AT 18 STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 24-24-18

series  |model ly+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8 y+9
error |[mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|{mape |m-ape|mape |m-ape|mape
SER400 | 2.03] 4.12| 4.12| 4.80| 4.80] 9.37| 8.66] 15.19| 14.33| 21.56| 20.38| 19.71| 20.50] 18.25| 20.82| 18.49| 17.26| 20.37
SER409 | 1.56| 21.53]| 21.53| 36.91| 36.91| 31.38| 24.98| 24.63| 21.50| 30.68| 30.54| 14.27| 16.57| 15.34| 10.70| 31.61| 27.30| 43.29
SER418 | 0.04] 1.95] 1.95| 6.95| 6.95| 9.18| 8.11] 21.29] 8.93| 17.64| 16.89| 15.47| 11.47| 15.48] 10.28| 18.55| 16.28| 17.58
SER427 | 7.91| 7.48| 7.48| 12.23| 12.23] 8.73| 9.43| 7.49| 7.10| 7.42|] 2.88| 7.50| 4.43| 8.38| 7.84| 7.07| 574 6.83
SER436 | 3.76] 4.50] 4.50 263| 2.63] 2.10] 1.14] 1.55] 1.02| 2.28| 1.80| 3.17| 2.42] 3.24] 231| 4.17] 4.22| 4.96
SER445 | 1.21]| 16.18| 16.18] 12.52| 12.52] 9.81] 9.17| 13.31| 13.80] 20.71! 21.96] 23.94| 25.44| 25.84| 26.46| 21.18| 24.27| 34.30
SER454 | 3.11]| 15.67| 15.67| 19.26| 19.26| 20.21| 22.29| 14.87| 16.62| 15.21| 16.04| 14.13| 15.31]| 10.63| 13.16| 17.34| 17.57| 10.54
SER463 | 16.12] 1.95| 1.95| 26 90| 26.90| 20.61| 20.42| 21.42| 22.06| 23.47| 24.36| 29.14| 30.19| 39.37| 40.98| 42.70| 40.21{ 41.41
SER472 | 3.41| 44.02| 44.02| 33.68| 33.68| 33.18| 35.21| 28.42| 27.67| 20.96| 18.71| 21.20| 19.57| 23.32| 22.49| 24.68| 23 63| 29.21
SER490 1.20| 34.73| 34.73| 25.87| 25.87| 26.08| 23 47| 28.18| 27.11| 24.91| 25 24| 29.42| 28 97| 29.76| 30.34| 28.97| 26.76| 31 85
SER499 | 6.46] 21.57| 21.57] 20.21] 20.21]| 19.64| 20.38] 21.50| 21.83| 19.97| 20 75] 22.11| 22.51| 24.32| 22.10| 25.83| 24.27| 29.77
'SER508 | 5.99| 17.62 17.62| 19 14| 19.14] 19.03| 17.85| 20.51| 20.25| 18.05| 20.50| 21.68| 23.19| 18.27| 20.59| 19.68| 21.00{ 20.98
SER526 | 2.45| 16.69| 16 69| . 9.08] 9.08| 10.66] 5.69].21.01 15.52] 13.94| 12.30| 11.74| 6.31| 16.85| 1287| 14.22] 8.69| 11.76
SER571 | 0.12] 26.68| 26.68| 29.13| 29.13| 37.33| 38.55| 43.85| 43.65| 31.41| 32.77| 24.92| 24.56| 27.93| 27.64| 33.90| 35.18| 26.76
SER598 | 1.57| 3.75| 3.75| 4.38| 4.38] 6.12| 4.51| 6.77|-5.78| 7.62| 786 7.57| 8.11| 7.17| 7.41| 6.83| 6.48| 6.75
SER616 | 899| 876 8.76|. 5.39] 5.39| 4.28| 3.17| 3.17| 1.75| 5.69| 3.03| 6.85| 6.87| 6.09] 4.27| 589| 3.50| 5.93
SER634 | 3.30| 28.17| 28.17] 11.41] 11.41] 23.49] 20.25| 21.22| 21.22] 18.23| 20.36| 19.33|-20.89| 26.68| 29.15| 18.07| 17.07| 20.25
SER643 | 0.06| 14.49| 14.49] 11.36] 11.36] 13 96| 3.55| 17.66| 12.42| 20.07| 16 13| 21.41 1581| 20.39| 3.87| 20.61| 17.50| 25 05
SER652 | 0.13] 546/ 5.46| 1268 12.68| 13.92| 11.08| 8.63| 7.11| 13.95 17 96| 24.33| 22.39 35.04| 36 06| 33.56| 33.85| 29.03
SER661 0.27] 32.86| 32.86] 28.56 28.56| 11.50| 13.75| 5.81| 5.96| 15.10| 20 81| 19.55| 17.36| 22.58| 13.26| 40.48| 17.29| 51.88
SER670 | 0.19] 30.38| 30.38| 45.85| 45.85| 26.44| 21.64| 25.01| 20.86| 26.32| 23.10| 24.54| 21.32| 23.76| 18.46| 23.95| 24.35| 24.40
SER688 | 0.24| 9.68) 968 4.99| 4.99| 8.48| 7.53]| 14.84| 16.06| 13.16| 13.53| 17.05| 17.25| 13.73| 11.21| 31.06( 16.72| 70.84
SER697 0.95| 7.15| 7.15] 3.72| 3.72] 4.69| 6.28| 3.65| 4.18| 536 377 557| 548 6.31| 3.86|. 3.16| 3.48| 254
SER706 | 0.52| 21.82| 21.82| 15.18| 15.18] 10.03| 10.78] 5.85| 5.97| 6.40| 5.64| 8.07| 7.93| 6.47| .6.70| 6.77] 5.92| 4.36
SER724 | 0.04] 25.14| 25.14] 7.62| 7.62| 18.86| 22.75| 28.93| 29.31| 20.43]| 19.13| 19.73| 16.20| 26.06| 26.50| 17.22| 15.27| 35.44
SER733 0.14| 66.47| 66.47| 22.78| 22.78| 32.80| 27.09| 31.25| 35.10| 32.26| 22.70| 23.44| 24.03| 15.67| 13.07 839 6.75| 8.22
SER742 0.29] 4.48| 4.48| 4.68| -4.68] 3.82] 3.95| 4.64 5.13|] 7.83| 9.74/ 5.92| 580| 6.88 593 9.97| 9.69| 7.26
SER751 0.20] 0.38] 0.38] 7.47| 7.47| 13.18| 11.99] 10.50] 7.45| 9.08| 8.41| 8.19| 6.07| 591] 2.19| 7.74] 565 7.68
'SER760 | 0.41| 0.49| 0.49| 6.52| 6.52| 2.26] 2.71] 7.63| 7.16| 10.66| 11.25 "8.81} 9.21} 13.79] 13.55| 15.87| 16.33| 14.08.
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y+10

y+11

y+12

y+13

y+14

y+i5

y+16

y+17

y+18

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

23.83
33.40
10.74
4.75
4.79
33.61
9.58
34.77
25.20
2942
29.87
21.28
6.38
24.66
5.59
3.40
13.66
12.15
3238
20 66
27.39
19.59
2.08
3.75
27.53
5.55
5.90
8.10
13.62

18.49
35.07
10.16
6.18
5.58
31.62
10.44
45 09
2202
31.39
28.84
2271
14.21
28.41
5.69
5.96
16.12
18.11
3329
35.50
25.66
70.04
3.37
467
25.23
6.46
6.25
6.82
8.56

17.11
21.44

6.66

4.78

5.73
29.92
12.78
45.25
23.32
31.08
27.38
24.50

8.31
23.28

4.56

6.09
14.22
14.00
32.92
16.44

26.20|

33.07
3.92
4.45
18.86
3.92
6.52
5.95
6.14

17.63
31.60
10.02
7.50
6.46
30.91
13.62
43.38
19.94
30 40
33.74
22.12
13.12
29.14
535
6.23
20.44
20.49
33.42
44.02
24.12
54.36
4.15
5.05
23.69
8.41
5.10
6.14
12.88

16.25
20.89
7.29
6.07
6.72
29 27
13.65
44.23
22,67
29.30
33.20
24.30
7.46
21.80
447
4.44
18.66
17.15
32.22
18.09
23.48
18.47
4.48
4.96
19.40
5.82
475
5.46
11.51

19.94
32.47
11.44

9.07
6.99

38.71
13.70
44 39
20.17
2953
33.08
25.59
17.46
29.20

4.49
6.02

21.31
18 52
27.39
25.32
23.98
34.86

4.09
5.81
17.08
13.19
5.68
7.62
9.44

21.78
25.66
7.86
8.35
7.03
37.69
13.42
47.19
17.41
31.44
33.77
26.95
11.61
25.23
4.61
6.57
21.69
15.13
24.66
10.31

25.62|

13.13
3.90
6.00

11.65

13.56
5.94
5.63

10.63

19.52
30.31
14.98

8.82

7.57
29.25
13 09
43.16
22.79
2560

"35.67
25.64
20.23
27.19

5.25
5.58
22.77
17.51
20.79
23.40
27.60
1915
3.83
7.75
17.39
18.13
6.29
7.56
11.17

21.18
15.26
12.64
8.12
7.63
31.15
11.13
4432
21.32
25.11
36.66
27.03
17.17
26.48
5.01
5.17
19.45
13.23
11.87
17.73
22.06
9.64
3.44
7.41
12.30
12.47
7.01
4.78
15.57

19.47
27.35
12.98
7.73
7.46
34.56
13.94
43.79
22.88
23.35
37.15
25.23
20.06
27.09

568 )

6.1
27.00
15.95

20.16|

22.38
36.27
16.45
3.63
7.70
17.29
17.81
6.94
9.50
12.01

19.99
21.01
10.04
6.34
7.06
36.03
11.15
44.37
21.13
22.93
37.83
25.75
16.93
27.09
6.28
' 523
19.95
"13.23
14.75
16.77
22.86
10.67
2.80
7.31
11.66
12.69
688
7.44
13.37

16.72
16.73
13.98
6.78
7.54
35.01
16.17
44 .26
21.55
25.27
39.02
24.19
18.85
29.26

6.36]."

