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CONCLUSION

Anificial neural network modelling has recently attracted much attention as a new technique
for estimation and forecasting in economics and finance. The chef advantages of this new approach
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In this research 1 compare the performance of the Artificial Neural Network ( A m ) models
with the traditional econometric approaches to forecasting the inflation rate. Of the A N N models
i apply a back-propagation neural network (BPN) model. a radial b a i s fùnction network (RBFN)

rnodel, and a Recurrent Network ( R N ) model. Of the traditional econometric models 1 use a
structurnl reducrd form model. an ARlMA model. a vector autoregressive rnodel. and a Bayesian
\.çctor autoregression model. 1 use the econometric models as a guide to design the ANN models
and compare cach econometric model with an ANN rnodel which uses the same set of variables.
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The forecasting record of economists has not been very encouraging. This can partly be
explained by the presence of factors such as the random nature of human behaviour and the lack of

data based on repeated experiments which make forecasting very difficult. It can also be argued that
making rigid assumptions about the structure of the mode1 by the conventional parametric models
may be responsible for the weak forecasting performance (Refenes. 1994.) For instance. most
traditional models assume that the rnodel they are trying to estimate fiom the available data are
linear. with Gaussian parameters. If the underlying data generating process has a non-linear pattern.
using a linear regression would generate misleading results. Fortunately. there has been an increase
in the use of non-linear models in economics and finance, but they are stiil not extensively used. One
of the reasons for this may be that there is no particular theoretical justification to choose any
particular non-linear model: it is not possible to test al1 non-linear specifications for improved
forecast ability (Eyden. I 996.)
Artificial Neural Network (ANN) models are nonlinear adaptive models which. like nonpararnetric models, make no assumption about the distribution of the data and are capable of

mapping any kind of relationship between inputs and outputs. As such.

ANN models are

exploratory and data-onented models; they let the data speak for itself. ANN models are particulariy
powerFul when applied to a very complex data set and when the structure of the model is unknown.
For example, Kuan and White (1994) show that a simple ANN model is able to extract
approximations to some chaos-generating functions.

ANN models have been developed in cognitive and computer sciences and applied in various
disciplines such as physics and engineering. The most popular applications of A N N models include
pattern recognition and classification, pattern completion. h c t i o n approximation. optimization.
prediction. and automatic control. One of the Unportant features of ANN models is that they include
a learning mechanism through which the network estimates the input-output relationship and
f~recaststhe future values of outputs using the new data sets. The non-linearity and the learning
features of ANN models allow them to l e m al1 kinds of continuous functions with a specific
predetermined precision and predict or classi@ future output values with a desired accuracy. ANN
models c m also be used for testing for model specification. They have been used to test for
neglected non-linearity [Lee. et al. (1993)l and to test the specification of likelihood or method of
moment-based models [Kuan and White ( 1994)l.
ANN models have been recently applied in economics and finance where forecasting results

with the traditional models have not been very good. Financial markets have been the subject of
most ANN researchers in economics and finance due to the apparently random behaviour of financial
variables and also abundant data which is required by the ANN models. Encouraging results orsorne
work done in forecasting financial variables such as stock pnces, exchange rates. etc. [Trippi and
Turban (1993). White (1 993). Tim Hill et a1 (1996)l or classification such as bond rating [Ahmadi

(1993)] show that the ANN models can be very usehl in econometrics. The application of the ANN
models in macroeconomics is, however, very new and Little work has been done in this area

[Maasurni E. et al. (1 996). Swanson and White (1 997)). most of the research have used the popular
back-propagation neural network model.
In this research. I will forecast inflation rate using different ANN models. narnely backpropagation neural network model. radial basis f i c t i o n network model. and Recurrent Network
model. These models represent static. dynamic and hybrid neural network rnodels. To compare the
performance of the ANN models with those of the traditional econometric models. 1 will also apply
structural as well as time series models to forecast the inflation rate. Although. in general, the ANN
models are very flexible in that they can learn al1 kinds of relationships between the inputs and
outputs. the careful selection of the input vecton should help the network leam the data in a shorter

time and forecast more accurately [Faraway and Chatfield. 19951. Thercfore to enhance the
performance of the A m models. the model specification in the econometric models will be used
as a guide to model specification in the ANN rnodels. In other words, the ANN models will be
hybrid models in rhat the input vectors are specified by the econometric models.
The organization of the dissertation is as follows. In chapter one. a rnacro model for inflation
is developed and some empincal studies are reviewed. In chapter two. three structural models. i.e.
the AD-AS model presented in chapter one, Fair' s rnodel, and m o n e t q model. as well as three
time series models. i.e. Box-Jenkins model, vector autoregressive model. and Bayesian vector
autoregressive rnodel. are discussed and applied to forecast the intlation rate. In chapter three. afier
introducing the ANN models. a back-propagation neural network (BPN) rnodel is developed and sis
different specifications of it are applied to the problem. In chapter Four. two hybrid and dynamic

neural network models, namely the radial b a i s function network and the recurrent network models.

are discussed and applied to forecast inflation. And finally chapter five presents a cornparison
between the results obtained by the contestants followed by the concluding remarks.

CHAPTER ONE

A REVIEW OF THE INFLATION THEORY AND SOME EMPIRICAL STUDIES

There has been a long debate in the economic literature on the factors driving inflation. The
centre of the disagreement arnong economists has been the role of factors other than rnoney in
inflation. According to the "qztantiiy theory of money". it is only the money suppIy that drives
inflation. Under the hl1 employment condition and assurning that the velocity of money is constant,
any change in the money supply will lead to a change in price. not other variables [Barro. 19871.
Keynesicrns provide a more general approach towards inflation. They argue that any excess demand

in the economy will bring about inflation. An excess dernand can be generated by an expansionq
fiscal policy. an increase in money suppiy, and higher spending by consumers and business firms or
in the international market. The Phillips curve, which was based on a statistical investigation about
the relationship between inflation and unemployment. backed up the Keynesian ïirw by showing
that inflation and unemployment were inversely related to each other. .bfonetarists. takinp into
account the role of expectations in their model, argue that although inflation rnay be influenced by

factors other tha. money in the short run,there is no long run relationship between rnoney and the
real part of the economy. That is. inflation is merely a monetary phenornenon and therefore can be
totdly explained by the change in the money supply in the long

nin (Friedman.

1968. and Phelps.

1968).
The focus of both Keynesians and the Monetarists is on the demand side of the economy.
Although the dernand side models are able to explain the econornic conditions of the Great
Depression and aftenvards. they fail to explain the stagflation that occurred in the 70's. The New
CIussical approach. which ernerged in 70's. ernphasizes the supply side of the econorny. According

to this approach. any shocks causing aggregate supply to decline will lead to intlation. These shocks
such as an increase in input pnces, particularly wages and energy price. will shifi aggregate supply
curve leftward pushing p k e s up. hence creating stagflation. The first and most influentid case
involving the new classical approach was presented by Lucas ( 1973). and Lucas and Sargent ( 1979).
Applying the rational expectations hypothesis to their model. Lucas and Sargent argued that not only
in the long run. but also in the short run inflation has no effect on output. This approach assumes
that people know how the economy works and form their expectations rationally. i.e. they do not
make systematic errors in their predictions, using al1 available information.

Therefore. any

anticipated pnce changes having already been taken into account have no real effect on the economy.
It is only unanticipated shocks - supply shocks in their model - that may have a real impact.
In a very general form. one can categorize al1 approaches with regard to the inflation into
three models: The Keynesi'sian rnodel. the :Mone&wist rnodel. and the N e w C'Icissical model. The
Keynesiun model. along w-ith the Phillips curve, which focuses on the demand side of the economy.

argues that inflation is mainly caused by demand pressure. The Keynesian model is rnostly

concemed about the short nin relationships between macroeconomic variables. hence emphasizing
the short run Philips curve. The lMonetarist model, while accepting the Keynesian approach in the
short m. focuses only on money as a major determinant of intlation in the long run. In the
rnonetarist model. therefore. the short run Phillips curve. which is negatively sloped. and the long

run Phillips curve. which is vertical. both are equally important. And finally. the .léw C'irrssicaf
model emphasizes the supply side of the economy arguing that only supply shocks c m influence
prices. In the new classical model, therefore, there is only one Phillips curve which is vertical.

A MACRO MODEL FOR INFLATION

We consider a standard aggregate demand and aggregate supply model to identifi potential

sources of inflation. Let us start with the aggregate supply (AS) equation as tollows:

where y, is the deviation of the output from its naturd value. rr, is actual inflation. and x* is intlation
expectations.

E, is a supply

shock (al1 variables are in log form). The aggregate supply equation

which is derived from the labour market and the firm' s optimization problem states that the output
gap depends on the inertia (the lag of the output gap). a surprise in the pnce change. and supply
shocks. Equation (1) can be viewed as both a Keynesian and a new classical ygregate supply
equation. In the former being called the (inverted) expectalions - augmentrd PhifZips czme which

is combined with the marginal cost-marginal revenue identity, and in the latter, the Lucas aggregate
supply equation (Scarth, 1988). Although both Keynesians and new classical reach the same upward

- sloping AS curve. their underlying assumptions and interpretations are different. Keynesims
assume that the labour market does not clear at al1 times (workers are temporarily off their long run
labour supply schedule), white the new classicais assume that there is an incomplete information
problem (producers do not know whether a price change reflects a change in the good' s relative
price or a change in the aggregate price). There is. however. another version of the aggregate supply
equation. ascribed to the Real Business Cycle theory. in which expectations are assumed to be
formed rationally (n+[=Et K,.,]= x, + v,, v,N,

(0,02)),and the intlation senes is assurned to be

stationary implying that the aggregate supply is vertical. The significance of the upward - sloping
aggregate supply is the importance of the relation between inflation and output. Since Our interest
here is in inflation rather than output, we do not regard the difference between the upward - sloping
AS and the vertical AS as in important issue; both can expiain inflation through positive aggregate

demand shocks or negative aggregate supply shocks (Romer. 1996). The existence of the lagged
output gap. y

,.,.in the aggregate supply equation

is based on the assumption that there is an

adjustment cost for labour and thus the wage rate depends on the lagged level of employment as well
as its current level. and the fact that the output gap time senes is serially correlated.

In order to obtain a reduced form for inflation. we need to combine the aggregate supply
equation with the aggregate demand (AD) equation. The aggregated demand equation has the
fot lowing form:

where y is the deviation of the output fiom its natural rate, y. m is the real money supply. and 5 is
the demand shock. The aggregate demand is derived based on the standard Hicksian IS-LM rnodel.

The inflation expectations variable ( i c * ) cornes fiom the specification of the investment function

in which investment depends on the real interest rate defined as the difference between the nominal
interest rate and the inflation expectations (Fisher's equation). To solve the model, we need to
speciQ how the inflation expectations are formulated. Inflation expectations are assumed to be
formed adaptively. that is agents iearn about their errors and tend to correct them gradually (in
contrast with the rationai expectations

assumption in which agents correct their mistakes

instantaneously). Therefore.

which indicates that today' s forecast of tomorrow' s inflation is the same as yesterday' s forecast of
today' s inflation accounting partially for the error made in yesterday' s forecast. By recursive
substitutions for TC*,, in the above equation. x*, can be approximated as follows:

where p, = A(1 -A)'. By solving (1) and (2) and substituting (3) for x*. the following reduced form
for inflation is obtained.

Where 0 = (-a/
p). 6 = (61 p)

. a = (y+P)lP, and q = (1/ P) (CE+<). Inflation is determined by the

lagged output gap. rnoney supply. lagged values of inflation and the demand and supply shocks.

Equation (4) can be viewed as a Keynesian inflation equation which allows for boih demand and
supply shocks. To capture the effect of the foreign inflation shocks on the domestic inflation more
explicitly, the Import Pnce inflation (MPI) over the domestic inflation is added to the above
equation. This is important in the estimation of the inflation particularly for a small open economy
such as the Canadian econorny which is subject to the international p r i e shocks.

A REVIEW OF THE EMPIRICAL STUDIES

Macro econornetricians have carried out a lot o f empiricd research to test the validity of the
various inflation models. Although the results of these empincal studies on the inflation are not yet
conclusive. it seems that those works which have taken into account both demand and supply sides
have been more successfu1 than those that have relied on only one side. The criteria for success, of
course, is to generate a better fit to the data and. more importantly. more accurate forecasts. Here
I review briefly some of the important empirical studies carried out on inflation using the US and
Canadian data.
Fair's macro mode1 of the US economy [Fair. 19841 is a standard macro model with 30
behavioural equations and 92 identities. One of the features of Fair' s mode1 is the existence of
disequilibnum in some markets. Disequilibrium in Fair's mode1 occurs because firms are assumed
to have monopoly power in the short run, so that they can set their average pnces differently from

the expected average price and. more importantly. expectations are not rational in the sense that
agents' decisions are not denved from the assumption of rnaximizing behaviour. Also since the
unemployrnent rate depends on labour supply, which in turn depends on variables such as real wage.

the interest rate. the incorne tax rate. and the level of transfer payments. there is no stable Phillips
curve in this model. The reduced form of the price equation in Fair's macro model includes the
following variables: pice lag. wage rate, price deflator for imports and finally demand pressure
defined as the percentage difference between potential and acnial output. Fair compares his US
structural model with four other models, namely VAR (with different nurnber of lags). the 12equation semi-theoretic approach. and the Rational Expectation Model. based on their forecasting
performances. It tums out that for price forecasting. VAR outperfoms Fair's US model. One
problem with this cornparison is that the sets of explanatory variables in the above models are
different from one to another. For instance. Fair's US model consists of the import price deflator.
output gap. and wage rate. whereas the VAR mode1 for the price equation consists of the GDP
deflator. real GDP. the unemployment rate, the interest rate. and the money supply (M1).
King and Watson (1993) develop a bivariate dynamic structural model of inflation and
unemployrnent which is capable of working with three alternative Keynesian. Monetarist. and Real
Business Cycle identifications. They analyse the long run Phillips curve and the contribution of
demand and supply shocks to post war US economic fluctuations. The alternative identifications
are specified through a set of assumptions about the error t e m s in the bivariate VAR rnodel. The

error term in the unemployment equation is assurned to be a supply shock. and the error term in the
inflation equation is assurned to be a demand shock. Although al1 three abovr identifications of King
and Watson's bivariate VAR model fit the data on unemployment and inflation well. the Monetarist
approach has been found more compelling. It takes into account the influence of supply and demand
shocks on economic fluctuations, and its long run prediction accords with the natural rate hypothesis.

Dhakal. Kandil. Sharma, and Trescott (1994) investigate the major deterrninmts of the
inflation rate in the United States. Using a VAR model and doing causality tests. they find that
changes in the money supply.wage rate, budget deficit, and energy prices are important determinants
of the inflation rate in the United States. The role of the money supply. however. is more important
dian other factors in explaining p k e changes. Money supply has a direct. long lasting impact as
well as a temporary. indirect impact on real output through the interest rate channel. Webb ( 1 995)

examines several t o m s of VAR models to forecast the infIation rate in the United States. His
models contain five US time senes: red GNP. the GNP implicit price index. the monetary base. the
manufacturing capacity utilization rate. and the 90-day treasury-bill rate. In general. he shows that
the model which takes into account different monetary regimes. either by adding dummy variables
or by splitting the data into different sub-penods, produces better forecasting results than do
unrestrkted VAR models. Again. money is found to be a major determinant of the inflation.
There has been another line of research in forecasting intlation which has dealt with the
measurement of money. Barnett (1982) shows that the conventional measurernent of money. i.e.
simple sum. is not an optimal level of the monetary aggregation. and using the index number theory
establishes a new measurement which he calls "Divisia". The Divisia is a ~veighted
average of the components of money with the weights being the expenditure share spent on each of
the components. Belengia (1 996) and Dorsey show that the use of the Divisia instead of the simple
sum measurement of money may change the direction. magnitude. and significance of money growth
on the economic activity. In particular, Dorsey, applying a univariate model with and without AR.
shows that inflation can be forecast better if the Divisia is used as the measurement of money.
Since my forecasting model of the inflation rate uses Canadian data. it is useful to review

sorne of the recent work done on this subject in Canada. Caramana and Slawner ( 1991 ) investigate
the relationship between money. output and prices. They use different models such as univariate
VAR, bivariate VAR. multivariate VAR, Error Correction Model. and the pnce gap model. In their

models, they consider ditferent measures of inflation such as total CPI and core CPI (CPI excluding
the price of energy and food). and of money such as M2, MZ-M 1. and the monetary base. They also

include an output gap variable to capture the effects of demand pressure in the goods market on the
price. In general, they find that inflation is influenced both by money (rnonetarist view) and the
output gap (Phillips curve or Keynesian view). Laxton. Shoom. and TetIow ( 1992) using a Monte
Car10 technique argue that the output gap. not its change. would be a more appropriate variable to
estimate the Phillips cuwe and therefore the inflation rate. Hostland (1995) uses three models
(autoregressive model. regime-switching model. and reduced form model) to investigate any
parameter instabilities due to changes in monetary policy. In his reduced form model, he uses the
output gap as an excess dernand/supply measure. changes in money. wages and three measures of
changes in relative pnces (the relative price for non-energy comrnodities. the relative price of energy.
and the real effective exchange rate). Using Chow and unit root tests. he finds that there is instability
in the parameters prior to the early 1970s. Hostand's finding. similar to that of Webb (1995). and
confirming the Lucas critique. implies that using al1 data without taking into account the regime
changes in m o n e t q policy is not suitable. Lamy and Rochen (1996) use a ieading index instead of

an output gap in their non-structural model to forecast inflation. Their model includes the net price
index (CPI excluding the pnce of energy and food and indirect taxes) as a measure of inflation. a
constmcted leading index of inflation (a combination of the four variables in the cornmodity. labour.
and capital markets). change in wage rate, change in the US core inflation rate. and a dummy

variable for the goods and services tau (GST). They show that their model is able to generate better
forecasting results than the Phillips curve and autoregressive model. Amour. Atta-Mensah, Engert
and Mendry (1 996) set up a model. called the Distant-Early-Warning Model. for inflation based on

M 1 disequilibna. They study the long run relationship among money ( M 1 ). price. output and the
interest rare. ?'bey also include sorne exogenous variables such as changes in the short run US
interest rate. changes in the US-Canada exchange rate. output gap. and a dummy for financial
innovation in 1980. They conclude that the money gap (deviation of Ml fkom its long run
equilibrium) is highly correlated with inflation.
The organization of the next chapters will be as follows. In chapter two. the estimation and

forecasting results of the inflation rate using the model specified by equation 4 as well as two other
structural and three time series models will be presented. In chapter tliree. the back-propagation
artificial neural network mode1 will be discussed and the forecasting results using different model
specifications will be presented. In chapter four, two other artificial neural network models. i.e.
radial basis fùnction network and Recurrent Network. will be explained tollowed by their forecasting
results. And finally. in chapter 5. a cornparison among the econometrics models and the artificial
neural network models and the concluding remarks will be presented.

CHAPTER TWO

ECONOMETRICS STRUCTURSL AND TIME SEMES MODELS IN FORECASTING
INFLATION

Economic Forecasting can be done by using either srnichual models or time senes rnodels.
While the former uses economic theories to establish meaningful and consistent relationships arnong
the variables, the latter tends to explain the behaviour of the variables through merely studying the
structure of the data. The time series models assume that the data has all the relevant information
to study the behaviour of a variable and it therefore suffices. Not dl economists agree that the tirne
series models, in cornparison with the structural models, can contribute to Our knowledge of how
the variables behave. But as far as the economic forecasting is concemed. the time series models
have been able to outperform the structural models and therefore are being used in most of the cases.

Two major reasons for the superionty of the times senes models in economic forecasting are that the
time series models are fiee of the assurnptions usually imposed on the structural models parameters

by the modeler to ease the solution prccess, and also that the time series models are less likely

exposed to the rnodel mis-specification problem.

In this chapter. 1 use both structural and time series models to forecast inflation. Among the
structural models. 1 use the inflation equation which is derived from the aggregate demand

-

aggregate supply mode1 presented in chapter one. Moreover. 1 use two other popular structural
models. i.e. Fair' s model. and the Monetary model to forecast inflation. Among the time series
models. 1 apply three different models which are among the most popular and currently used
econometrics models in the forecasting literature, Le. ARiMA or Box-Jenkins model. Vector
Autoregressive (VAR) model. and the Bayesian Vector Autoregressive (BVAR) model. ARIMA
(Autoregressive integrated Moving Average) is a traditional univariate tirne series model in which
the variable is a h c t i o n of only its own past values. VAR is a multivariate time series forecasting
model which incorporates the lags of other explanatory variables in addition to the lags of the
dependent variable in the model. And finally, BVAR is a VAR model which applies the Bayesian
approach and the use of prior information on the coefficients.

My major concern in this chapter is to find a traditional econometric model. structural or
times series model. which generates the best forecasts for the inflation. The criteria for the
cornparison of the models are the standard indexes of the out-of-sample forecasting errors which
show how close the forecast values are to the actual values. The best of the traditional econornetric
models will then be compared with the competing Artificial Neural Networks (ANN) models in the
next chapters. This chapter is organized as follows. First, each model is explained briefly. Then
the econometric models of inflation are presented followed by the estimation and forecasting results.

TIME SERIES FORECASTING MODELS
1. ARIMA
ARIMA

. populariy

known as the Box-Jenkins model [Box and Jenkins. 19781 is a

conventional model used for forecasting. It basically identifies and estimates a statistical mode1
which c m be interpreted as having generated the sarnple data. The AEUMA method consists of the
following four steps:
1. Identification: Using correlograrn and partial correlogram. find out the orden of the

Autoregressive (p). Moving Average (q). and the Integrative process ( 1).
2. Estimation: Estimate the mode1 with the p, q. and 1 specified in stage 1.

3. Diagnostic Checking: Check the residuals estimated fiom the model in stage 2 for white

noise. If the estirnated residuals are not random, try to find another ARIMA with different p. q, and
1 and repeat the stages 2 and 3.

4. Forecasting: Using the estimation results. forecast for the future values of the forecasting

variabie. To use the estimation results for forecasting, we must make sure that the statistical
properties of the data remain the same throughout the time.

2. Vector Autoregressive Mode1 (VAR)
VAR is an alternative forecasting method which was developed bu Sims f 1980). Sims

criticized the conventional simultaneous stmctural models on the basis that they usually require an
imposition of invalid restrictions on parameters and lag patterns and then suggested a VAR model
which is viewed as an unrestricted reduced form fkom a structural model. VAR is a atheoretic
reduced-form approach and the only assumptions it needs are the accurate selection of the relevant

variables and hou- the. appear (level or fint difference) in the model.
In a very general form. a VAR model can be represented as foilows:

where Yi is a (mi ) vector of variables. A(L) is an (nxn) matrix of polynornials in the lag operator

L with the lag length p: A(L) = AIL+ AL' + ... + A&', C is an (m1 ) vector of constants and Sr, is
a (nxl) vector of random errors. In the VAR model. al1 variables are treated as endogeneous and
therefore. there is no exogenous variable. In a two variable VAR. equation ( 1 ) c m be written as
follows:

where c i i and <2r are the error terms. A VAR model c m be estimated by the Seemingly Unrelated
Regression Estimation (SURE) technique. However, if the number of variables is large. the size of
the model becomes huge. making the estimation process very dificuit. To ease the estimation
process. one can choose only one equation with the cost of missing some information which exists

in interrelation arnong the equations. In this case, OLS can be applied for estimation and forecasting
the related variables.

3. Bayesian Vector Autoregressive Mode1 (BVAR)
A VAR model usually requires the estimation of a very large number of coefficients.

Moreover. the presence of a large number of lags in the VAR causes a multicollinearity problem and
also leads to the memorization of the data instead of fitting its structure. Litteman ( 1986) proposed
a Bayesian Vector Autoregressive (BVAR) mode1 in which a prion assumptions about the
parameten are used to estimate the model. One of the prior assurnptions comrnonly used is the
Minnesota or Litterman prior in which each variable is a random walk with drift. That is.