6.34
26.35
16 88
21.57
16.94
35.84
16.42
4.29
8.24
15.54
19.82
7.10
13.25
10.96

16.26
8.54
9.07
4.49
7.32

34.89

14.37

43.23

19.05

25.89

39.54

25.51

11.54

31.58

6.71

6.34

-22.01
14.20
17.53
12.14

30.77
12.53
463
7.73
14.74
14.98

6.09|

12.45
11.29

15.86
20.78
13.38

8.97
7.42
27.32
14.65

.38.77
19.88
21.76
38 61
25.58
18.82
32.07

7.36
6.23
24.21
14.05
19.08
19.61
34.98
11.73
3.38

8.76|

21.48
21.48

6.50
14.35
14.90

14.74
13.73
8.91
6.91
7.14

26.44|

12.32
4286
19.42
22.50
39.35
26.90
12.75
35.79

6.27

6.17
20.14
14.30
16.39
15.59
29.56
-7.82

2.67

9.1
17.46
17.29

5.11
13.61
13.39

14.31
18.24
12.48
7.78
7.87
32.90
14.20
36.23
18.88
14.57
42.20
25.19
1714
25.16
9.26
7.04
23.96
14 01
17.59
24.00
36.07
11.46
2.78
7.72
16.81
18.41
6.96
13.53
18.89

14.75
11.39
9.48
6.60
7.55
34.09
12.35
37.62
19.01
12.37
4275
27.33
12.81
24.47
6.25
7.59
22.38
13.71
10.36
20.08
31.99
9.46
217
7.98
14.26
.9.07
5.82
13.02
19.10

13.56
21.19
13.74

7.48

8.34
30.87
15.93
36.99
17.94
14.92
44 55
26.42

-16.49

23.38
11.48

7.28
24.20
14.41
15.19
29:87
34.14
22.62

1.94

7.28
19.18
22.08

7.41
11.36
17.17

13.72:

19.54
8.13
4.36
8.80

31.47
14.08
39.86
17.33
13.62
44.88
27.84
12.47
21.21
7.64
7.91
12272
11.63
14.82
24.22
32.62
25.96
1.97
7.60
15.45
13.49
5.44
10.61,
18.53,
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TABI.E 17 CONTINUED..

series  |model y+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8 y+9
error jmape |m-apejmape |m-apejmape |m-apejmape |m-apejmape |m-apejmape |m-apejmape |m-apejmape |m-apejmape
SER769 | 0.06] 0.68| 0.68| 18.74] 18.74| 13.72| 13.72| 10.52| 11.80| 10.99| 12.28] 12.89] 10.73| 12.38] 13.14] 15.89| 16.42| 15.22
SER787 | 3.33| 3.37| 3.37| 4.04| 4.04] 4.53| 4.55| 4.23| 4.29| 4.87| 4.13| 6.19] 6.03| 7.43| 8.15] 9.48| 926/ 10.31
SER796 | 2.75| 16.40] 16.40| 7.61] 7.61| 25.43| 19.30] 21.73] 22.46| 22.12| 14.87| 21.01| 20.83| 22.38| 22.17| 18.56| 18.36] 19.78
SER805 | 4.97| 3.96] 3.96| 5.59| 5.59| 6.83| 6.84] 7.87| 8.23| 875 8.76] 9.73| 10.09| 10.65| 10.98| 11.57| 11.62| 12.33
SER823 4.41] 2.01] 2.01| 240] 240f 2.79| 2.86| 3.27| 3.28] 3.71| 3.87| 4.20] 4.50{ 4.77| 5.24 - 524| 5.72| 584
SER832 | 0.54| 3.66] 366 4.57| 457| 5.22| 529 586 599| 6.63] 6.74| 7.35| 7.24| 8.09| 7.80] 8.58| 8.46| 9.34
SER877 | 653 235| 235 3.18| 3.18] 243| 2.01| 251 248 4.38| 3.83] 539| 4.86| 4.47| 3.00] 3.95| 2.66] 3.95
SER904 | 0.78| 10.90{ 10.90| 8.33| 8.33| 10.20] 9.54] 9.51| 847| 8.15] 7.31| 6.23] 580/ 6.53| 8.00] 4.61] 4.64] 3.86
SER922 | 8.61] 11.30| 11 30| 12.72| 12.72] 14.58| 15.09] 16.39| 17.16] 16 36| 18.30| 18.00| 18.46] 19.51| 20.88| 21.02| 21.96| 22.27
mean | 14.44| 14.44| 13.66| 13 66| 14.13| 13.04| 14.75| 13.97| 14.90| 14.44] 14.99| 14.33| 16.05| 14.83| 17.29| 15.56| 19.64
stdev | 14.18] 14.18| 10 83| 10.83] 9.76] 942| 9.97| 10.02| 828| 820 7.77] 7.96| 9.29] 9.96] 10.65| 961]| 1518

16



TABLE 17 CONTINUED.

y+10

y+11

Jy+12

y+13

y+14

y+15

y+16

y+17

ly+18

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

mape

m-ape

12.36
9.92
16.37
12.55
6.51
9.31
3.10
3.66
2261

10.89
10.83
14.56
13.16
627
9.85
3.39
3.39
23.12

11.57
10.52
6.35
13.56
7.05
10.06
226
3.18
23.78

6.07
10.91
13.38
14.15

7.08
10.69

4.64

3.60
2529

3.35
11.12
13.52
14.46

7.45
11.09

4.60

3.28
26 04

9.45
11.20
14.19
14 91
7.98
1138
5.78
351
27.07

9.26
11.27
12.89
14.93

8.47
11.69

4.71

1.45
28.40

10.72
25.02
15.88
8.94
12.03
5.61
482
27.04

3.62
10.72
22.82
16.01

9.55
12.26

5.79

2.45
30 89

6.25
11.50
22.24
16.69

9.78
12.62

4.79

4.65
28.14

3.99
12.41
21.76
16.57
10.45
12.70

4.40

1.87
31.28

8.89
11.70
23.29
17.56
10.10
13.15

5.02

544
28 72

5.7
13.10
23.02
17.67
10.18
13.11

4.32

4.03
31.37

10.96
12.03
15.81
18.38
10.05
13.71

6.15

538
28.34

9.85
13.12
14.68
18.37
10.42
13.64

5.45

~3.55
31.98

11.27
11.95
22.62
19.32
9.61
14.35
5.39
535
-30.10

11.39
12.45
22.49
19.42
10.20
14 21

5.29

4.02
31.91

12.57
12.33
22.19
19.71
9.09
15.01
5.55
508
31.21

11.70
12.23
20.50
19.73
9.41
14.72
5.86
4.83
29.51

*15.53
10.43

17.83
14.15

14.92
10.75

17.87
12.88

15.04
10.18

17.42
10 86

15.72
10.62

17.26
968

15.43
9 86

17.49
10 23

15 66

10.13

17.50
10 05

16.00

10.33

17.18
9.19

15.94

9.89

16.99
9.40

15.72

9.87

17.64

9.65

16.48

9.97.
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APPENDIX C

TEST RESULTS WITH QUARTERLY DATA
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TABLE 18

94

MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 1
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 4-4-1

MAPE & MEDIAN APE AT 8§ STEP FORECAST OVER QUARTERLY DATA

20 1
18 1
16 +
14 ¢
12 ¢
error 10 1

series |model |y+1
error |mape |[m-ape
SER157 || 2.17] 9.05] 7.83
SER184 1.18] 6.64/ 5.19
SER193 | 0.58| 30.08| 16.58
SER202 | - 0.42] 3.92] 271
SER211° | 0.98| 31.94| 31.24
SER220 | 0.38| '38.69| 28.99
SER229 | o0.84] 201 141
SER238 | 1.12| 5.73] 6.01
SER265 0.73| 5.08] 4.68 .
SER283 | - 1.6| .2.86| 254
SER292 | ‘09| 13.3] 114"
SER301 0.64] 251 216
SER310 0.04f 2.69] 2.67
“SER319 0.95 3.42| 288
SER328 0.61| 358 3.48
SER337 0.6 3.02 1.9
SER346 0.85| 14.67| 10.11
" SER355 0.64| 3.55{ 3.23
'SER364 0.5| 237] 276
SER382 | . 1.35| 22.94| 22.16
/ mean 10.4 8.5
stdev 11.36| 9.14
CHART 8
ARCH. 4-4-8

o N MO

y+1

y+2

y+3

y+4

y+5
step

y+6

y+7

y+8

— mape

- - med-ape




MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 2

TABLE

19

STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 4-4-2

series  |model |y+1 y+2

error __|mape |m-ape [mape [m-ape
SER157 526] 946f 7.09] 7.61 6.64
SER184 228 6.79]° 7.84 7.1 542
SER193 1.16] 26.71] 16.13| 32.25| 23.77
SER202 0.77 3.2 2.29 4.31 3.25
SER211 2.48| 18.03| 14.54| 32.34| 32.38
SER220 1.74] 32.17| 26.03] 44.51| 54.91
SER229 147 1771 163} 4.68 3.93
SER238 218 563 511 598 574
SER265 1.93 6.37 7.59] 11.94 11.07
SER283 3.16 3.28 1.94] - 5.75 4.64
SER292 299 1249] 10.92] 8.69] 8.44
SER301 2.89] 3.68/ 4.07| 5.08 5.2
SER310 0.28 3.42 3.238 481 4.68
SER319 1.8 44| 505 694 6.63
SER328 1.77] 4.43 52| 5.09 4.2
SER337 0.99] 3.83 2.6 3.7] 256
SER346' 1.21 9.31| 8.88 24| 16.87
SER355 0.86] 3.47 25| 743 874
SER364 0.72| 1.52| 152 258 227
SER382 1.36] 23.66| 29.74| 35.43| 38.68

mean 9.18 8.2 13.01 12.5

stdev 8.93| « 791 1287] 14.2
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TABLE 20

MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 4
STEP WITH a = 0.1, B8 = 0.1 WITH ARCH. 4-4-4

series |model |y+1 y+2 y+3 y+4

error |mape |m-ape [mape |m-ape |mape |m-ape |mape |m-ape
SER157 9.31 9.06| 6.21| 11.41] 1224 8.31 7.83] 6.02] 6.77
SER184 394 793 782 635 6.42 859 9.88 898 7.05
SER193 1.36| ' 27.66] 12.3] 3229 18.63| 35.5| 30.58| 36.15| 33.93
SER202 1.11] 267 33| 225/ 218 3.23] 296 4.16] 2.98
SER211 489 11.2| 6.45| 20.38] 19.55| 27.33| 18.85| 24.88| 21.43
SER220 4.22] 33.27| 18.66 39| 34.28| 35.58| 42.42| 30.19] 24.68
SER229 2.29 4.31 4.15 4.36] + 3.82 5.78 4.1 4,76 3.78
.SER238 2.89| 6.31 6.98] 6.59] 634/ 6.99] 7.03f 727 6.84
}SER265 4.03 533| 4.18 10.93| 10.56| 16.31| 15.08] 21.31| 22.26
'SER283 478 233 199 476/ 3.46| 7.06f 4.85 9.12| 7.14
SER292 5.02] 11.34| 10.18] 11.44] 11.24] 9.24 6.2y 997 745
SER301 3.49 3.43 3.1 5.83 6 34 7.21 7.54 8.43 9
SER310 0.51 3.62] 3.62[ 569 565 75{ 747 9.08f 9.49
SER319 4.29 5.56 5.71 9.21 8.74] 11.49] 11.71] 14.46] 13.52
SER328 3.18 5.06/ 5.97 6.6] 7.42] 894 9 761 8.09
SER337 2.07 4.62 3.5 4.76 3.64 6.09 5.21 5.81 5.32
SER346 3.36f 10.49] 10.67] 16.04| 15.57| 23.33] 17.13] 35.03| 29.96
- SER355 3.011 3.58] 435 694 7.76| 10.55| 10.56| 15.62] 14.72
SER364 3.87 1.38 0.4 2.47 1.2 3.11 2.16 3.89 3.6
SER382 2.57] 20.53| 29.91| 29.67| 34.18] 35.33| 35.58| 39.09| 39.8

mean 8.98 7.47] 11.85| 10.96/ 13.87| 12.81| 15.09] 13.89

stdev 8.6 6.71] 10.49 11.08] 11.16] 11.69] 10.97

9.44
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TABLE 21

MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 6
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 4-4-6

series  |model y+1 y+2 y+3 y+4 y+5 +6
error |mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape
SER157 | 11.04| 10.48| 7.46] 11.21] 10.32| 9.86| 10.01] 8.58| 8.78| 5.39] 6.35| 6.99] 3.02
SER184 | 548{ 7.89| 558 7.51| 8.16| 8.63| 9.64] 7.56| 8.53| 8.61| 8.50| 851| 7.34
SER193 | 0.67| 17.56] 1.58| 37.74| 28.24| 41.76| 43.85| 37.78| 32.86| 40.63| 48.63| 38.66| 32.07
SER202 | 1.05| 3.30] 2.84] 3.45| 3.82] 287| 3.06|] 264| 267 3.19| 267| 3.27| 2.77
SER211 | 4.94| 16.58| 21.66| 14.32| 10.19| 18.01] 13.59| 16.92| 15.05| 21.62| 26.00| 25.73| 26.17
+ SER220 5.92| 49.14| 33.68| 45.71] 48.25| 31.14| 38 32| 29.55| 24.00| 31.01| 33.72| 31.66] 27.57
SER229 | 3.38| 3.87| 3.23| 4.98| 4.24] 5.02| 4.93| 7.49| 863| 538 571 7.78] 6.21
SER238 | 3.84| 3.96] 457 626 593| 7.78| 7.06| 7.98| 8.57| 9.46| 10.25| 9.50| 9.19
SER265 | 5.30f 6.90| 537| 12.84| 12.99( 16.93| 15.61| 21.43| 22.10| 25 89| 26.23| 28.73| 27 72
SER283 | 6.01| 1.80] 185| 338] 3.50| 5.09] 4.40| 714] 6.12| 9.10| 6.72| 11 13| 876
SER292 | 596| 14.67| 18.19] 10 98] 11.23| 10.38| .7.71| 12.00| 10.03| 13.72| 10.35| 11.49| 6.87
SER301 | 3.98| 3.16] 292| 502| 5.47| 6.53| 6.98| 8.10] 9.33| 9.46| 11.46| 10.13| 12.48
SER310 | 0.77f 3.46] 346| 5.59| 5.60| 7.75| 7.78] 968| 9.90| 11.48| 11.74] 12.85| 13.10
SER319 | 6.79] 4.51] 459 8.61] 8.49]| 12.61| 12.56| 15.48] 16.14| 16.46] 15.50| 16.12| 16.78
SER328 | 3.56| 5.83| 6.22| 8.87| 9.13| 11.68]| 11.37| 11.16| 12.08| 12.05| 14.04| 10 54| 11.50
SER337 | 259| 383| 405 6.26] 4.37| 7.23| 5.87| 752| 6.72| 896] 7.96/ 9.30| 8.02
SER346 | 5.32| 8.07| 6.24] 19.16] 16.52| 27.61| 21.31| 32.59| 32.72| 34.32| 44.90| 39.18| 42.77
SER355 | 5.39] 4.83] 483] 9.75| 9.69| 16.42| 17.65]| 21.78| 23.12| 25.17| 26.30| 28 04| 28.50
|SER364 | 434 0.34| 037 0.70| 0.35| 1.54| 0.18] 2.76] 1.60{ 3.80| 2.20| 4.53| 4.02
SER382 | 3.67] 26.90] 36.32] 28.59| 33.02| 27.78| 29.88| 34 23| 28.38| 39.07| 31.40| 42.78| 43.51
mean | 9.85] 8.75| 12.55| 11.98] 13.83] 13.59] 15.12| 14.37| 16.74| 17.53| 17.85| 16.92
stdev | 11.33| 10.37| 11.82| 11.70{ 10.65] 11.63] 10 82| 9.56| 11.96| 13.76| 12.67| 12.96
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TABLE 22

MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 8
STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 4-4-8

series  |model y+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8

error [mape m-apel[mape [m-ape|mape [m-ape|{mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape|mape |m-ape
SER157 | 11.37| 881 8.81| 6.42] 6.42| 9.49| 8.99| 8.92| 10.75| 5.25| 5.10f 6.26] 3.25| 8.28| 3.75| 9.25| 5.67
SER184 | 6.77| 8.09] 8.09| 868| 868 7.56| 9.11| 571| 514] 6.71| 6.53| 6.84| 6.37| 8.49| 6.74] 9.03| 8.01
SER202 | 0.69] 2.62| 2.62| 2.10] 2.10| 2.53| 245 2.56] 2.56] 2.92| 295 2.79| 2.13| 4.13] 4.11| 541| 561
SER211 6.13| 2.54| 2.54| 25.19| 25.19| 29.66| 32:98| 17.87| 16.88| 16.29| 19.14| 25.93| 25.79| 20.05| 17.24| 29.38] 29.6¢€
SER220 | 6.43| 40.32| 40.32| 31.33| 31.33| 22.95| 27.94| 27.06| 25.01]| 26 20| 19.87| 31.65| 24.74| 34.77| 28.92| 35.00| 31.4€
SER229 | 3.39| 4.65| 4.65 8.63| 8.63| 6.07| 891f 7.70] 9.05| 851 897| 9.90| 927| 838 6.87| 9.69] 86
SER238 | 4.87| 1.58] 158| 3.68] 3.68| 431| 5.03| 6.18] 557 9.02| 7.63| 9.63| 10.67| 9.20| 10.46| 9.04| 98z
SER265 | 7.65 9.69] 969 14.43] 14.43| 18 09} 19.53| 22.63| 22.51| 26.78| 26.36{ 30.18| 29.59| 32.68| 33.30| 34.96] 34.98
SER283 | 8.45| 228| 228| 3.42| 342 4.43| 442 562| 550/ 7.03| 6.04| 882 6.98] 1070] 8.31| 12.42| 1025
SER292 | 6.63| 16.52| 16 52| 12.56| 12.56] 13 35| 8.08| 13.66| 13.68| 1809] 9.62| 12.88| 5.24| 15.01| 13.89| 13.53| 882
SER301 5.47| 270] 270 447 4.47| 534 6.63| 7.05 7.40|- 835 825 886 9.59| 9.41] 991| 9.78| 10.64
SER310 | 1.23] 4.99] 499| 6.96] 6.96] 8.11] 8.46]| 10.03| 10.00{ 11.86] 11.10| 13.31} 13.10| 14.62| 14.55| 15.89| 16.77
SER319 | 10.19] 5.19] 5.19] 8.21| 8.21] 10.35| 10.74| 13.14| 13.44| 16.53] 15.29]| 17.20| 17.78] 16.87| 19.86] 16.10] 19.63
SER328 | 2.87| 5.04| 5.04| 11.05| 11.05| 13.82| 15.51| 14.52| 14.21| 15.57| 15.69| 14.26{ 14.81| 14.17|.17.15| 13.85| 14.70
SER337 | 3.13| 2.55| 255/ 3.97| 3.97| 5.10] 5.01| 8.18| 6.71] 9.29| 7.82| 9.83| 8.54| 11.37| 10.38| 11.92] 11.03
SER346 | 5.82| 16.22| 16.22| 28.83| 28.83| 37.69| 39.83| 44.00| 45.26| 44.48| 47.81| 44.93| 48.10| 44.22| 47.08| 42.95| 47.19
SER355 | 10.02] 4.96] 496 ‘10297 10.97] 19.27] 19.19] 26.93| 26.96| 31.24| 32.34 32.38 35.17] 32.33] 36.04] 31.16] 33 23
SER364 | 4.32| 0.59] 059| 0.34| 0.34| 0.21] 0.28] 0.97| 0.70| 220 1.83| 3.45| 2.55| 3.99| 3.12| 4.32| 3.56
SER382 | 4.33] 31.54] 31.54}40-25| 40.25} 34.88} 33.43| 33.46] 31.78] 35 35| 24.19| 39.35] 41.74| 43.08} 48.29| 38.36| 38.31