(3

Yt = C + Yt-i + Et.

where C is a constant term and et is a white noise disturbance. Al1 other parameten (coefficients
of the higher time lags) are assumed to have a zero mean and a non-zero variance which declines as

the lag length increases. The variance of the dependent variable parameters are also assumed to be
ereater than that of the other variables. These assurnptions allow for greater influence by time lags

C

ofdependent variables relative to time lags of other variables and also greater impact by lags with
closer time periods compared to those with M e r ones. If prior assumptions are correct. one
expects that the BVAR model would generate the results at least as good as the VAR and other
traditional econometric models. The standard deviations of the prior distribution for the coefficient
on lag d of variable j in equation i can be written as:

where A captures the tightness of the lags on dependent variables and 0 captures the tightness of the
is the estimated standard error denved from the residuals in an
lags on other variables. 6 ,
unresûicted univariate autoregression on variable i, and ohjo*,is a scale factor which rneasures the
relative size of unexpected changes in variables i and j.
The estimation c m be done using Theil's ( 1971) mixed estimation technique. Consider the
VAR mode1 defined in ( 1).

where A(L) is an (nxn) polynomial matrix with the lag operator L and lag length p. There are n
dependent variables and (n2xp)coefficients to estimate. To make the notations easier. (1.5) c m be
tvritten as follows:
(6)

Y, = B

Y,,+ 5,.

(nx1 ) (nxnpl (npxl ) (nxl l

and the prior information can be specified in the following form:

where R is an (npxl ) diagonal rnatrix with zeros for the deterministic components and A/s, for the
dth lag of variable j. r is an (ml) vector consisting of zeros and one for the tirst lag of the dependent

variable. V is an (ml)error term with zero mean and variance h'1. The system of equations can be

estimated by SURE. However, if the model is used for forecasting one variable. one c m use OLS
to estimate a single equation. This reduces the number of parameten to be estimated making the
estimation process easier. but with the cost of missing some information contained in the correlation
among the error terms.

FORECASTING MODELS OF INFLATION
1. Data
To estimate and forecast inflation based on the stn

lral model. which was presented in

chapter one, and the time series models, which were presented in the previous section o f this
chapter. the data for the following variables are needed: inflation rate. GDP gap. money supply. and
import price inflation. Al1 the n w data are obtained fiom CANSIM. a product of Statistics Canada.
The data are monthly and cover the period 1970:1- 1994:12. This period includes high and unstable
inflation rates in the period 1973-1982 followed by low and stable inflation ntes up to the 90's. The
inflation rate after two relatively large drops in the early 90's has reached one of its Iowest n t e s in
the last forty years. The inîlation rate is calculated fiom the CPI series. It is the inflation rate of CPI
each month relative to the same month a year before.

To calculate the GDP gap. the data of the seasonally adjusted rnonthly real GDP ( 1986= 100)

is used. The potential GDP is obtained by estimating the trend of the real GDP. Three types of
trends are applied: linear trend, quadratic trend, and piece-wise linear trend. The linear trend
overestimates both inflationary and recessionary periods in the 70's and 90's. respectively. The
quadratic trend. which is used by Armor, Mensah, Engerts and Hendry of the Bank of Canada

(1 996). fits the data very well, but overestimates the recessionary gaps in the 80's and underestimates

the recessionary gaps in the early 90's. The piece-wise linear trend consists of the two linear trends
for the penods before and f i e r the first oil pnce shock. Since our sample is too short for the fint
period and also the Canadian economy is influenced by the 1973 oil price shock with some hg, the
break point for the piece-wise trend is set to 1975. The gap denved from this semi-tinear trend lies
between the gaps denved from the linear and quadratic trends for the 80's on. Although the piecewise linear trend captures the intlationary periods of the early 70's. it fails to do so for the late 70's
(it produces either recessionary or no gap for this period). In this snidy. I choose the quadratic trend
which captures alrnost al1 of the inflationary and recessionary gaps in the estimation period.
Money supply is monthly and seasonally adjusted M l . And finally the Impon Price Index is
seasonally adjusted Laspeyres index for al1 imported goods. More details about the source of the
data are provided in the appendix A.
To test the robustness of the models, the data are divided into two parts. The first part. which
covers the period 1 970: 1- 1990:12 is used for the estimation. and the second part. which covers the
period 1991:1- 1994: 12. is used for the forecasting. It is the performance of the models in the second
period which is of most interest.
Al1 estimations and forecasts are done by E-views (1994) . S H M A M ( 1997). and Matlab

(1995).
2. Forecasting Strategy

To make use of al1 information available. the recursive forecasting strategy is applied. The
details of the procedure are as follows. The data (1, ...,T) is divided into two parts: 1 to T,,
and T,+l
to T. 1-,-.

First. the model is estimated using the data up to T,. and then forecasting is done for

the period T,+1 to T. Next. the model is re-estimated adding one more observation (T,+1) to the

estimation sample and forecasts are obtained for the period T,+2 to T. This process continues until

the sample is exhausted (the last observation for the estimation is T- 1 where the forecasting is done
for the time T). In this study. Tl is set to 1990:12. Therefore. there will be 48 estimations and
forecasting processes for each model. In each estimation and forecasting. three forecast horizons of
the one-period ahead. three-period ahead. and twelve-period ahead forecasts are recorded and in the
final stage the forecast errors for ail horizons are calculated. For each rnodel. there will be 48 oneperiod ahead. 46 three-period ahead. and 36 twelve- period ahead forecasts.
For each mode1 and each forecast horizon, two types of the static and clqwamic forecasts are
obtained. The difference between the static and dynamic forecasts is that the static forecast uses the
actud values of the I q s of the dependent variable for the forecasting penods. whereas the dynarnic
forecast uses the forecast values of the lags of the dependent variable each time. Therefore. in the
dynamic forecasting. the errors made each time influence the forecast errors for the penods ahead.

This is why the forecast m o r s in dynamic forecasts are expected to be greater than those in static
forecasts.
To perform the recursive forecasting (both static and dynamic) in this chapter. in total. eight
econometnc models (three structurai models and five time series models) are applied. 764 major
estimations are run. and 2080 one-period ahead, three-penod ahead and twelve-period ahead
forecasts are generated.
To evaluate the forecasting results, two critena are used: Root Mean Square Errors (RMSE)

and Mean Absolute Errors (MAE). The RMSE is defined as follows:

where y, and y, are the actual and the forecast values of the dependent variable. and T is the forecast
sample size. MAE is defined as follows:

The major difference between the RMSE and MAE is that the RMSE is more sensitive to
the large errors thm the MAE. typically resulting in a larger value for the former than that for the
latter.

3. The Model Specifications and Results
3.1. Structural Model

Based upon the theoretical mode1 presented in chapter one. equation 4. the following
equation is used for estimating and forecasting the inflation rate.

where ntis the CPI annual inflation rate, y is the GDP gap, m is the real money supply. IP is the
import price inflation rate relative to the domestic inflation rate, and B Pi x,, represents the adaptive
expectations of the inflation rate. Before estimating the equation, ail variables are checked for

stationarity. If the variables are not stationary, the inferences derived from the estimation are not
valid, leading to a spurious regression (Granger and Newbold. 1974). The Augmented Dicky-Fuller
unit root test results. as shown in table 1, indicate that al1 the variables in equation (8) have unit root.
implying that they are not stationary. The tests for the first differences of the variables, however.
show that they are I( I ) and. therefore, cm be used for the estimation.
Table 1. ADF Unit Root Test,

Variable

7 ~ '

-0.01

Y

Ay, = p+ y y , + Pt'+ Z ,., ' c, Ay ,

An

Y

AY

-0.663

-0.04

-0.776

rn

O

A

Am
-1 -38

5,.
nm

An;"

-0.04

-0.68

-8.9 1
-2.77
-2.491
-5.85 1
- 1.23
-6.76
- 1.166 " -6.638
ADF Test
Statisticb
a. X: Inflation. y: output gap, m: real money supply, f l :Irnport price inflation over the domestic inflation.
--

--

- -

-

-

-

b. ADF: The Augmented Dicky-Fuller Test Statistic
c. Ho: y=O (unit root). MacKinnon 1%and 5% critical values for rejection of the hypothesis of a unit root
are -3.99 and -3.43. respectively.

For the inflation rate. the unit root test is sensitive to the sample size. For example. the
inflation rate becomes stationary if the sample starts at 1945 (It is stationary for al1 starting points
from 1914 to 1945). Since the non-rejection of the unit root hypothesis in the ADF unit root test may
corne from the stnictural changes in the series (Perron, 1989). and. as Hostland ( 1995) shows. there
have been structural changes in the Canadian inflation series (one due to the 1973 oil price shock
and the other due to the Bank of Canada' s regime change in 1983) al1 series are checked for the unit
root with the assurnption of structural change. To do so, the following equation is estimated by OLS
for al1 variables.

where y, is a variable under investigation. DUMl equals I For 1973:1 and zero othenvise. DUM2

equals 1 for penod after 1973 (including 1973) and zero otherwise. DUM 1 and DUMZ capture the
effects on the intercept of y, in 1973 due to the oil prke shock. If the shock is assumed to have a
persistent effect. we may add another dumrny variable. DUM3. which equais t for the periods after
the shock (1973) and zero otherwise, to capture the change in the slope of y,. The nul1 hypothesis is

o=l (unit root) against the alternative hypothesis sel.

Perron ( 1989) shows that under the

assumption of structural change. the Dicky-Fuller modified t distribution is biassed towards not
rejecting the unit root hypothesis and he provides a more accurate distribution for the o. The results
of the unit root test with the assumptions of structural change. that is changes in intercept and slope

of y,, in 1973 and 1983. using the Perron' s modified t distribution. are as follows:

-

Table 2. Unit root test under the assumption of the structural changes.
y, = ~ + 6(DUMI)
,
+ 6, (DUMZ) +Pt +a y,, + C,'c,A y,-,+<,.

Variables

7r

Y

m

nm

(2.5%)b

da

0.689

0.969

0.99

0.96

ta 1

156.79

65.O05

59.44

72.09

0.989

0.968

0.99

0.96

fa2

156.96

65.01 5

59.06

66.96

u3

0.974

0.98

0.98

0.96

ta;

174.65

66.06

67.4

66.02

d

0.968

0.976

0.97

0.95

ta,

102.284

63-685

57.93

63.3

.

CriticaI Vatues 1%

-4.30 (-3 -93)

-3.65 (-4.32)

-3.32 (-4.0 1 )

-4.90 (-4.53)

a. a' i= 1. 2, 3, 4. I = shifi in intercept(l973), 2= shifl in intercept and change in dope( 1973). 3= shift in
intercept ( l983). 4= shifi and change in slope(1983).
b. Ho: FI (unit root). Perron's critical values with A= 0.2 (for i= 1 and 3) and 0.5 for i=3 and 4. A equals the
ratio of the sample size before break point to the total sarnple size.
K= 3. The results are not sensitive to a change in k (the number of tags of the dependent variable).

As the above table shows. in none of the cases can the mit root hypothesis be rejected at 1%
and 2.5% cntical values. Therefore, the andysis of both ADF and Perron' s unit root tests leads us
to use the first difference of the non-stationary variables in the regression. But, since there may
exist a long run relationship arnong the variables, it is appropriate to test for the cointegntion before
r u ~ i n gthe regression. The Johansen cointegmtion test [Johansen. 1991 ] produces a Likelihood
Ratio equal to 54.016. implying that one cointegmtion equation exists at 5 percent significant level'.
Therefore, an error correction tem, which captures a long-mn relationship among variables. is
inciuded in the model. The estimation results of the model are as follows:

dx, = 0.004 (CE) 0.195 dy,,-0.009 dm,+0.072 dxm,+0.20dx,-, + O. 15 dn,-: +O. 1 1 dxbj
+

(-6.2)

(3.8 1 )

(-0.55)

(2.47)

( 1.96)

( 1.58)

( 1 .08)

R' = 0.96. MC = - 10.22. SC = - 10.12. Ljung -Box statistic for the autocorrelation (Q)=1 13-07.
B-G' (LM) =18.68.

The AIC ( Akaike Information Criterion) and SC (Schwartz Criterion) are two criteria which
are used for the model selection. In this case, the number of lags for the expected inflation rate are
chosen based on the AIC and SC values obtained for different number of lags. The AIC and SC are
defined as follows:

'Eigenvalue=0.096. LR=54.016 and 5% cntical value=47.2 1.

' The Breusch-Godfiey Lagrang Multiplier (LM) test statistic for serial correlation
(Godfrey. 1978 and Breusch, 1978). It is defined as the nurnber of observations minus the
number of lags in the auxiliary regression of the residuals on the variables and the lagged
residuals multiplied by R'. The B-G test has 'X distribution with the degree of freedom equal to
the number of lags. This test is more general and powerful than the Durban-Watson test for the
autocorrelation.

AIC = T ln (RSS) + Zn,

SC = T ln (RSS) + n In (T),
where T is the number of observations, RSS is the sum of squared residuals and n is the number of
parameters estirnated. These two cntena trade off a reduction in the sum of squared of the residuals
with a more parsimonious model. In general. we would like to ha17ethe AIC and SC as low as

possible'.
Using the above estimated model. two types of the static and the dynamic forecasts for the three
forecast horizons. i.e.. one-period ahead. three-periods ahead. and twelve-periods ahead. are genented.
As explained before. forecasting is done recursively. that is each time one observation is added to the

estimation sample and the remaining out of sarnple penod is used for forecasting. The forecast results

of the structural model are as follows

Table 3. RMSE and MAE of Forecasts Using Structural Model.

RMSE-1P

RMSE - 3P

RMSE- 1ZP

Static

O. 006

0.006

0.006

Dy narnic

0.006

0.0 12

0.055

MAE- 1P

MAE -3P

MAE -12P

Static

0.005

0.004

0.004

Dynarnic

0.005

0.0 I

0.053

RMSE : Root Mean Square Error of Forecaçts. MAE: Mean Absolute Error of Forecasts. 1-p. 3-p and 12-p stand for one
~eriod-ahead,three-period-ahead, and twelve-period-ahead forecasts, respectively.

As expected. the static forecasts are much better than the dynarnic ones. In particular. the

'

Since In (T) is greater than 2. the SC places more penalty on extra coefficients and
therefore will always choose the more parsimonious model than AIC.

difference between the two becomes very large when the forecast horizon is longer. This is because
in the static forecasting the errors made in each period does not influence the forecasts of the next
periods, whereas in the dynamic forecasting, errors are accumulated in each period. making the
forecast errors bigger. Another observation is that both of the error measures for the d y n m i c
forecasting depend positively on the forecast horizon . Now we nim to the first traditional time series
model, i.e. ARIMA model.

3.2. ARIMA
As identified in the previous section, for the penod 1970: 1 - 1994: 12. inflation is not stationary.
but its first difference is. Using autocorrelation and partial autocorrelation correlograms. the
following model is found to be the most suitable for the inflation senes.

dx, = 0.089 dx,, t0.277 dx,, + 0.257 dxbj+ 0.212 da,,

(t)

R'

( 1 37)

= 0.51, SSE = 0.0028,

(4.9)

(4.46)

(3.75)

- 0.033 dx,-,,.
(-0.40)

AiC = -1 1.68. SC = -1 1.61.

The regression also includes a twelfih order moving average term with the coefficient -0.92

and the t-statistic -52.69. The nurnbers in the brackets are the t-statistics. The Jarque-Bera (1 987)
asymptotic Lagrangian Multiplier normality test, which has 2 distribution under the H, is appiied to
the residuals. The resulting 'X value (4.29) proves that the residuals of the ARIMA model are

normal. Also the Ljung -Box statistic for the autocorrelation (Q statistic) which equals 26.53 for 36
lags shows that the there is no serial autocorrelation problem in the above specified model. Using the
above estimated ARIMA model. the recursive forecasting procedure is applied to the period 1991:1-

1994: 12. Table 4 summarizes the forecasting results obtained by the ARIMA model. As the results

indicate. the same pattern of the forecast erron can be observed in the case of the ARIMA model as
those observed in the case of the structural model.

Table 4. RMSE and MAE of forecasting using ARIMA.

1

1

C

RMSE- 1P

1

RMSE-3P

1

RMSE- 12P

Static

0.004

0.002

0.002

Dynamic

0.004

0.006

0.034

MAE- IP

MAE- 3P

ILIAE- 12P

0.002

0.002

0.00 1

Static

1 Dynamic

1

0.002

1

0.004

1

0.015

1

J

1

RMSE : Root Mean Square Error of Forecasts, MAE: Mean Absolute Enor of Forecasts. 1-p. 3-p and 12-p stand for oneperiod-ahead. three-period-ahead. and twelve-period-ahead forecasts. respectively.

3.3- VAR
Three different forms of the VAR model are estimated. The first model (VARI). which uses
stationary variables. includes the lags of the variables as well as the error correction term. The second
VAR model (VAR2) is the same VARI, but without the error correction term. And the third VAR

model (VAR.3) uses the variables in their original form. i.e. non-stationary variables. For each model.
the number of lags are chosen based on the AIC and SC criteria. Table 5 summarizes the estimation
results of the three forms of the VAR model.

Table 5. The estimation results of the three VAR models ".
Variables
-

Coeff.

t-stat

-

Coeff.

t-stat

Coeff.

t-test

R'
SSE
AIC

SC
B-G LM)'
a. VAR 1 : tint differences, with an error correction term (c) added. V A R 2 first differences only. VAR(3): level

of variables.
d".and Ic are output gap, real money, the foreign inflation relative to the domestic inflation. and
inflation nte. respectively. A moving average term of order 12 is included in VAR2 and VAR3.
c. The Breusch-Godfrey Lagrange Multiplier test statistic for serial correlation. See foomote under structural
mode1 estimation in page 25.
b. y, m.

The forecast results using the above three forms of the VAR model are as follows:
Table 6. RMSE and MAE of forecasts using VAR models.

1

1
VARI"

VARS

VAEU

VAR3

RMSE-3P

1

RMSE- 12P

0.006

0.005

0.006

Dynamic

0.000

0.0 12

0.062

Static

0.005

0.005

0.005

Dy namic

0.005

0.008

0.022

Static

0.007

0.007

0.007

Dynamic

0.007

0.01 1

0.02

1

VARS

1

Static

1
VAR 1

RMSE-lPb

MAE- 1P

1

MAE-3P

1

MAE- 12P

Static

0.004

0.004

0.004

Dynarnic

0.004

0.01 1

0.06

Static

0.003

0.003

0.003

Dy namic

0.003

0.006

0.0 17

Static

0.005

0.005

0.004

Dynamic

0.005

0.009

0.0 15

a. VARI: first difierences. with an error correction t e m added. V A M : difference variables. VAR(3):Ievel variables.
b. RMSE : Root Mean Square Error of Forecasts, MAE: Mean Absolute Error of Forecasts. I -p. 3-p and 12-p stand for
one-period-ahead. three-period-ahead. and twelve-period-ahead forecasts. respectively.

The results of the static forecasting for al1 three forms of the VAR model are almost the sarne

over the three forecast horizons. However. in the dynamic forecasting case. VAR2. in general.
produces better results than the other two VAR'

S.

In the one-period ahead and three-period ahead

forecasts, the V A E ' s forecast error is smalIer than others. in twelve-period ahead forecasts. VAR2
and VAR3 produce almost the same results. outperforming VAR 1. The results of the VAR 1 is almost
the same as those obtained by the structural model which are presented in table 3. This indicates that

adding more lags to the stmctural model with the error correction term. which captures the long-run
relationship among the variables. rnakes no significant difference in forecasting. Since V A N consists

of al1 the stationary variables. the above results can imply that the stationarity of the variables in the
VAR model makes a slight improvement on the forecasting results only in the shorter forecast

horizons. This is not consistent with the findings of Sarantis and Stewart ( 1995) and Webb (1995)
who find that the stationarity of the variables in the VAR model does not matter in the forecasting
performance .

3.4. BVAR

The VAR model presented in the previous section is now cornbined mith the prior information
on the coefficients of the mode1 and estimated using the mixed-estimation method (Theil. 1971). The
prior distribution chosen for the coefficients is the Minnesotu or Litrermun priur ( 1987) as follows:

for equation i.

p, is the coefficient of the

standard deviation A.

first lag of the dependent variable with mean one and

P, .(i = 2. .... 4), are the coefficients of the three remaining lags of the dependent

variable with mean zero and standard deviation (Ui).
And P,, (j= 1. .... 4). are coefficients of the lags
of other variables with mean zero and standard deviation X/j 8(oAi/a' ,). A measures the tightness of
the lags of the dependent variable and 8 measures the tightness of the lags of the other variables.
Following Litteman (1987). the values of A. and 8 are set to 0.2 which is a relatively loose value. As

Sarantis and Stewart (1995) have found, the results are sensitive to the values of the A and 0, but the
loose values produce better results. a^i/aœ,is a scale factor which balances the tightness of the
standard deviations of the coefficients of the dependent variable with that of the other variables. o n ,

is an estimated standard error of the residuals denved fkom a univariate autoregression with a constant
and six lags. The estimation results of the BVAR model are presented in table 7.
Table 7. Estima:ion results using the BVAR model

Variable

Coefficient

T-Statistic

C

y Wb

y (-2)

y (-3)
y(+
m(- 1 )
m(-2)

m(-3)
m(4)

nm(1)
7rrn(-2)
x"(-3)

7rrn(-4)
TC(-1)
x (-2)
TC

(-3)

TC (-4)

RZ= 0.997
y, m. f
'and ~care output gap. real money. the foreign inflation relative to the domestic inflation. and
inflation rate. respectively.

The forecast results of the BVAR model are as follows:

Table 8. RMSE and MAE of forecaçts using the BVAR model

1
1

1

1

tat tic

1

1

RMSE-IP

1

0.004

1
1

MAE-3P

1

RMSE-3P

0.005

MAE- IP

1

1

RMSE - 129
0.005

1

MAE-12P

1

Static

0.003

0.002

0.003

Dynamic

0.003

0,003

0.0 1
- -

-

-

-

As the results in the above table show, the BVAR model generates very good forecasting
results compared to both structurai and the previous time series models in al1 forecast horizons.
particularly in the dynamic 12-penod ahead forecasting.

3.5. Alternative Models
Two alternative popular models of inflation are also estimated and used for forecasting. The
first model is Fair' s ( 1984) model. Fair has developed a medium-size structural macro model for
the US economy which is used for the estimation and forecasting various variables. For the

inflation equation. Fair' s mode1 c m be written as follows4:

where Ay is the change in the output gap. and w is the wage rate. The wage rate and the inflation
lags are used as proxies for the inflation expectations. The higher wage today implies the higher
price in the funire which will affect the current price. The wage rate is estimated tiom another

' Fair estimates the price level rather than inflation rate. The price is defined as the GDP
deflator.

regression on the lagged wage rate. price and its lag. tirne and the unemployment rate. The results
of the estimation of ( 1 1) are as follows:
x,= 0.002 + 0.0001A y,-, +0.002 A w, + 0.023 nm,+ 0.94 K,,
(t)

(2.65)

(0.90)

(O. 19)

(4.40)

(54.62)

R'= 0.98. AIC = - 1 1.38. SC= - 1 1-28.and Breusch-Godfrey LM test statistic = 1-89.

Like the other models. a twelve order moving average is also included in the above regression.
The forecasting results for the Fair model is reported in the following table.

Table 9. RMSE and MAE of forecasting using Fair' s Mode1
-

RMSE -lP

RMSE -3P

RMSE -12P

Static

0.005

0.006

0.006

Dynamic

0.005

0.007

0.024

MAE -lP

MAE -3P

MAE -12P

0.003

0.003

0.003

0.003

0.005

Static

1 Dynarnic

1

1

0.02

I

The second mode1 is the monetary model of the inflation. in this model. the most important

determinant of inflation is money growth. So, the model has the following form:

where m is M 1. The estimation results of the 1.12 are as follows:

x, = 0.002 + 0.006 Am, + 0.025 xm,+0.93 x
(t)

(4.19)

(1.99)

(6.95)

.,.

(100.j2)

R' = 0.99. .4IC = -1 1.86. SC = -1 1.79, Breusch-Godfrey LM test = 12.71.

A twelfth order moving average is also included in the above regression. The forecasting

results using the rnonetary mode1 are summarized in the table below.

TabIe 10. RMSE and MAE of Forecasting Using the Monetary h4odel.

1 Dynamic

1

1

0.004

MAE-1P

1

1

0.009

MAE3P

1

1

0.037
-

-

MAE -12P

Although the forecasting results in the above two models are different from those in the
structurai and time senes models. they follow almost the same pattern. increasing forecast errors with
the longer tirne horizons and dynarnic forecasting errors being greater than the static ones.