mean | 899} 899} 12.18] 12.18] 13.33f 14.03} 14.54| 14.37| 15 88| 14.55| 17.29} 16.60| 17.99} 17.89| 18.53] 18.31

stdev | 10.58 11.12] 11.04f 11.64| 11.46] 11.40 11.62] 12.72] 13.78| 12.85{ 14.18] 12.35| 13.19

10.58|

11.12

11.81
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TABLE 23

| MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 1
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 8-8-1-

MAPE & NﬂéDIAN APE AT 8 STEP FORECAST OVER QUARTERLY DATA

20.00 T
18.00 +

16.00 ¢

14.00 +

12.00 7

error 10.00 -
8.00 t

6.00

4.00 1

2.00

0.00

series model |y+1 .

' _ |error |mape |m-ape
SER157 180 6.41] 583
SER184 | - 0.61] 6.92[ 5.10-
SER193 0.04| 32.52| * 27.10
SER202 0.05|. 395 215
SER211 0.47| 36.03| 43.22
SER220 0.23| 47.59|. 37.63
SER229 0.09]° 4.19| 4.9z
SER238 0.36] 4.79| 3.66
SER265 0.34] 552 5.53
SER283 0.51] 290 ' 2.54
"SER292 0.92| 13.94|  11.89
SER301 0.34] 225- 1.66
SER310 0.04|, 290 2.90
SER319 0.17] 4.39| 3.04
SER328 0.18| 3.14, 2.80
SER337 0.31] 3.86] 236
SER346 0.39] 11.15| 6.92
.SER355 0.28/ 3.92| '4.19
SER364 0.30] 1.25) - 1.02
SER382 0.55| 18.25| 17.97

' mean | - 10.79] 9.62
|stdev 12.98] 12.29
CHART 9
ARCH. 8-8-8

y+1

y+2

y+3

y+4

y+5 y+6

step

y+7

y+8

99

— mape

- - med-ape




TABLE 24 100
MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 2
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 8-8-2
series |model |[y+1 y+2
* ~ lerror |mape [m-ape |mape |m-ape
SER157 3.01 8.86| - 10.10 6.73 5.88
SER184 1.35 6.55 4.81] - 5.91 4.06
‘SER193 0.04] 35.82] 40.56] 34.69| 30.16
SER202 0.19 3.02 1.81 420 - 3.44
SER211 149] 23.11] 19.93| 40.33] 41.22
SER220 0.72| 45.51| . 44.98| 49.14] 55.05
SER229 0.31 4.82 3.93 7.02 6.14
SER238 0.74 4.75 4.42 5.78 5.82
SER265 0.70 7.48 888  11.37] 11.34
SER283 1.34| 336 207 529 4.24
SER292 2321 13.19] 12.76] "11.20 9.16
SER301 1.04 3.09] 252 4.01]. 4.84
SER310 0.11 3.96 3.73|. 4.84 4.71
SER319° 0.89 5.13 4.69 8.01| 7.22
SER328 | 0.33 253, 145 3.69 2.57
SER337. 0.54 3.94 3.05 4.08 3.24
SER346 | 0.82 6.79]. -5.02] 15.83] 13.40
'SER355 1.15 477 4.61 '7.21 8.18
SER364 0.70 131 0.92 1.96 1.23
SER382 0.74] 2239 25.45| 30.47| 35.24
) mean 10.52| . 10.28[ 13.09| 12.86
stdev 12.01] 1279] 13.86] 15.05
TABLE 25
MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 4
STEP WITH o = 0. 1, 8= 0.1 WITH ARCH. 8-84
series  [model |y+1 ] y+2 , y+3 v+4
error _|mape [m-ape |mape |m-ape |mape |m-ape |mape |m-ape
SER157 4.65 5.64 5.46 8.48] 8.47 6.01 5.54 7.06 4.90
SER184 213 - 6.41 7.00 5.40 6.89 6.37 7.62 7.33 6.24
SER202 0.36 2.14 2.26 2.18 2.14] 3.39 3.17 4.33 3.19
SER211 190 22.86( 16.16| 31.85| 29.61] 38.73| .33.81] 30.36| 21.73
SER220 1.60] 33.84] 31.24] 3996 40.42| 44.58| 47.36|] 44.62| 40.84
SER229 0.93 5.75 4.79 8.28 6.89|. . 8.02 7.51 7.81 6.96
SER238 1.37 4.64 2.63 5.64 498 7.66 8.36 7.77 9.03
SER265 107 6.42 499 11.41| 11.34f 16.17] 15.70f 20.74f 21.40
SER283 2.64 2.66 1.99 4,54 3.02] ° 6.65 3.85 8.94 6.93
SER292 3.42] 15.15] 15.31 13:04 6.52| ' 12.26 7.72] 10.42 6.53
SER301 1.80 3.48 3.09] . 5.12 6.10 6.05 6.46 6.80 7.54
SER310 0.30 5.33 5.01 6.83] - 6.75 - 795 . 795 9.10 9.52
SER319 2.65 6.88 7.64f 10.64| 10.85| 13:74] 14.79] 15.62| 17.70
SER328 0.56 5.13 5.53 5.30 5.28 5.68 7.18 6.07 6.26
SER337 1.09 4.59 3.29 5.41 438 6.05 5.34 6.38 5.87
SER346 1.56] 10.28 8.89] 13.65| 10.65] 19.67] 11.58| 31.10| 26.46
SER355 2.47 6.27 7.49] 1047 12.01] 15.00] 16.80] 18.92] 19.91
SER364 1.35 1.30 0.18 2.29 1.21 2.94 1.86 3.70 3.27
SER382 0.69] 19.08] 21.88] 29.76] 31.93| 34.19] 32.38} 32. 78| 30.98
mean 8.83 8.15| 11.59] 11.02 13.74] 12.90] 14.73] 13.43
stdev 8.30 7.82| 10.58| - 10.81] 12.28] 12.12] 11.83] 10.71




TABLE 26

MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 6
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 8-8-6

series  |model |y+1 y+2 y+3 y+4 y+5 y+6

error |mape ‘|m-ape |mape |m-ape’|mape |m-ape |mape |m-ape |mape |m-ape-|mape |m-ape
SER157 | 5.77| 6.49| 5.37| 9.10| 7.48] 805 755 7.05 672 538] 3.42| 739 4.22
SER184 | 3.14] 7.03| 6.93| 6.76] 7.37| 7.21| 5.62| 521] 4.32| 846] 8.69] 9.03| 7.81
SER202 | 0.18] 280| 3.83| 3.63|] 3.59| 258 3.08/ 256 257 3.28| 3.13| 3.47 3.04
SER211 2.99| 3399| 43.64| 29.18] 32.99] 24.19] 20.47| 33.54| 32.32| 26.65| 22.80] 40.21| 42.75
"SER220 | 3:17| 45.94| 32.30| 40.75| 45.18| 3266| 34.34| 38'33| 36.63| 39.44| 49.28| 38 28| 38.36 *
SER229 | 1.21] 555| 553| 571 545 7.30| 8.66| 9.16] 832 7.93| 6.26] 956 8.26
SER238 | 1.84f 276 1.51| 529 4.13| 657 7.57| 7.47| 852 9.05| 11.09] 9.08| 10.77
SER265 |. 1.66] 666| 4.83| 11.89| 12.16| 15.74| 14 81| 20 25| 21.45| 24.85| 24.62| 28.09| 27.42
SER283 | 337 219 231| 3.26| 3.09| 4.96| 4.25| 7.33] 6.28 9.50| 7.43| 11.21] 9.1
SER292 | 335| 2552| 29.49| 17.27| 1683| 13.98| - 7.36| 12.73| 7.97| 16 04| 13.50| 13.70] 12.35
SER301 207| 357| 298 572| 614 731 7.69| 812 860 820 - 8.84| 879 9.26
SER310 | 0.47| 5.22| 532 6.88] 6.95 874 8.82| 1012] 10.28| 11.65| 11.78| 12.86| 13.11
SER319 | 3.88| 5.34] 4.18] 9.57| 9.74] 13.28] 13.12| 15.27| 16.34| 1527| 17.96| 14.57] 16.22
SER328 | 0.63| '6.76] 7.98| 871 853 847 885 926 1098} 9.71] 9.71| 9.41| 10.61
SER337 | 1.37| 3.65| 3.40f 691 494| 709 599 803| 6.95 9.46] 8.84| 10.07] 9.18
SER346 | 2.38| 10.79] 11.99]| 18.17| 16.61| 22.59| .12.42| 27.38| 27.01| 29.82| 40.04| 38.55| 47.45
SER355 | 2.19| .8.67| 8.22| 13.89| 14.65| 20.87| 23 05| 25.17| 26.95| 27.68| 29.48| 27.94| 28.04
SER364 | 1.57| 024] 021 078 042 1.60| 029 268 1.41] 3.46] 1.99|  4.22| 3.49
SER382 | 0.84| 18.53| 21.74] 23.10] 25.00] 27.31] 31.52| 28 63| 28.14] 26.63| 25.33] 24.88| 25.86

mean | 10.62| 10.62] 11.93] 12.17| 12.66] 11.87| 14.65| 14.30] 15.39] 16.01| 16.91] 17.23

stdev | 1208] 12.11] 10.04f 11.35] 8.88] 9.27] 10 87| 10.90] 1049| 12.93] 12.07| 13.66
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TABLE 27