SUMMARY AND CONCLUSION

To summarize the traditional econornetnc models' forecasting performance. in dynamic
forecasting. the results of the one-period ahead forecasting in the structural model and the tirne series
models are alrnost the same. with ANMA having the lowest forecast error. In the three-penod ahead
forecasting. the tirne series models forecast better than the structural models with BVAR having the
lowest forecast error. And finally. in the twelve-penod ahead forecasting. the BVAR model cleariy
outperfoms ail other structural and time series models.
In static forecasting. the ARMA model outperfoms al1 other stnictunl and time series models
in di the three forecast horizons. The BVAR model has the second lowest forecast errors.
As expected. the values and the range of the RMSE of dynamic forecasts rise with the change

in the forecast horizon from one-penod to twelve-penod (from 0.004 - 0.007 to 0.01 1

-

0.062.

respectively). The values and the ranges o f the static forecasts change from 0.004-0.007 to 0.002-0.007

when we extend the forecast horizon from one- period ahead to twelve-period ahead forecasting. Since
the aatic forecasts use the actual values of the lagged dependent variable over the torecasting period.
the forecast errors do not change as much as they do in the case of the dynamic forecasts.

To analyse the forecasting results, it is important to notice that the data are divided into two
parts and the forecast performances of the models are evaluated based upon the second data set which

has not been used in the estimation process and is completely new for the models. In our data. however.
the forecast period. 1991- 1994. contains some new shocks and dramatic changes in inflation which may

have a great effect on the forecasting performance. For instance. introducing the new tau system (GST)
in January 1991 lead to a jurnp in the prke level (the CPI rose from 122.1 to 125.1. a 2.5 percent

inflation). Similarly. two relatively large drops in the inflation rate during the forecast periods ( 1991
and 1993) are unprecedented in the past ten years. These new shocks during the forecast period cause
the models to perform pooriy. for the models tend to extrapolate the inflation rate based on the history
of the variable to which the new shocks are completely new and not part of its structure. To avoid this
problem one may incorporate the information about the new shocks or regime shifis into the
forecasting data set or the estimation data set. In the former, we may add the new information directly
to Our forecasting data set and calculate the new forecast errors. In this case we assume that those

shocks or regime shifts are totally irrelevant to the structure of the data and that we know the extent
of their effects on the series. The alternative method is that we incorporate the new information into
the mode1 by expanding the estimation sample to cover the new shocks. The recursive forecasting
stntegy which is applied in this chapter, uses the second method. adding one observation to the
estimation sample after each estimation, and using al1 information available at the time of the
forecasting. Although the second approach improves the forecast results. though not Iikely as much
as does the first approach. in general, it seems to be more plausible. basically because of being fiee of

the two above assumptions about the extent of the shocks and their relationship with the series.

In the next two chapters. 1 will estimate and forecast the inflation rate using various adaptive
(Artificial Neural Networks) models and then compare the results with those obtained here.

Appendix 2A. The sources of the data

Consumer Pnce Inces (CPI) = CANSIM, Matrix No. 2201

GDP = CANSIM. Matrix No. 4673
Money Supply (Ml) = CANSIM, Matrix No. 0921

lmport Pnce Index (MPI) = CANSIM. Matrices No. 3622.3635. and 3643. Three matrices are
based on different bases years ( 197 1, 198 1. and 1986). The first and the second matrices are converted
to the 1986 base year.
Al1 data are seasonally adjusted using the X-1 1 method by the E-Views software.

AppendixZB.

A summary of the RMSE and MAE of the dynamic and static forecasts using the

different structural and time series modek.
Table BI. The summary of the RMSE of dynamic forecasts for various models.

RMSE -lP

RMSE- 3P

RMSE -12P

Structural

0.006

0.0 12

0.055

ARIMA

0.004

0.006

0.034

BVAR

0.005

0.004

0.0 11

FAIR' s Model

0.005

0.007

0.023

Mode1

Monetary Mode1

0.004
0.009
0.04
VARI: VAR with the error correction term. VAR2 : VAR with the stationary variables. VAR3: VAR with the nonstationary variables. BVAR: Bayesian VAR.
RMSE : Root Mean Square Error of Forecasts. MAE: Mean Absolute Error of Forecasts. I -p. 3-p and 12-p stand for oneperiod-ahead. three-period-ahead. and twelve-period-ahead forecasts. respectively.

Table B2. The summary of RMSE of siatic forecasts of the various models.

Model

1 BVAR
1 FAIR' s Mode1

1

0.005

1

0.006

1

0.006

1 Monetary Mode1

1

0.004

1

0.003

1

0.005

Table B3. The summary o f M E of dynamic forecasts using various models.

MAE - 1P

Mode1

MAE - 3P

MAE- 12P

Structural

0.005

0.0 1

0.053

ANMA

0.002

0,004

0.0 15

1 BVAR
-

- -

-

-

-

1 FAIR' s Mode1

-

1
1

0.003

1

0.003

1

0.0 1

1

0.003

--

0.008

0.003

Monetary Mode1

0.033

Table B1. The summary of 1l.L-4
E of static forecasts using variour models

1

MAE -IP

Model

M M - 3P

MAE - 12P

Structural

0.005

0.004

0.004

ARIMA

0.004

0.003

0.00 1

VAR1

0.004

0.004

0.004

VAR3

0.005

0.005

0.004

BVAR

0.003

0.002

0.003

--

-

-

1 FAIR' s Model
1 Monetary Mode1

1

0.003

1

0.002

1

0.004

1

CHAPTER 3

FORECASTING INFLATION WTH ARTIFICIAL NEURAL NETWORKS MODELS:
BACK-PROPAGATION NETWORKS (BPN)MODEL

Artificial Neural Networks ( A m ) have currently attracted much research in various fields. This
is due to the potential of ANN in finding a solution for complex problems. and to freedom from the
assumptions usually made to ease the solution process by the traditional mathematical models. A m
models tend to mimic the way the brain process information. Although ANN models are too far àrom
the way the human brain performs. by mimicking the basic features of the biological neural networks.
such as adjusting to a new environment by leaming, parallelism. and ability to process the fuvy and
incomplete information. they have succeeded in doing certain jobs very well.
In genenl. ANN models can be viewed as a non-linear input-output mode1 with certain special
features: Mass parallelism. nonlinear response of neural units to input. and processing by multiple
layers of neural units. The ANN models c m also be viewed as vector mappers: they accept a set of

Figure 1. A general view of a neural network as an input-output mode1 or a vrctor mapper.

inputs (an input vector) and produce a corresponding set of outputs (an output vector) according to
some mapping relationship encoded in their structure [Wasserman. 19941. Figure 1 shows a very
general form of the ANN models5.
ANN is inspired by knowledge fiom neuroscience and has been developed in other fields such
as mathematics. statistical physics. computer science. cognitive science and engineering [Hertz et al.
19911. The most popular applications of ANN include pattern classification. pattern completion.

function approximation. optimization. prediction. and automatic control. ANN models have recently
been applied in economics and finance where forecasting results with the traditionai models have not
been very encouraging. Financial markets have been the subject of most .4NN researches in economics
and finance due to the apparently random behaviour of financial variables and also the abundant data
required by ANN. In most cases. ANN have outperformed the traditional iime series models in
It is obvious that the computer cannot do al1 the complicated tasks done by the human
brain. For instance. the brain of a little baby is able to recognize patterns. e-g. faces. at a speed
and accuracy that are not comparable with those of even the most advanced programs running on
the supercornputers. The human brain is very compact containing 10'' neurons (nerve ceils) of
many different types which process idormation in a paralle1 and non-linear fashion. It is these
two features which seem to be essentials in the brain information processing system and therefore
in the ANN models (Hertz, et al. 1991).

forecasting the financial variables such as stock pnces, exchange rates. etc.. or cIassi@ing applications
such as bonds rating [Ahmadi (1 993). Bosarge (1 993). Karnijo and Tanigawa ( 1993). Sharda and Patil
( 1993). Refenes. Yoon and Swales (1 993). Donaldson and Karnstra ( 1994)l. The interesting features

of ANN models and successes in a variety of applications suggest that ANN models may serve as a
usefül addition to the tooI-kit of economics and econometrics.
In the next wo chapters. 1 will examine the ability of the different ANN rnodels for forecasting
the inflation rate. In this chapter. 1 will use Back-propagation Network (BPN) model. which is a
standard feed forward neural network. and in the next chapter. 1 will use Radial Basis Function Network

(RBFN) and the Recurrent Networks (RN) models which are hybrid and dynamic A N N models.
respectively. I will then compare the forecast results generated by the ANN rnodels with those obtained
from the traditional econometrics models in chapter 2. This chapter is organized as follows. After a
brief introduction to .4NN models. the BPN and its algorithm will be explained. Then the ~ o ~ g u r a t i o n

of the BPN for forecasting inflation rate will be presented. Finally. the chapter will be concluded bp
presenting the results.

ANN MODELS

Before going through the ANN models. it may be useful to explain some of the important and
commonly used jargon which have different meanings or interpretations in econometrics. Some jargon
may find an equivalent terminology in econornetrics. as have been presented here. but some rnay not

and we will use them as they are.
Input = independent (explanatory) variable

Output = dependent (explained) variable
Actual output = the output generated by the ANN model, predicted dependent variable
Desired (target) output = observed values of dependent variables
Error = difference between the actud output and the desired output
Layer = vector
Neuron unit = a component of the hidden or output layer where inputs are processsd.
Weights = parameters to be estimated
Learning (Training) = iteration and weights adjustment process through which the error is minimized.
or a better tït to the data is produced: estimation of the parameters

Activation (transfer) function = a fûnction (usually nonlinear) which receives the initial outcornes of
the hidden or output units and generates a find output for those units.

Generaliution = ability of a network to generate closest output pattern for input pattems that were not
included in the training set. forecasting.
Nurnber of pattems = number of observations
Bias unit = a unit with the value of one, intercept in a regression model.

The basic structure of an ANN model can be explained through Figure 2. The inputs. (X :X,.

X,. ...,X,,, are fed into the network. Each input is then rnultiplied by a random weight (wi). and
summed. The result. Net. is as follows:

Net

=

1,Wi X,

INPUT

CVEIG HTS

OUTPUT

PRO CESSING UNIT

Figure 2. The basic structure of the ANN model

The "Net" is then applied to an activation (transfér)-fimction.F

= f(Net).

that generates the

output value for the unit. The activation function c m be of any f o m . If it is Iinrar. it onlp transfers
the "Net" value to the output unit that is, f(Net)
in econometncs: Y

= Zi

= Net.

This is similar to the linear regression model

W, X, where Y = Net. The activation function c m be a "thrrshoic/ftincfion"

which generates the value of O or 1. For instance. it can take the following rom:

f (Net)

=

1, if Net>0

f (Net) = 0, if Neteo.
The above network with threshold activation function is similar to the limited ~fependentvariable

rnodels. where the dependent variable has the binary form. F(Net). however. in most applications takes
the form of the "sigrnoidfuncrion"which is a continuous and nonlinear function and generates the

values between O and 1. It has the following form:

where the value of cc determines the steepness of the function. If a becornes very large. the function
approaches rhreshold fstrp)funclion producing either O or 1 as output. and if it becomes very small.
the function approaches a smoother function.The Sigmoid function is similar to the iogigit model. where
the dependent variable has the logistic functional form. One of the reasons for the popularity of the
sigmoid function is that calculating its f m t derivative. which is needed for weight adjustment in backpropagation and will be discussed later in this chapter. is relatively simple. Figure 3 shows the sigmoid
function with two extreme values for cc.

Figure 3. The sigmoid (logistic) function with two different values for a.

The output genented by the network, F, is called actual oz<tpzîi. n i e actual output is compared
with the output data ix. rhr turgrt fdesired) m p t . and then the error. i.e. the di fference behveen the

actual output and the desired output, is calculated. The objective is to rninimize the error. This can
be done by applying a k~irningnrle through which the network adjusts the weights (w) in the direction

in which the error is minimized.
In general. the learning mle has the following form:

where the W,, is the connection weight fiom input i to output j. and AW,, is a function of input value

(Xi). output value and the target output. For example. in theudeltaiectrning rztle".AWij is specified
as follows:

AWij =

Xi (Tj - Fj).

where q is a parameter (called learning rate), Tj and Fj are the target and actual outputs of output unit
j . respectively .
Despite its simple fom, this basic ANN model. which is also called a Perceptron. is very
p o w e f i l in leaming the patterns. However, it cannot leam al1 types of the patterns: The next
generation of ANN models are those which have another intermediate lqer. called hidden kuyer. These
models. as will be discussed later, are able to learn al1 kinds of pattems. In this case, the inputs are
processed in the hidden units and the outcomes of the hidden units are applied to the output units where
the final results of the actual output will be produced. The process in the hidden units are exactly the
same as that in the output uni& explained through Figure 2. That is. in each hidden unit. the incoming
data is processed as follows:
A typical exampie of the failure of the above perceptron in leaming a pattern is the XOR problem. This basic ANN cannot learn the X-OR pattern: [(0.0). (0.1 ). ( 1.O). ( 1. I)]. where
the output is on (+1) if one or other of two inputs is on. but not when neither or both inputs are
on. The reason for the failure is that the network cannot separate input patterns into two classes.
For more details see Hertz. et al. (1990).