MAPE AND MEDIAN APE VALUES OF QUARTERLY FORECAST AT 8
STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 8-8-8

series model |y+1 y+2 y+3 y+4 y+5 y+6 y+7 y+8

error |mape |m-ape’'|mape |m-ape’|mape |m-ape [mape |m-ape |mape |m-ape |mape |m-ape |mape |m-ape |mape [m-ape
SER157 | 5.05| 6.89] 6.89] 3.58] 3.58 824 539| 6.74f 7.26] 7.77| 4.82| 8.03] 6.28] 851 4.61| 10.61| 6.00
SER184 | 4.24] 9.03] 9.03] 9.60] 9.60] 6.56] 8.28] 5.59| 5.31| 9.70| 1237 9.00{ 8.14f 9.87| 10.14f 9.99| 7.81.
SER211 3.07] 11.13| 11.13]| 35.65| 35.65| 44.34| 48.86| 27.04| 26.66| 33 59| 36.20| 28.08| 19.21| 26.41| 30.91| 38.49] 43.55
SER220 3.00| 34.53| 34.53| 23.10| 23.10| 29.45| 19.59| 3531|-34.46| 34 71| 31.81| 37.61| 40.95| 33.66| 32.53| 33.57| 32.56
SER229 150 7.79| 7.79| 7.93| 7.93| 655 '7.42| 7.67| 7.33| 8.71| 7.64| 10.24| 8.13| 10.53| 8.53| 8.05| 7.77
SER238 | 256 1.31| 1.31| 1.58| 158 3.17] 2.70| 598 534 7.11| 7.62[ 7.45 873 850 10.98 847| 10.23
SER265 2.91| 10.98| 10.98| 1496| 14.96| 18.30| 1938| 22.53| 22.47| 25.93| 25.41| 29.26| 29.55| 32.53| 32.60| 34.34| 34.79
SER283 455 225\, 225 3.06| 3.06| 4.16| 4.14] 585 573| 7.57| 7.29| 9.34| 7.94] 10.99|- 9.16| 12.30| 10.62
SER292 | 3.60| 28.70| 28.70| 17.53] 17.53]| 20.45| 24.33| 16.35| 15.66| 21.41] 24.66| 19.58| 19.30| 17.74] 18.18| 16.53| 16.28
SER301 279 206 206| 399 3.99| 5.08| 573 662 633 665 586 7.36| 691 795 8.27| 860 893
SER310 0.70| 6.51| 651 7.79| 7.79] 8.97| . 919 10.74] 10.53| 1219] 11.60{ 13.50| 13.30{ 14.70{ 14.67| 15.90| 16.78
SER319 524] 657 6.57| 852 8.52| 10.20] 10.23| 13.91| 13.12| 14.50] 11.12| 13.94| 13.32| 14.19| 14.91| 14.26| 16.42
SER328.| 068 9.86| 9.86] 11.88] 11.88| 12.25| 12.24| 13.32| 13.53| 14.33| 15.44| 14.12| 14.33| 13.80| 16.63| 13.97| 14.84
SER337 161 299 299 4.60] 4.60] 5.95 '556| 9.03| 7.19] 10.63] 9.32| 11.04| 10.32| 12.70| 12.29| 13.27| 12.51
SER346 235| 14.55| 14.55| 24.76| 24.76] 31.16| 36.15| 37.86| 40.41| 39 21| 44.79| 39.27| 47.85| 40.15| 47.78 44.41| 47.74
SER355 | 2.73| 12.48| 12.48| 15.99| 15.99| 22.83| 23.30| 29.09| 30.09| 32.79| 35.01| 32.45| 33.00| 30.96| 31.96| 29.08| 29.68
SER364 1.72| 051 051|.033] 033|  0.19] 0.17 0.92| 075 213 1.74] 3.26] 2.09| 3.69] 242 4.14| 3.25
SER382 | 0.74| 12.89] 12.89| 28.91] 28.91| 32.08] 36.59| 26.37] 29.60| 22.30| 23.00f 26.40] 25.11| 28.26| 27.80] 26 62| 29.73

mean | 10.06] 10.06] 12.43] 12.43| 15.00| 15.51| 15.61] 15.65| 17.29| 17.54] 17.77| 17.47| 18.06] 18.58| 19.03] 19.42

stdev 8.96] 8.96| 10.14] 10.14] 12.45] 13.66] 11.28] 11.90] 11.52] 12.76] 11.39] 12.92] 10.90] 12.40| 12.09] 13.47
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APPENDIX D

TEST RESULTS WITH YEARLY DATA
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MAPE AND MEDIAN APE VALUES OF YEARLY FORECAST AT 1
STEP WITH o = 0.1, 8 = 0.1 WITH ARCH. 2-2-1

TABLE 28

mode

MAPE AND MEDIAN APE VALUES OF YEARLY FORECAST AT 2
STEP WITH a = 0.1, 8'= 0.1 WITH ARCH. 2-2-2

series y4+1

error' | mape|m-ape °
SER4 | 0.48| 6.43| 6.89
SER13 0.43] 2.59] 1.44
SER22 0.04{ 0.04| 0.03
SER31 0.04| 0.55| 0.5z
SER40 0.46] 1.03] 1.25
SER49 0.42| 7.65| 6.67
SERS8 0.39| 1.34 0.68
SER67 0.72| 0.93| .0.75
SER76 | 0.16 2.27| 2.09
SERS85 0.04| 0.29| 0.32
SER94 0.09| 0.76| 0.58
SER103 | 0.04] 0.41] 0.41°
SER112 | 0.18{ 0.1| 0.11
‘ mean| 1.88| 1.67

stdev| 2.43| 2.3%

TABLE 29

series modely+1 y+2

error |mape|m-apel mape|m-ape
SER4 2.79| 6.53| 7.42| 12.8| 14.1
SER13 | 4.89| 2.65| 1.82| 9.1] 8.73
“SER22 | 0.06( 0.14] 0.1] 0.47| 0.38
SER31 1.54| 1.42| 1.03| 9.75| 7.44.
SER40 | 0.86| 0.75| 0.82| 6.14| 8.33
SER49 | 0.92 9| 5.37| 20.7| 20.5
SER58 | 0.29| 2.94| 3.01| 9.33| 8.47
SER67 | 0.56| 1.06| 0.94| 3.69| 3.02
SER76 | 0.56| 3.61| 2.99| 7.42| 7.97
SER85 ' | 0.45| 1.15| 1.46| .3.6] 3.37
SER94 { 0.39] 1.1| 0.74| 5.65| 4.46
SER103 | 0.04] 1.64| 1.58| 4.72| 4.77
SER112 | 1.2] 0.27| 0.33| 1.69] 1.94

mean| 2.48| 2.12| 7.31| 7.19

stdev| 2.6] 2.13| 5.31] 5.39
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TABLE 30

MAPE AND MEDIAN APE VALUES OF YEARLY FORECAST AT 4
STEP WITH a = 0.1, 8 = 0.1 WITH ARCH. 2-2-4

series modely+1 y+2 y+3 y+4

error | mapejm-apel mapejm-apel mapejm-ape mape|m-ape
SER4 2.89{ 5.29| 4.88| 12.8 15.4| 14.7| 13.5| 11.4} 122
SER13 .| 12.4| 2.23| 1.55{ 8.96/ 8.8 16| 13.7| 21.3] 22.1
SER22 0.04| 0.14] 0.15| 0.59| 0.47| 0.97| 0.8 1.34] 1.3
SER31 208 1.12| 1.08| 9.12| 5.86| 10| 6.44| 9.3 5.75
SER40 | 1.6 3.61| 4.04| 8.29| 9.86| 10.7| 11.5 13.2] 124
SER49 1.82| 5.44| 4.5/ 21.4] 21.2[ 19.3| 16.1f 20.4| 17.3
SER58 0.32| 3.44| 3.14| 7.75| 9.65| 13.1| 14.7| 21.4| 19.8
SER85 0.93| 2.89| 3.49 7.09| 7.69| 10.3| 9.47{ 13.9f 13
SER112 | ~ 2.1 0.14] 0.15| 1.58] 1.72| 3.11] 3.35| 4.67| 4.57
mean| 2.7| 2.55| 8.63| 8.96| 10.9] 9.95 13| 12
sidev| 1.98| 1.85| 6.12| 6.39] 5.88| 5.35| .7.23| 7.08

TABLE 31 .