Input Layer

Weights

Hidden Layer Weights Output Laver

Targer Output

Figure 4. A Multilayer ANN with r input units. two hidden units and one output units.

and

Gj = G (Netj).

where yji is the connection weight from input i to the hidden unit j, G is the activation function. and
Gj is the output of the hidden unit j. Figure 4 shows an ANN with two hidden laper units and
one output layer unit.

In the case where the number of hidden units is more than one. e.g. q. the above formula can be
written in the folIowing matrix fom:

Net = 17 X.
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where î is a qxr hidden layer weight matnx and X is rx 1 input vector. Or.

and

where G is a qx 1 vector. or

The output o f the hidden units, G. is then applied to the output layer where the following calculation
is performed.

Net = Ci pi Gi.
and

F = F (Net).

Again. if there is more than one output unit. e.g. v. the output c m be presented in the following matris
fom:.

Net = B G,
or.

and

where B is a vxq mmatrix and F is a vector of size v. In this stage. network compares the value of actual
output (F) with the value of the target (desired) output (T). and calculates the error. The error is then
minimized by iteration and adjusting the weights (ys and Ps) through the specified learning rule.
There are a variety of ANN modcls. They can be categorized in different groups such as sratic
( feed- forward

networks) and dynnmic (networks with feedback). hetero m.soci~~rivc.
(where an output

vector which is different from input vector may be generated) and uiro ussociurivr (where the outpur
vector and input vector may be the same). ANN models c m also be categorized based on their learning
algorithm. The learning can be either supervised or unsupervised. In supervised learning ANN, a pair
of input vector and output vector is defined and networks tend to l e m the relationship between them
through a specified learning rule. In unsupervised ANN, however. the networks are trained by only the
input vector. In this paper. 1 will be using the hetero associative networks with supervised learning. 1

will also be applying both static and dynamic networks.

THE BACK-PROPAGATION NETWORKS (BPN) MODEL

Back-propagation N e d Networks (BPN) rnodel is by far most cornrnonly applied ANN model
which has been usrd in different disciplines including economics and finance. It has an easily
understood pandigm and generates reasonable results in various applications. Some of the economic

and finance applications of the BPN can be found in White (1 993). Sharda and Patil ( 19933, Ahmadi
(1993). E. Maasoumi. Khotanzad. and Abaye (1994), and Swanson and White ( 1997). As a multilayer

feed forward ANN. the BPN was introduced by Parker (1982) and Rumelhart. Hinton and Williams
(1986) and becarne a key development in the history of ANN.

The BPN model is a universal

approximator. that is. it is able to approximate any continuous function with arbitrw accuracy. provided
that the sufficient number of the hidden layer units is provided [White ( 1990)).
The BPN model is feed-forward. i.e. there is no feedback from output or hidden layes to input
layers. and hetero associative with supervised learning, i.e. an output vector different from the input
vector is presented in the model. A typical BPN model consists of three Iayers: input layer. hidden
layer (one or more). and output layer. Figure 5 shows a BPN model with an input layer X which consists
of r units. (X: Xi.

X2

..... Xr). a hidden layer G which consists of two processing units. (G: Gi.

Gr). and an output layer F which consists of one processing unit ( F). -411the three input. hidden and
output layers are fully comected to each other with two sets of weights (y s and ps). The directions
of the connection lines from the input layer to the hidden layer and from the hidden layer to the output
layer indicate that the BPN is a feed forward network.

Input Layer

Weights

Hidden Layer Weights Output Layer

Target Output

Figure 5. A single hidden layer BPN model with r input units. two hidden units. and one output.

The BPN maps the inputs to the outputs and l e m s the relationship between them through
iteration. The procrss of learning in the BPN model is as follows:

1. Inputs are applied to the network and the initial randorn weights are generated. No processing
is done in the input units.

2. Each hidden layer unit receives the inputs. multiplies them by their correspondent weights and
adds them a11 together. That is, the hidden layer unit j calculates

where Xi is the input of the unit i and yji is a weight connecting the input unit i to the hidden unit j.

The output of the hidden layer unit j,

Gj,

is a transformation of the net, as follows:

where G is a transformation or activation function. G can have any fünctional forrn . linear or
nonlinear. but the most popular one is the nonlinear sigmoid or logisric.fzrncrion. In this case.

where the value of a determines the steepness of the function.

3. The output units receive the outputs of the hidden layer units (Gs) as their input. The
function o f the output layer units is exactly the same as that of the hidden layer units. That is. each
output unit calculates the !Ver.the sum of product of the inputs and weights. as follo~vs:

(9)

Net,

where '-Net," is the net value for the output unit h,

= Et

pl GI.

pi is weight coming frorn the hidden unit i and Gi

is the output of the hidden unit i. which is input for the output unit h. The output unit then applies a

transformation function. F. to the Neth. Therefore. the output of the output layer unit h. ricrual
orttput. is deîined as:

( 10)

F,

=F

(Net,,).

4. The network compares the actual outputs (Fs) and the desired (target) outputs (Ts), and
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calculates the error. The objective is to minimize the error. Two commonly used measures of errors
which are to be minimized are Total S m of Squared Errors (TSSEj and Root Mean Squared Error
(RMSE). TSSE and RMSE for unit h of the output layer are defined as follows:

where N is the number of patterns (observations).

5. After calculating the error, the network retums the error to the network and adjusts the
comection weights ( ys andps). hence back-propagation. The weight adjustment. which is called
krrning ( t r a i n m . is done by a specific leaming nile. The network iterates the process until

reaches a certain speci fied error.

Learning Rule

BPN learning algorithm uses gradient descent. that is it changes the weights in a direction
that minimizes the error. A learning rule which is commonly used in the BPN mode1 is "generalized
delta ride". In this leaming rule, the weight is updated for each unit in the output Iayer as follows:

where

phl

(t) is the weipht comecting unit j of the hidden layer to unit h of the output layer at time t.

q is the learning rate (typically less than I), and vhj is the gradient vector associated with the weight

fiom unit j in the hidden layer to unit h in the output layer. The gradient vector is the set of derivatives
for al1 weights with respect to the output error. BPN calculates the gradient vector on a Iayer-by-layer
basis using the chah mle for partial derivatives. For weights in the output layer. components of this
vector may be evaluated as follows [Wasserman ( 1994)] :

where E is a function of the error. If E is defined as the Root Mean Squared Error (RMSE). the first
component of V,,,becornes:

and by the definition of the ;\'eth and F as in (9) and (10). the second component of the

T'!h

can be

written as folIows:

dFda p h , = G (Netj).

Therefore.

If F is a non-linear function. the gradient vector p h , ) and. therefore. the change in the weights

Figure 6 . The error surface graph. The ball at the top shows the initial position of the error and the
ball at the bottom shows the final position of the error.

would depend on the derivative of the activation function. Thus. the gradient desccnt algorithm requires
that the activation fùnction be differentiable. AIthough any continuous and differentiable function can
be used. the sigmoid h c t i o n or tangent hyperbolic sigmoid fùnction are preferable as their derivatives
can be easily calculated7.
Figure 6 shows the error surface graph in which the surn oisquared errors is minimized through
the change in weights. The initial and the final position of the error is shown by two balls at the top and
the bottom of the surface. respectively.

f(x) = tanh (p x) is a fünction with range (- 1. 1) and its derivative is given by P(1 -f).
f(x) = Sigmoid (P x) is a function with range (0. 1) and its derivative is 2 P f ( 1-0.
7

The weight update mle for each neuron in the hidden layer is as follows:

where y,, (t) is the value of the weight comecting the unit i in the input layer to the unit j in the hidden
layer. q is the leaniing rate and T'ji is the gradient vector which is calculated as follows:

where

(i)

dF,/dG,

=Ph,.

8G,/ClVq =g '(Net,),
(iii) &Ver,Gy,, =X,.
(ii)

Substituting (i). (ii). and (iii) into Vji, it can be written in the following fom:

[t is common for each unit in the hidden and the output layers to have a "hius" input. It has
a value of + 1 and its weight is adjusted Iike other weights. The bias term can be viewed as a

constant term in the regression model.
It is possible for a BPN model with the gradient descent leaming algorithm to trap itself in

local minima instead of a global minimum. There are some indications as to when or where the
network is trapped in a local minimum. If the desired output lies outside the range of the activation
function, e.g. (- 1, +1 ) in case of tanh fùnction, the network can become stuck in a IocaI minimum.
Also. if there is no significant change in the existing error. which is not close to the desired one. or
if the network generates a large error when tested with the new data we might conclude that the
network is stuck in a local minimum. One of the ways to avoid the local minima is applying a
rnornrnturn term to the weight update rule. it makes the current weight change as a function of

previous weight change in addition to the current error and encourages weight changes to continue
in the sarne direction. That is.

(16)

wji

(t+ 1) = wji (t) + [Awji (t) +

Awji (t- 1 );.

where AwJi(t) = - q C,,. The other comrnon way to avoid the local minimum is to restart the
program with new random weights. Finally, the ANN architecture c m be restructured in such a
way that the global minium is most likely reached. Among the various methods. the use of the
genetic algorithm seems to be promising [Dorsey and Mayer (1995)l.

A BPN MODEL FOR FORECASTING INFLATION

A feed Forward BPN mode1 is designed to learn and forecast the inflation rate using the

Canadian data. Two very important decisions are to be made in designing the network. First. we
should determine components of the input vector (X). Although it is common to fil1 in the input

vector with whatever variables the model designer thinks are relevant to the output. in this paper 1
use the economic theory and the econornetric models as a guide to select the model. Therefore. the
input vector components are chosen based on the structural and time series models presented in
chapter 2. In particular. three ANN modeis are applied. using the specifications of the structural
model. the ARIMA model, and theVAR model. The second decision is about the number of the
hidden layer units. Although there are some formulae in the Iiterature for finding the optimal
number of the hidden units. unfortunately. there is no unique theory yet for this problem and each
formula rnay produce widely varying results

'. Therefore. 1 apply the trial

and error method as

follows. Afier choosing the components of the input vector. the network is trained using 1 to 10
hidden units and forecast errors generated each time. The network with the nurnber of hidden units
which produces the minimum error is then chosen. For exarnple. in the case of the BPN with the
VAR specification. the forecast error decreases when the number of hidden units increases. This

pattern exists up to Bve hidden units. after which the error increases. Therefore. the optimal
number of hidden units for the existing problem is five.
To examine the effect of the non-linearity in the model. an ANN mode1 with no hidden
Iayer is also applied. Note that the non-linearity of the ANN is due to the existence of the hidden

8

For instance. two of the suggested formulas for calculating the number of hidden units
are as follows:

where h is the number of hidden units. r and v are the number of processing units in the input and
output layers. respectively, and T is the nurnber of patterns (observations) in the training data set
[Masters (1994). NeuralWork (1 994), 201. Applying these two formulae to Our problem generate
h=4.1 and h=2.6, respectively .

layer units. That is an ANN mode1 with no hidden layer is no longer non-linear (parameter wise).
regardless of whether a linear or non-linear transfer function is used. For the sake of comparison.
three other versions of the linear BPN are also added to the contest: the Iinear BPN with linear
transfer function, and the linear BPN with non-linear transfer function. The former is exactly the
same as the linear regression mode1 and the latter is the linear regression mode1 with non-linear
functional form. Other parameters are set as follows: initial learning rate rquals 0.0 1. where it
changes with the learning pace. and the number of training epochs is 100.000.