MAPE AND MEDIAN APE VALUES OF YEARLY FORECAST AT 6
STEP WITH . = 0.1, 8 = 0.1 WITH ARCH. 2-2-6

series  |modely+1 y+2 y+3 y+4 y+5 y+6

error | mape|m-ape mape|m-apel mape|m-ape mape|m-apelmape |m-apg mape|m-ape
SER4 294 13| 13| 17.1] 17.1| 16.6( 16.4| 13.1| 14.5| 18.7| 17.1] 20.9] 22.6
SER13 19.2| 0.6 0.6 10.6{ 10.6] 19.6] 22.1| 24.2| 24] 31| 32.4| 36.6| 36.1
SER31 266/ 0.15] 0.15( 4.65| 4.65( 6.2| 6.47| 10.1| 4.74| 8.79| 2.71| 7.5 5.71
SER40 1.18| 6.49| 6.49| 10.5| 10.5| 14.6| 15| 16.3[ 15.5| 17.9| 17.4| 20.5| 21
SER49 1.98| 3.23| 3.23| 7.58{ 7.58| 18.8| 9.37| 19.1| 17.4] 12.8| 5.08| 18.9| 22.2
SER58 0.14] 3.51] 3.51| 10.9] 10.9] 149| 16.9f 22| 21.7| 28.9] 24.2] 36| 36.2
SER85 0.71] 0.86f 0.86| 5.5 5.5 11.9] 12.9] 19.3] 17.2| 25.5| 20| 29.9| 26.8
SER112 | 2.66| 1.25| 1.25| 207| 2.07| 3.24] 301| 4.84| 4.5 6.35| 5.88| 8.02| 7.55
mean| 3.64| 3.64| 8.62] 8.62] 13.2|-12.8| 16.1| 14.9] 18.7| 15.6] 22.3| 22.3
stdev| 4.31| 4.31] 4.7 4.7| 5.83] 6.2| 6.44| 7.09] 9.16] 10.4] 11.3| 11.3




APPENDIX E

NEURAL NETWORKS AND BOX-JENKINS:

FUNCTIONAL EQUIVALENCE
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NEURAL NETWORKS AND BOX-JENKINS:

FUNCTIONAL EQUIVALENCE

Conventional methods used for predictimi (MA, ARIMA etc.) or signal
processing uses linear analysis. Using a neural network with the non;inear elements
and backpropagation; :it is observed that nonlinear signals can be processed. It is the
ability to control the non-linearity in the neural networks that allows prediction in
nonlinear tiﬁc series with’ aiccuracy.

A competing approach to processing nonlinear time series data would be to
develop polynomials describing the non-linearit‘y in the data, then édjust the
coefficients using the least mean square (LSM) algorithm. With this the global
minimum assured, but has dis‘advanta’ge towards modeling. The Box-Jenkins approach
towards time series modeling is similar and acceptable accuracy is achieved over short
time periods and with data series which can be éxpressed with polynomials with fewer
number of coefﬁcieﬂts.

In the prcslentv research neural networks are tested for their forecasting | '
performance over considerably large data scts to facilitate conclusions ab\zout'ne‘:ural
networks as forecasting experté. Though the data series used in this study are from
business literature the idea of time series forecasting remains the same, having major

applications in control, factory automation and signal processing.
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A common method of prediction 1n time series forecasting is the linear
predictive method. Values of variable y(7) in a time series at a discrete time in the
past are used to predict y(z) at step(s) in future.

One of the Box-Jenkins methods (ARIMA) of modeling univariate data series
which is compared here is based on the linéar predictive method. Essentially, the
analyst examines the partial auto correlation and 1dentiﬁes the model of the form given
in equation (7).

If the underlying model of a trained neurai network (weights and algorithm) is
to be compared with the Box-Jenkins model based on linear predictive method, then
the neural network model also has to be a linear model. Linear neural network models
are the ones which have ’uAnits with linear transfer function and do not have any hidden
layers. Consider the case of a 3 input and one output neuron neural network as shown

in Fig 2.

Fig. 2: Linear Neural Network
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There are no hidden layers and all the units have a linear transfer function. In
this network y(z), y(z-1), y(t-2) .are used to. predict y(z+1). As all the units have linear
transfer functions the transfer function of the complete neural network is linear and is
similar to the Box-Jenkins ARIMA model. ‘ln the above model, for single step

forecast:

J(t+1) = Wogy(£-2) + Wypy(t-1) + Wuy(1) + (11)
where, | |

W, is the weight from unit i to unit j

¢, is the bias.
In general, if n past values from a time series data y(z) are used to predict the y(r+1)

value at origin y(z), the best possible prediction for the values y(z+1) is:
n-1
Je+1) =Z W, y(t-i) + ¢, (12)
1=0

The same generalization can be extended towards the concept of multi-step forecasts.
Here multi-step forecast uses a linear neural network. Multiple n-step forecasts mean
all the forecasts from y(z+1),..y(¢+n) and not just y(t+ﬁ).

Linear models for multi-step forecasts of n-step ahead based on the above

formulation can be written as:
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n-1

y‘(t"'l) = ZOWU y(t'./) + ¢1 (13)
)=

Which is again similar to the models used by other statistical techniques as Box-
Jenkins (ARIMA). If the training set consists of N training patterns and each training
pattern at a discrete time is labeled as z, then W, may be determined by minimizing

mean squar€ €rror, E as:

n-1

E=Z2,[5-(ZW,ytj)-6) 7 | (14)

=0

i ranges over the output units, p indexes the discrete training patterns in the training
set. This is a linear least square problem and may be solved for example by the
steepest descent method. This is done by successively changing W, by an amount

AW, where:
AW, = -e(3E/SW,) ‘ - (15)

The above formulation shows that linear predictive method is a limited
implementation of back propagation algorithm used in nonlinear neural networks. One
clear disadvantage in the linear predictive method is that if » data items are to be put

~ into an m" order polynomial, then the number of terms grows to (m+n)!/(m!n!), which
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has an exponential increase as m gets large.
As a functional equivalence, Box-Jenkins modeling based on the linear

predictive method is functionally similar to /inear neural networks.

Nonlinear Neural Networks

If hidden lay§r units have sigmoidal transfer function then the model is a
nonlinear neural networlg. This extends the power of the neural network and is
controlled by the back;;ropagation algorithm. Each 6f the neurons'in this type of
network not only have the continuous diffeféptiable sigmoidal transfer function but
also have a threshold ¢, which controls the position of the transfer function. In such a
case if y, is the input to input layer, where i ranger over a number of input neurons,

then the output of each hidden neuron £, is:

1<

h=F(Z W, )(t-i) +0) - (16)

1=0

where, F is the sigmoidal transfer function usually given by;
fx) =11 +¢e* o : (17)

0, is the threshold which shifts the sigmoidal transfer function to the left or

right. Here, in the case of nonlinear neural network training is more complicated.
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Nevertheless a gradient descent is used to minimize E.
Basically backpropagation can be thought as a nonlinear, least square
algorithm. Consider a case of two input, two hidden and one output nonlinear neural

network as shown in Fig 3.

y(t-1)

Fig 3: Nonlinear Neural Network

<l

let net, = 2 1, and @, = activation of unit ..
1=0

Here input layer neurons do not have any biases. -

net, = y(t-1) (18)
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a, = y(t-1) (19)
net, = y(t) (20)
a, = y(t) ‘ . (21)
net, = a, Wy, + a, Wy, o o (22)
a = (11 + %) + ¢, C (23)
- 1 +0 24)
1+ é(ao Wi + 8, Wpp) 2
net3 = ao W03 + a, W13 ' (25)
a; = (1/(1 + &%) + 0, o (26)
_ : + 0 : ' 27)
1+ e‘(ao WOB +a; W) 3 ' :
nety = a, Wy, + a; Wy, » (28)

a; = (11 + &™) + ¢, (29)
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1

= e + 30
1+ é(a'z Wy, + a3 W) 04 (30)

here a, = y(t+1) which is the best possible prediction for y(t+1).

is then;

R 1 : ' ,

(r+1) = e t b, ‘ 31)
R 1
Y(t+1) = -=mmmmmmememeen /8y e + Oy

e 40 Wy (reorermemasenenee e + 05 )Wy,)
I+ (aWo, + a; W) s e'(aowoa + aWy3)
1l +e

(32)
In general if there are / number of input neurons, A number of hidden neurons and Y

number of output neurons in a nonlinear network the single step forecast y(z+1) is

given by;
1.

PH1) = mmmmmmmmmmm e + O ana (33)

h<H 1

e (--mmmmme- AU TTTTTITTTTTS + Oy ) Wengrern)
- - Z(a,Wpin)
I+e™
I +e

As in the time series forecasting problem:

n<l n<l

Ta, =X y(tn) “ (34)

n=0 1=n
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substituting we get y(t+1), one step ahead forecast in terms of the history inputs y(z),
y(t-1)....,y(t-i).

1.
J(r+1) = ‘ + Opa (35)
h<H 1 .
D = 4 Oy ) Womies.n )
h=0 - Z (y( Z"n)wn(l+h))l
I +e™
1 +e

If more than one output is present (multi-step forecast) the same equation can also be
used to get $,(¢+1), where i is any output neuron and indexes from O to Y-1.

For one or more outputs one minimizes E, where;

E = %, [Z0(1+) - §(1+1))’] (36)

y(t+i) is specified output of ith output neqro;l for the pth input pattern and y(z+i) is
the actual output of the same unit. Gi;/en pth i;pllt pattern and the present set of
weights, W, and ¢, for linear bredictive method disculssed before, equation (2) reduces
to simple form, but in this éasé due to nonlinear transfer functions of hidden layer
units the output is a nonlinear function of the mput *and E in the above equation
become square of a nonlinear function $(t+i). This clearly shows that the nonlinear
neural networks are not similar‘ to the standard statistical modeling methods where the
input-output relationship is linear.