The common hidden layer transfer function is the non-linear sigmoid function which retums
values between zero and one. The choice of the sigmoid function is basically due to the simplicity of
its derivative which makes the learning of the network much easier and faster. The tanh function also
has the sarne advantage as the sigmoid h c t i o n in terms of the simplicity of its derivative. but it
returns the values (-1. + 1 )'. Since. in the test data set, there are periods with negative inflation rate.
1 use the non linear tan-sigmoid fiction. The output Iayer transtèr function in the case of the

multilayer BPN is the linear fùnction. The weights are initialized randomly. but saved after each
training and used for training with the new training data set with one more observation added from the
test data set. To make the comparison between the ANN models and the econornetric models as fair
as possible. the data and the forecasting strategy are kept the sarne as those applied in the econometric
models. In short, the data is divided into two parts: training data set ( 1970:O1 to 1 990: 12) and test data
9

The other difference between the sigrnoid and tanh functions is the saturation range. If
the value of the transîèr function in a neural unit becomes very close to one. its slope becomes
very close to zero. making the error very small. This is called sarurution. because the unit loses
its sensitivity to the change in inputs and learning stops in that particular unit when this happens.
The input range for saturation to happen is (-6, +6) for the sigmoid function. and (-3. +3) for the
tanh fùnction. Since our input scale is very small, this difference between sigmoid and tanh
functions does not seem to make a significant change in the performance of the network.

set ( 1991 :O1 to 1994:12). and static and dynamic recursive forecasting are done For three different
time horizons. Therefore. similar to the econometric models, in total, 48 one-period ahead, 46 threeperiod ahead, and 36 twelve-penod ahead static and dynamic forecasts are generated. Each training
and forecasting took about 24 hours. using the neural network tool box of Matlab on a Pentium 166
machine. The results of the dynamic and static forecasts for three different horizons are summarized
as foIlows.

Table 1. RiVSE and MAE of dynamic forecasts for the three horizons using the BPN rnodels.

1

1

RMSE

MAE

BPN 1

0.005

0.007

0.008

0.005

0.006

BPN2

0.005

0.005

0.005

0.003

0.003

BPNS

0.005

0.009

0.026

0.003

0.006

BPN6

0.005

0.02

0.02 1

0.004

0.0 1

AI1 rnodels use non-linear transtèr function unless specified othenvise.
BPN f : BPN with ARIMA specification. B P N P BPN with ARIMA specification with no hidden la>er. BPN3= Linear
BPN with ARIMA specification. BPN4= BPN with VAR specification. BPNS =BPN with VAR specification and no
hidden layer. BPN6= BPN with structuml mode1 specification.

Table 2. The RMSE and MAE of static forecasts for three horizons using the BPN models
MAE

1

BPN 1

0.005

1

0.006

1

0.007

1

0.004

1

0.004

1

0.005

BPN4

0.005

0.005

0.005

0,003

0.003

0.003

BPNS

0.006

0.005

0.009

0.005

0.005

0.008

All models use non-linear transfer function unless specified othenvise.
BPNI: BPN with ARIMA specification. BPN2= BPN with ARIMA specification with no hidden layer. BPN3= Linear
BPN with ARIMA specificaiton. BPNJ= BPN with VAR specification. BPNS =BPN with V A R specification and no

hidden layer. BPN6= BPN with structurai mode1 specification.

In dynamic forecasting. al1 different specifications produce almost the same results in oneperiod ahead forecasting. In three-penod ahead forecasting. the BPN with ARiMA and VAR
specifications generate the minimum errors and in the twelve-penod ahead forecasting. the BPN with
the ARIMA specification genente the best result.

In static forecasting. the BPN with ARIMA and VAR specifications produce the least errors
in al1 forecast horizons. Since the BPN models with no hidden layer in both static and dynarnic
forecasting generate better results, the true mode1 rnay be considered as linear. Applying other ANN
models, such as RBFN and RN models in next chapter. however, may shed more light on this issue.

A COMPARISON BETWEEN THE BPN AND THE ECONOMETRIC MODELS

Using the RMSE and MAE criteria to compare the models. arnong the econometric models,
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A N M A has the lowest error in one-penod ahead dynarnic forecasting. But. BVAR' s performance

is better than the others in three-period ahead and twelve-penod ahead dynamic forecasting.
Comparing the BPN model and econometric models. the dynamic forecasts produced by the

BPN models are as good as and sometimes better than those generated by the econometnc modets. The
results are almost the same in one-period ahead and three-period forecasting. but the BPN model
outperformed al1 the econometrics models in the twelve-period ahead forecasting. Among the BPN
models, the ones with the ARiMA specification (BPNI and BPN2) generated better results than
others in the twelve-period ahead dynamic forecasting. In static forecasting. the results of the
economeûic and the BPN models are almost the sarne in the one-period ahead and three-period ahead
forecasting. but in the twelve-period ahead forecasting, the BPN model could not beat the econometric
rnodels. particularly the ARIMA.
Another method to compare the forecasting models is the information test suggested by Fair and
Shiller (1 990). This method. which can discriminate between the competing torecasting models even
if they have a very close RMSE values. compares the usehl forecasting information contained in one
model relative to another by regressing the actual values of the inflation rate on the torecasted values
generated by the back-propagation model and one of the econometric models. If the hypothesis of the

C

zero coefficient of the BPN model, not the econometric, model is rejected. then the information
contained in the econometric mode1 is completely contained in the BPN model and the BPN model
contains further information as well. If both coeficients are zero. both models contain no usefuI
information. And finally. if both models have non-zero coefficients. we can conclude that both BPN

and econometric models contain independent information. Table 1 in Appendix 3A surnrnarizes the
results of applying the above method to the BPN model (with the ARiMA specification: BPN2) and

the competing econometric models (ARMA. VAR. B V A R and Structural Model). In one-period
ahead static and dynamic forecasting, the information contained in the econometric models is
contained in the BPN model and the BPN model contains fiuther information. However. in other time
horizons (three-period and twelve-period ahead) forecasting, the results are mixed. In the static threepenod ahead forecasting. BPN contains more infomation than al1 other econometric models except
for ARIMA. In three-period ahead dynamic forecasting, the ARiMA and BVAR models contain more
intorrnation than the BPN model. but the BPN model has more information than the structural model
and both the BPN model and the VAR models contain useful information. In twelve-period ahead

static forecasting. BPN contains information more than B V A R but less than the ARIMA. VAR. and
structural. And finaily. in twelve-period ahead dynamic forecasting, BPN has more information than
VAR and stnicninl. BPN and BVAR contain independent information. but neither BPN nor ARIMA

has useful information.
The results of the information te% in general, are consistent with those obtained by the RMSE
and MAE criteria. In some cases where RMSE' s are very close to each other. the information test can
shed more light on the comparison between the models. For instance. according to the RMSE and

MAE cnteria the performance of the BPN model and econometric models are alrnost the sarne in the
one-period ahead and three-period ahead forecasting, but information test results indicate that BPN
outperforms al1 other models in one-period ahead static and dynamic forecasting. Furthemore. the

BPN model outperforms the econometnc models, except for ARIMA in the static forecasting and
ARiMA and BVAR in the dynamic forecasting, in the three-period forecasting. The information test
results for the twelve-period ahead forecasting is consistent with the m o r s comparison method.
suggesting the BPN model as an overall winner in the dynamic forecasting and a loser in the static

forecasting.
Figure 7 shows the static and dynamic forecast results for the three different horizons
generated by the three structural (RFN) and time series models (VAR and BVAR) and one BPN model

(BPN2) compared to the actuai inflation senes.
In general, the advantage of the BPN model is that it has a very flexible form and can leam al1

kinds of patterns with a reasonably good generalization (forecasting). Despite its advantages. the BPN
model suffers from the lack of theory for determining the optimal number of the hidden layer units.
Furthermore. in sorne patterns. it is perfectly possible for the BPN model to trap in a local minima
instead of a global minimum. In this case the network must be re-initialized. Finally. the BPN model.
sarne as most ANN models does not allow us to interpret the weights (coefficients) clearly. But. in
forecasting. the priority is given to the accuracy of the forecasting. leaving the interpretation of the
weights as secondary.
A further study is required to compare the rfficiency of the BPN mode1 in forecasting the

Inflation rate with other ANN models such as Radial Basis Function Neural Networks (RBFN), and
Recurrent Networks (RN). The RBFN is a hybrid ANN model which trains clustered data and the RN

is a dynarnic ANN in which there is a feedback from the hidden layer or output layer to the input layer.

a. One- Period Ahead Static Forecasts.

'

m?
INFLATION
-BPN

---------- STRuctural ------- BVAR
Var

b. Three-Period Ahead Static Forecasts.

IF

M INFLATION ---------- STRuctural
-BPN
------. VAR

--

BVAR

c. Twelve-Period Ahead Static Forecasts

4L
-

INFLATION
BPN

---------- STRuctural
-----a.

-------

BVAR

VAR

d. One-Period Ahead Dy namic Forecasts

4-1
INFLATION
-BPN

---------- STRuctural ------- BVAR
----.
Var

e. Three-Period Ahead Dy narnic Forecasts

f. Twelve-Period Ahead Dynarnic Forecasts

1-1

INFLATION .--------STRuctural
BPN
------ Var

-

-
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Figure 7. The static and dynamic forecasts using the econometric and the BPN models.
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APPENDIX A.

Table 3A. The results of the Information Test: y, = P, + P, y,, +

1

Static
Model

y,, + u,

Dynamic

BPN
ARIMA

BPN
VAR

BPN
BVAR

BPN
Stmctural

0.027

0.557

-0.15

0.30

O. 106

(0.75)

(3 -80)

(-0.1 7)

(3.9 1)

( 1.98)

1.O05

1.81

1.O28

0.0 13

0.39

(22.56)

(2.5 5 )

(9.18)

(O. 1O )

(-.
3

0.035

-0.1 O5

0.0 18

0.983

0.46

(0.751)

(-1.103)

(0.162)

(7.60)

(8.95)

1.017

0.3 7

1.O7

0.79

0.359

(29.1 1)

(1.59)

(12.18)

(5.037)

( 3-29)

0.0 15

0.48

-0.020

O. 178

0.059

(0.475)

(2.73)

(-0.35)

(O. 127)

(0.96)

The numbers in the brackets are t-statistics.
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CWAPTER 4

FORECASTING INFLATION USING THE RADIAL BASIS FUNCTION NETWORK

(RBFN) AND RECURRENT NETWORK (RN)MODELS

The back-propagation network (BPN) model. as presented in chapter three. is a feed fonvard
neural network with learning process in both hidden layer and output layer units. These two features.
i.e. being feed-foward and having a multi-layer learning, make the BPN model a static and a very slow
network. respectively. In this chapter. 1 apply two other ANN models designed to address these two
problems. The Radial Basis Function Network (RBFN) is an ANN model with the same structure as
the BPN model. But the RBFN rnodel is faster than the BPN model due to restncting the learning
process to only the output layer. The RBFN model can generate results almost as good as the BPN
model and can be applied to al1 problems handled by the BPN rnodel. Recurrent Network (RN) is a
dynarnic model with feedback fiorn the hidden layer or the output layer to the input layer. The RN is

one of the most interesting types of ANN model, particularly in econornics where the series tend to have
dynamic behaviour. but the RN models have not been developed and applied as much as others.

The first two sections of this chapter. will discuss the basic structure of the RB FN and the RN
models. The thrid section will present the models for forecasting inflation using these two ANN models
followed by the results and a cornparison of their performance with that of the BPN model.

1. THE RADIAL BASIS FUNCTION NETWORK (RBFN) MODEL

The RBFN model. like the BPN model .is a universal approximator. That is. given a network
with suficient hidden layer neurons. it can approximate any continuous function with arbitrary accuncy

[E. J. Hartman. J. D. Keeler. and J. M. Kowalski. 19901. The structure of the RBFN model is similar
to that of the BPN model. It is a multilayer feed-fonvard AM\I and usually consists of three

a

Input Layer

C's

Wcights

Hidden Layer Weights Output Layer

Target Output

Figure 1 - The Structure of the RBFN model with r input units (X). two hidden units (G) and one output unit

(F). The hidden layer weights (C' s) are the centre vector and the output of the hidden layer units ((3) depends
on the distance benveen the input vectors and centre vectors.

layers: input Iayer. hidden layer. and output layer. However. the information process and learning
algorithm in the hidden layer units are fundamentally different in the EU3FN model than those in the

BPN model. Figure 2.1 shows the basic structure of a RBFN model. The RB FN mode1 is a hybrid
neural network in which the data is first clustered in the hidden layer and then training is done in the
output layer. When inputs are fed into the input layer. the network creates a "centre" vector which is
treated as the connecrion weighfi. In the hidden Iayer a distance between each input vector and the
centre vector is calculated and the results are transformed through an activation function. Therefore.
the output of a hidden layer unit is a function of the distance between the input vector and the centre
vector. The outputs of the hidden layer units are then multiplied by their output weights and
transformed through a linear activation function to the output layer producing the uctzirrl ouiptlt. After
calculating the error. the gradient descent rnethod is applied to adjust the output weights and to
minimize the error. It should be noticed that the learning (weights adjustment) is done only in the
second phase of the network. Le.. the output weights.