Gradient descent is performed by letting
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AW, = -£(8E/3W,) (37)

here a new quantity is introduced §,, which is given as;
3, = - (3E/dneti) : (38)
(BE/SW,) = -35,(t+) 2 , (39)

The gradient descent is implemented by making changes in W, by the amount AW,

where;

AW, = -€(BE/SW,) = ;s§,y,(z;i) | | (40)
8, may be calculate by chain r\ule.‘ If unit  is an output unit then §, becomes;

8, = X, (y(t+i) - 9,(t+i))(OF/d(net,)) | ‘ 41)

If y, is the activation of the output ith neuron. If ¢ is not the output neuron, then §,

may be computed recursively starting at the top most layer as;

8, = B(F)/d(net)) T, W, §, (42)

equations 40, 41 and 42 define the backpropagation (Rumelhart et.al 1986) rule.
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NEURAL NETWORK vs BOX-JENKINS

COMPARISON (SINGLE STEP FORECAST)

This section gives the comparison -of 1‘orccgstiné performance with the Box-
Jenkins model and neural networks over single-step forecasts. Resﬁlts of our previous
work (Sharda and Patil 1990) are also gi\}én.\ The previous wo%k was carried out using
the BrainMaker neural net simulator, whiéh u’ses' a different version of the
backpropagation algorithm than the vcrsio;l by PDP ‘grq‘ilp used in the present study
(McClelland and Rumelhart 1988). |

Table 32 gives the MAPE and Median APE comparisons of 75 M-111
competition series modeled using the Box;Jenl{ins and neural networks. It is observed
that simple neural network models are as éood as the complex Box-Jenkins models at
least for the single-step forecast: Th;: compz;rison of the Box-Jenkins models with
neural networks over multiple-step forecasts remains to be done. It is also observed
that whenever Box-Jenkins model pérfonned poorly neural networks also performed
poorly. This shows that neural network rﬁodeiing 1s indeed (ilqée to statisﬁiéql
modeling processes. The only difference seen 18 thz;t, the neural netwc;rks’ al;ility to
interpolate the forecast in a fuizy way is more ‘po'wei'f,ul than the method of
interpolation of the forecast b); strict calculations. It is obgerved that, in all cases of

seasonal data series and short memory the neural networks outperformed AUTOBOX.
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TABLE 32

MAPE COMPARISON OF BOX-JENKINS AND NEURAL NETWORKS

AS FORECASTING EXPERTS
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NN-BM: BrainMaker NN simulator used in over pervi..s work (Sharda & Patil [1990])
NN-PDP: Parallel Distributed Proqessing (McClelland and Rumelhart, [1988])

series autobox |NN-BM |NN-PDP

SER4 23.53] 14.21] © 643
SER13 6.58| 11.52 2.59
SER31 18.07 6.28 0.55
SER40 10.16 3.85 1.03
SER49 2477 3986  7.65
SERS58 7257 1617  1.34
SER8SS5 37.00 7.53 0.29
SER112 4.55 7.53 0.10
SER184 20.61 6.67 6.92
SER193 4443 40.79] 3252
SER202 21.51 14.08 3.95
SER211 26.31| 50.36| 36.03
SER220 37.10] 4224 47.59
SER229 42.19 711 419
SER238 14.22 323 . 4.79
SER265 21.15| 1050, 5.52
'SER292 12.67| 24.86| 13.94
SER301 291 1077 2.25
SER310 446 11.30 2.9n
SER319 1430 11.20] 4.3
SER328 8.02 1.87| - 3.14
SER337 8.52 3.68 3:86
SER346 20.23| 1564 11.15
SER355 475 9.75 3.92
SER364 3.73 1.88 1.25
SER382 32.78] 1795 18.25
SER400 14.14 9.15| 11.42
SER409 4280 ' 97.43| 32.09
SER418 19.23] 22.73| 27.37
SER427 9.89 9.32 8.53
SER436 7.09 5.85 1.85
SER445 25.71| 13.53| 12.87
SER454 8.48| 16.17|° 685"
SER463 6.19 8.03] 19.95
SER472 19.21 15.29] 20.76
SER481 3236 26.70| 31.00
SER490 7.90 8.1 8.71

series autobox |[NN-BM [NN-PDP
SER499 . 13.50 17.15] . 10.02
SER508 | 16.11 11.52 5.89
SER526 9.95] 20.28 14.75
SER544 2.72 3.11 3.98
SERS571 557 10.39 5.82
SER580 3.03 1.34 3.2¢
SER589 9.66 7.77 8.20
SER598 23.49 5.62 6.3€
SER616 7.22 573 4.62
SER634 13.70 15.24 18.67
SER643 118.92| 20.71 20.2¢
SER652 15.23 17.52| 15.54
SER661 | - 19.80] 25.85f 20.52
SER670 '28.39] 30.25| 30.27
SER679 20.42| 36.52] 40.01
SER688 12.86 14.31 11.12
SER697 413 5.24 3.63
SER706 20.11 7.87 .66
JER715 61.31 76.65| 83.83
SER724 17.43] 22.27] 22.44
SER733 14.21 20.34| 21.52
SER742 5.00 4.51 2.05
-SER751 5.19 8.63 '8.17
5ER760 7.75 8.87 8.0¢
SER787 3.17 .7.90 1.87
SER796 17.68 15.17] 15.9¢
SER805 793|  7.34 1.1€
SER823 - 1.29 2.04 0.6%
SER832 7.96 5.26 1.2¢
SER877 3.73 5.95 3.38
SER904 3.88 3.17 3.22
SER913 58.53| 57.17| 48.90
SER922 26.35 17.23 5.22
SER958 13.67 10.85| 11.36
'SER967 | - 38.74 10.60] 20.68
mean 15.04] 14.92| 14.67
stdev 15.18 15.12] 15.3¢
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BOX-JENKINS MODELS

One good way of represéntiné aytir,ne series is to represent the ARIMA models
of a time series. Tﬁb‘le 33 gives the ARIMA models for all ihe data series used in our
study. The numberé in the parenthesis indicate: (A;R, I, MAY’, (Auto-regressive model,
Difference model, Moving Average model)*****¥. The ﬁu’rﬁber indicates the order of
the model. Non-stationary models are callgd Al_lIMA r;10dels. Once the stationary
series is achieved by applying regular differences to the original series, the modeling
can be done. It needs identificgtion of basié AR, MA or ARMA models for the
converted stationary series. These models ar‘_e wﬁtten'in the same way as the basic

models, except that the differenced (stationary) series Z, is substituted for the original

series X,;
Z,=AZy+.. +AZ,+E - (AR model for Z)
Z,=-(B, B, + .. B E,) +E, . (MA model for Z,)

Z=AZ,+.+A,2Z)-B E,+.+BE,)+E (ARMA model for Z)
In terms of the orig;nal ,s’cyie\s, such models are called Integrated models and are often
denoted by ARI, IMA, ARIMA. In Auto Regressive In)tegratcd Moving Average
(ARIMA) models the term Integrated, a synonyn{ for :summed; is used because the
differencing process can be reversed to obtain the ‘original series values t;y summing

the successive values of the differenced series.
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Table 33: AUTOBOX (ARIMA) models for M-111 Competition Data

Series

13

22

31

40

49

58

67

76

85

94

103
112
121
130
139
148
157
166
175
184
193
202
202
229
238
247
256
265
274
283
292
301
616
625
634

(Sharda, R., et. al. 1987)

coeff ARIMA model - Series coeff ARIMA model

0 - (0,0,0) B 310 -5- (0,1,0)

0.5 (01,00 ¢ 319 5 0,1,0)

not enough data | 328 - (0,1,0)(1,0,0*

- . (0,0,1) .. 337 -1 (1,0,0)(0,0,1)%0,1,1)*
-1 (0,1,1) 346 0 (0,1,2)(0,0,1)

-1 (1,0,0) ’ 355 - (0,1,2)

0.5 (0,1,0) 364 -1 (1,0,1)(0,0,1)*

-1 (0,1,0) 373 - (1,0,0)

- (0,1,0) : ' 382 0 (3,0,0)

- (0,1,0) 391 5 (2,0,0)(0,1,1)*2

- 0,1,1) " 400 5 (1,0,0)(0,0,1)

5 (0,0,0) 409 0 (1,0,0)*?

0 1,1,00 ’ 418 O (1,0,0)(0,0,1)2

-5 0,1,0) 427 0 (1,0,0)(0,0,1)*
S0.(1,150 436 -5 (0,1,0)(0,0,1)*(1,0,0)*
-5 (0,1,0) ‘ 445 5 (1,0,0)(0,0,1)%(1,0,0)*2
0 (1,0,0) 454 5 0,1,1)2

1 (1,0,0) . 463 0 °  (2,0,0)(1,0,0)%0,1,1)2
not enough data - C 472 0 (2,0,0)(0,1,1)2

-1 (0,0,0) - o 481 .5 (1,0,0)(1,0,0)?

not enough data B 490 - (0,0,1)(1,0,0)*(1,0,0)**
- (1,0,0) - 508 O (0,1,1)(0,0,1)5(1,0,0)*2
- (0,1,0) ‘ 517 5 (1,0,0)(0,0,1)®

0 (1,1,0) 526 - (2,0,0)(1,0,0)

- (0,1,2)(0,0,1)* 535 - (2,0,0)(1,0,0)°
not'enough data . 544 - (0,1,0)(1,0,0)*

-1 (0,1,0) ‘ 553 .5 (0,0,1)(0,0,1)°

-1 0,1,0) 562 - (2,0,0)(0,0,1)° )
0 (0,1,0)(0,0,1) 571 -5 (1,0,0)(0,0,1)%(0,1,0)*2
-5 (1,0,0) ' 580 -1 (0,1,0)(0,0,1)2

-1 (1,1,0)(0,0,1)* 589 0 (2,0,0)(0,0,1)*

5 (1,0,0)(1,0,0)* . 598 5. (0,1,2)(0,0,1)%0,1,0)"
.5 (0,1,0)(0,0,1)%(1,0,0)* 607 - - (1,0,0)(0,0,1)*

-1 (1L,0,D)R 814 - (0,1,0)

- 0,0,1)* 823 5 (0,1,2)

- (2,0,0)(1,0,0)" 832 -5 (2,1,0)



Series coeff ARIMA model

643

652
661
670
679
688
697
706
715
724
733
742
751
760
769
778
787
805

5 (1,0,0)(1,0,1)**

0 (1,0,0)(0,0,1)*(1,0,1)*?
.5 (2,0,0)(0,1,1)**

- (2,0,00(1,0,00%

5 (1,0,0) s

- (1,0,0)(0,1,1)*

-1 (0,0,1)(1,0,1)*

5 (0,1,2)(()},0;(1)12

not enough data

5 (2,0,0)

- (0,0,1)%(1,0,0)*?

0 (0,0,1)(0,1,1)

-1 (1,0,1)(1,0,1)*

0 (1,0,1)(0,1,1)**

0 (1,0,0)(1,0,0)*

-1 (1,0,0) -

-5 (1,0,0)(1,0,0%(0,1,1)"*

(1,0,0)(0,0,1)"

124
Series coeff ARIMA

841 -5  (0,0,H*

850 -1 (1,0,0)(1,0,0)"
859 - (0,0,1)"

868  not enough data

877 -5 (2,0,0)0,1,1)"
886 - (2,00

895 5  (0,1,0)

904 0 . (0,1,1)0,1,1)?
913 - (0,1,1)(0,0,1)’
922 - (2,1,0)

931 . -5  (0,0,1)%0,1,0)"
940" -5 (1,0,0)(1,0,0°0,0,1)"

949 0 0,1,2)
958 .5 (1,1,0)(1,1,0)?
97 0 (0,1,1)

976 . - (1,1,0)
985 .5 (0,0,1)(0,1,1)*2
994 0 (0,0,1)(0,1,1)12
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M-111 DATA

In order to give the idea about the properties of the M-111 competition data
used in out present study, This section. gives the grapﬁical representation of all the
data series. Graphical representation of a time series is supposed to be the best way
of providing visual insight into how the process or activity it represents has behaved

historically (Hoff, J., 1983).



M-111: ANNUAL DATA (SER4-SER112) ‘ 127

SER4 (23)

SER13 (52)

™

)

SER49 (19)

SER67 (13)

-

SER22 (14) SERS58 (18) g
SER31 (22) SERS5 (20)
SER40 (21)

SER112 (38) /

# 1n () indicates # of data points available



M-111: QUARTERLY DATA (SER121-SER382) 128

SER121 (15) /\/\SER166 ()]

SER130 (13)

SER175 (13)

SER139 (13) | SER184 (48)
- /\. | \

SER148 (13)

. | —~
SERI93 (20}




SER211 (30)

129

-

SER256 (10)

SER220 (34),

SER265 (60),

SER229 (32)

SER238 (57)

\M//\Mf VTV

SER274 (13)

/\/\

SER247 (12)

/\’A‘/\//\J\V\*’/\ SER283 (76),
,/\/\/~
- SER292 (38)

AN AW




SER301 (56)

130

SER346 (40)

SER310 (52) SER355 (5)1):‘
SER319 (52)
SER364 (36)
SER328 (36) SER373 (12)
SER337 (56) SER382 (40)

,
/
/




M-111: MONTHLY DATA (SER391-SER994)

SER391 (42)

SER400 (90)

131
/\/N/j%/\
SER445 (75)

P

SER409.(78) _

SER454 (101)

W\/WM V\/\/W

SER418 (63) .

SER463 (124)1/\_w

SER427 (105)

_J\

! M\A\\/

SER472 (80)

A U\/\‘M\/ﬂv\/ W\W\f :




SER481 (56)

SER490 (80)

SER499 (105)

132

SERS526 (79)

SERS535 (54)

\
N |
|

\\/\,\w

SER508 (105)

M

SER553 (32)

SER517 (30)

SERS562 (80)




SERS571 (64)
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SER616 (120)

SER580 (52)

SER625 (36)

W

SER598 (84)

M

SER634 (87) ]

vy

SER643 (64)

SER607 (30)

f\/’&

SER652 (67)

ey




SER661 (66)
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SER706 (65)

SER670 (65)

AN

SER715 (66)

N

W\/\/\N

BN

SER697 (66)'

SER733 (66)

SER724 (62)
SER742 (66)




SER751 (63)

| SER760 (66)
:
W\MV\NA/ W

SER769 (66)

N\ JVWN M[
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SER796 (114)

n

SERS805 (114)

SER814 (40)

SER778 (40)

//_"’_/J.V///_\/’\/

SER787 (111)

-

SER823 (114)

prw w

SFRE32 (114)




136

SER841 (34) SER886 (42)

SER850 (39) > SER895 (42)

SER859 (31) SER904 (90)

W

W SER913 (51)
SERS868 (42)

SER877 (102)

A W WW




137
SER931 (42)

Ul

SER976 (30)

SER940 (42) | C
SER985 (42)
N / | \
g . -

N \\ WA A

SER958 (54)

SER967 (54) /\\\/




GLOSSARY

Adaptive Coefficients: The values computed during previous training are stored

in a local memory which are used for subsequent modifications. -

Associative recall: Retrieval of a'particular"memory by a large class of initial states

which are interpreted as similar stimuli.

ARIMA models: Auto Regressive Integrated Moving Average models. The term
Integrated, a synonym for summed, is used because the differencing process can be
reversed to obtain the original series values by summing the successive values of the

differenced series.

Basin of attraction: The set of network states which are attracted by the dynamics to
the same attractor state.

Backpropagation: The information proces,sing‘is‘ the approximation of a

mapping or function F: A < R" -> R™, from a bounded subset A of ‘n-dimensional
Euclidean space to a bounded subset f[A] of m-dimensional Euclidean space, by
means of training samples (X;,Y,),(X5,Y5)...(X, Yoo 6f ‘thef mapping’s action where
Y, = FX)). ‘ It is assumed that such saméles of a mapping F, are generated by
selecting X, vectors randomly from A in accordance Qim fixed probability density
function P(x). ‘

BrainMaker: A commercially available neural network simulator.

138
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4

Connection: The pathway formed between the neurons for signal transmission.

Feature detector: The response of the neuron when a particular pattern of stimulus is

present. For example, the feature might correspond to a pixel in image processing or.

a particular acoustic frequency component in acoustic signals.

Content addressability: The ability to recall an item from membry using partial content

of the memorized item, instead of memory address.

Deterministic process: In which each state determines uniquely its successor state.

Feed forward network: A net.work in whichj the interactions between the formal
neurons are such that the ne\irons can be divided into groups (layers) and neural
activities in one group can 'only influence the fut”ﬁrefactivities of neurons in
consecutive layers.

Fixed pdint: A network state Wﬁich repeats itself under the dynamical proc’ess.
Hamming distance: The distance between two N"-bit words which amounts to the
number of positiohs in whichl they’differ.

Hidden layer: The layer of neurons fprmedsl;)etween the input and output layefs. It is
called hidden because it derives tﬂe input from othér layers and feed its output to other
layers. A neural network model may have one or more hidden layers.

Input 1ay‘ er: The layer of neurons to which the 1fi§ut pa'tt'ern is applied for processing.
Input patterns: The input sﬁrmﬁlus presented to the neural network for processing.
Layers: The neurons in the neural network are arranged into layers. The neurons in a
layer have similar transfer function.

Learning algorithm: It is the equation which determines that all or some of the
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weights in the neuron’s local memory be modified with response to the input signal
and transfer function of that neuron.

Neural network: A neural network is a system in which many neurons process the

information in a parallel manner. The ovéx:allvfunctiion or response of the system is
determined by weights present in the connection, and the processing done at the
computing elements of neurox:ls.

Neuron: The fundamental unitii,n the neural Hetwork. Itisa nonlinear\computational
unit named after its cbunte?rpart in the brain.

OQutput layer: The layer of neurons which presents the output response of the neural
network.

PDP: Parallel Distributed Processing, a synonym for neural networks, connectionist
models. |

Perceptron: A device comprising a set of input channels, a linear threshold calculator
and an output channel. The truth values (0; 1) of elementary propositions arrive via
the input channel at the calculator. Each is we;ghted by a channel weight, then
summed by the calculator, and compared to the threshold; and the results (0, 1) are
communicated along the output channel.

Supervised learning: The learning in the neural networks where the correct or expected

response is provided by an external teacher at the time of training.

Stochastic process: Each state determines only the relative probabilities of its successor

state.

Synaptic weights: see weights.




141

Synchronous dynamics: A dynamic process in which all neurons in the network

determine their neural states based on the same pervious states of all the other
neurons.

Time series: A Time Series is a set of numbers that measure the status of some
ongoing process or activity. The measurement are assumed to be taken at equally

spaced time intervals or periods.

Transfer function: The response of the neuron depends on the mathematical formula
and is a function of the most recent input signals and the adaptive weights stored in
memory.

Unsupervised learning: The learning in the neural networks where no external teacher

provides the correct response.
Weights: The strength of the interconnection between neurons is determined by a
variable, called a weight. The weights determine the intensity of the connection,

which depends on the network architecture and the information it has learned.
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