The RBFN model s h o w in Figure 1 has r input ünits, X = (Xi.

.... Xr). two hidden layer units.

G = (Gi. GI). and one output unit. F. Each hidden layer unit. G,, assigns a centre vrcror. CJ= (Cl[. ....
Cjr), and calculates the distance between the input vector and the centre vector. If the distance measure

is Eitclidean. the result wouId be as foIlows:

The number of hidden layer units (K) may Vary in different f o m s of the RBFN. In a very
generai form. which is called regdarizution network, it is equal to T. the sample size or the nurnber of

input vectors [Haykin. 19941. That is. one hidden unit is assigned to each input vector .Xt'= (X% ....

X"'r). t= 1.

.... T. In this case there will thus be T hidden units and each input vector is treated as a

centre for one hidden unit. This network becomes very large as the number of input vectors (T)
increases. requiring a huge arnount of calculations. To reduce the size of the network. a clustering
method can be applied to the input vectors. If input vectors c m be clustered into K vectors (KsT). the
number of centre vectors and thus the number of hidden units can be set as K. The methods of
clustering and Anding the centre vectors will be discussed later in this section.
Once the "Net" is calculated, it is then transformed by an activation function. The activation
Iwiction can be any of a variety of Functions on the non-negative real numbers with a maximum at zero,
approaching zero at infinity. For instance. it can be of the following Gcius.sicrn form:

where G (Net) is called radiai basisfunction. It is radially symmetrical around the centre and responds
1 to an input vector which is identical to the centre vector. Le.. when X = C. and a smaller and smaller

value as the input vector (X) deviates from the centre vector (C). oj is called rhe rrceprivrficid of the
neuron j. It is a range of values in which the output has a significant response to the input X. In fact.
the response Funftion is analogous to the normal probability distribution Iwiction with the mean C and

the standard deviation a. The f i c t i o n has its maximum value when X

= (Xi.

.... Xr) is in the centre

(Ci. .... Cr) and its value decreases drarnatically when X diverges fiom the centre by the receptive field

(a). The final outputs of the network, acfuczloutputs, are linear functions of the hidden layer outputs
and c m be represented as follows:

where K is the number of hidden layer uni& (KsT), p h j is the connection weipht from the hidden layer
unit j to the output unit h. G is the radial basis function of the hidden unit j as detined in 2, and F h is
- the actual output of the output unit h.

In matrix tom. the actual outputs of the network can be shown as follows:

Or:

where F is a Vxl output vector. B is a VxK output weight mainx and G is a Kx 1 hidden Iayers' outputs
vector. The parameters of the mode1 to be estirnated are ps, Cs and a. The values of p s are detemined
by applying a learning rule and the value of Cs and o are determined by n clustering method. al1 of
which are discussed below.

Learning Rule

The learning in the RBFN mode1 is usually restricted to the adjustment of the weights in the

output layer. i.e. ps. The weight update rule is the same as the one which is used in the BPN mode1
learning process. Le. the gradient descent. Therefore. the weights are adjusted using the following
formula:

(6)

j = 1.

Phj(t+i) = p h j (t) + 11 ThJ,

....K.

h = 1. ...- V.

where phj(t) is the weight connecting hidden unit j to the output unit h at tirne t. q is the leaming rate
coefficient (typically less than one). and VhJ is the gradient vector associated with the weight from unit
j in the hidden layer to unit h in the output layer.

Ohl

in "deltaIrurning rule" is defined as the slope

of the error with respect to the weights and can be written as:

Vhj = SE/OPhj
= (aE/aFh )(dFh/C3phJ)
= 6,

where E is the error function. 6,

= dE/dFh

G m e t ,).

and G(Net ,)= dFh/dphJ h m (3). The weight adjusrment

process is done for al1 training vectors and iterated until the network reaches a certain specified error.
Before training starts in the output layer, we need to specify the panmeters of the centre vectors
(Cs) and the receptive field (the standard deviation) of the Gaussian function

(O).

To do so. we may

Follow one of the two basic approaches: (i) choose the Cs randomly and fix the value of o. (ii) adj ust
Cs and o by applying a learning rule. The details of the two approaches are discussed below.
1. Fixed Centers: This is the simplest approach to determine the values of Cs and a. It
chooses centre vectors fiom the set of input vectors randomly and fixes the values of the chosen centre

vectors throughout the leaming.
Specht (1 99 1 ) proposes anoiher simple and effective clustering method. In this method. Ci,
clustenng centers are detennined as follows:

i. Choose the first training vector as a centre of the first cluster.
ii. Read the next input vector X1.
iii. Assign X' to the first cluster. if its distance to the centre of the nearest cluster is less than

or equal to a pre-specified value. Othenvise, define X' as a first member of a new cluster. This
procedure performs clustering in a non-iterative fashion. requiring only one pass through the training
set.

To get Gaussian functions with fixed centers and not too peaked or too flat. vie may set the
vaiue of a as follows:

where K is the number of the centre vectors and d is the maximum distance between the chosen centers
[Haykin. 19941. The Gaussian activation function will thus look like as follows:

As the centers and the widths of the Gaussian functions are fixed in this approach. the only

parameters that needed to be learned (adjusted) are the output layer weights (ps).

2. Flexible Centers: The centers and the widths of the Gaussian tùnctions c m be flexible and
subject to adjustment in the leaming process. Two different learning algorithms for Cs and a s are
explained below.
2.1. Self-organized selection of centers: In this approach. the centre vectors change in a selforganized fashion. One of the techniques used for determining the Cs is the adaptive K-means or Knearest neighbour rule (Moody and Darken 1989). In this technique. the following algorithm is used:
Let the set of training vectors for the input layer be ( X". t: 1. .... T) where X "'
and the set of K cluster centers be C = (Ci,

obsenrations of r inputs and K

(5

= (X,"'.....

..., CK),where Ck = (Cu. .... C k r ) . That

xt').

is. there are T

T) cluster centers.

i. Start with a random set of centers C I , .... CL
ii. Read the next input vector X't'.
iii. ModiQ only the closest cluster centre Cii as follows:

where a is a learning rate which decreases as t increases.
iv. Terminate afier a fked number of iterations or when the leaming rate has decayed to O
[Neural Computing. 19941.
2.2. Supervised Selection of Centers: In this approach al1 parameters of the network undergo
a supervised learning process. That is. the output layer weights (ps). the centre vectors (Cs). and the

widths of the activation Functions al1 adjust according to a specified learning rule. A typicai learning
rule which is applied to al1 parameten is die gradient descent rule which is presented below [Haykin.

19941.

i. Output Layer Weights:

ii. Hidden Layer Weights (Centen):

iii. Hidden Layer Parameters (Widths of the Transfer Functions- os):

The learning approach which ailows the centers to move is obviously much more complicated
than the fixed centre approach and requires more time and memory.
As Wasserman ( 1994) points out, although ciustering the training vectors is usehl to reduce the
size of the network and thus speeds up the training process. there is no guarantee that the locations
found by the clustering algorithm are optimal . To get an acceptable set of centers. it is ofien necessary
to repeat the process a nurnber of times with different staning locations.

RBFN AND BPN: A COMPARISON
Although the structure of the RBFN model is similar to that of the BPN model. there are

fundamental differences between them. Two major differences between the BPN and RBFN models
can be seen by comparing the output functions of the two networks. The BPN rnodel' s output fùnction,
as presented in chapter three. is as follows:

The output function of the RBFN is as follows:

where F, is the output function of the output layer units h.

is the bias unit (rqual to 1 ). G is the

output function of the hidden layer units j, y, and C, are weights of the hidden Iayer units.

phJ is

the

weight of the output units and X is the input vector. The first difference is that in the BPN model.
activation functions F and G of the output layer and the hidden layer units are usualiy nonlinear
sigmoid functions. but in the RBFN model, F is linear and G is the Gaussian h c t i o n . The second and
more important difference is that the output of the hidden layer in the BPN model. Le.. G.is a function
of the product of the weights and inputs (yy Xi). but in RBFN, G is a function of the distance between
the input vectors and their centers (I(X- CJ). The RBFN model generates the centers of the inputs (Cs)
instead of random weights ( y s ) in the f n t phase, and therefore no learning process is done at this point
(in a fixed centre rnethod). This feature of the RE3FN model in addition to that of the linear activation
function in the output layer. makes the learning very fast cornpared to that in the RBFN model.
Furthermore. if an optimal clustering method is used, one would expect the RBFN model to produce

results as close as those in the BPN model. In that case, the RBFN mode1 could be applied to al1
applications in which the BPN model is applied, using less time resources .but more space.

11. THE RECURRENT NETWORK (RN) MODEL

The Recurrent Network (RN) model is a dynamic model which has an intemal feedback. The
intemal feedback may be represented by a feedback from the hidden units to the input units [Elman.
19881 or by a feedback from the output units to the input units [Jordan. 19861. Figures 2 and 3 show

the structure of these two types of the recurrent networks.

In Figure 2. the hidden units at time t are fed back to the input layer units at time t+ 1. The new
input units which are called contexi unifs represent a kind of short-term memory. The initial values of
the context units are set to zero and the feedback weights ( weights connecting the hidden units to the
context units)are fixed and set to 1. The new forward weights (6s) which connect the context units to
the hidden units are initiated randomly and adjusted the same as other weights in the network.

In Figure 3. the feedback comes from the output units to the input units. The new input units
which are called s

t c uniis
~

Save the output units at time t and forward them to the network at time t+l.

Analogous to the previous case, the initial feedback weights are fixed and set to 1. but the new forward
weights (os) are treated the same as other network weights and updated accordingly.

The output tiinction of the network of figure 2 can be written as follows:
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Figure 2. A Recurrent Network with the interna1 feedback from the hidden layer.
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Figure 3. A RNN Mode1 with the interna1 feedback from the output layer.
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where

F h t = output

of the output unit h at time t.

F = an activation function.

PIIF

a b i s unit

phJ = weight

(+ 1 )

for the output Iayer,

connecting the hidden unit j to the output unit h.

Zu = output of the hidden unit j at time t,
G = an activation hnction of the hidden units,
y ~ t= weights connecting the input unit i to the hidden unit j.

4 = weights connecting the context units to the hidden units. 6, = ( ~ 5 ~ 1 ..

As a consequence of the feedback presented in this recurrent network. the network output
depends on the initial value Zo. and the entire history of system inputs XU=(X,'' '. .... X:T').
The output function of the recurrent network of figure 3 c m be writtsn as follows:

where 21,is the output of the hidden unit j at time t. The Jordan output function can also be wriaen as
follows:

where b\ = (4. .... CiJv).j

=

1.

.... q. are weights from state units to hidden units. and FI= (Fti. .... Fw) is

the output vector at time t. As White (1994) points out. such dynamic networks are able to capture the
dynamic behaviour of complex d a t a especially nonlinear time series. The Iearning algorithm in the
recurrent network is exactly same as that in the back-propagation network. That is. the weights in the
output and hidden layer along with the context or state layer weights are adjusted based on the
generalized delta learning rule presented by equations 12 and 13 in chapter three. Of course. due to the
presence of the feedback. the derivatives become more complicated and so the computations take much

longer. As a result. the learning time in the recurrent network model is usually much longer than that
in the back-propagation network rnodel.

USING THE RBFN AND THE RN MODELS TO FORECAST INFLATION

To apply the RBFN model to the problem in hand. Le. forecasting the inflation rate. we first
need to speciQ the input vector. Since we are interested in comparing the RBFN model forecast results
with those obtained from the BPN model. we will use the same rnodel specification here as that applied
in the BPN mode!. Among different BPN models, the one with the VAR specification produced good
forecasts and therefore the same specification is applied here as well.

The second feature of the network to be specified is the number of hidden (prototype) layer
units. As explained before. the number of hidden units in the RBFN mode1 c m be as many as the
number of input pattems (number of observations), or they can be clustered into fewer units. In our
problem. applying the first approach requires 288 hidden units (which is the size of the training
patterns). This huge nurnber of hidden units would slow dow-n the computation process and leaming.

To avoid the problem. we ihus apply a clustering method. Our clustering method is a version
of the fixed cluster method explained in the previous section. In this method. we specify the maximum
number of hidden units d o n g with the error goai and the receptive field

(O).

The network then

iteratively generates one hidden unit at a tirne until the error falls beneath an error goal or maximum
number of neurons has been reached. In other words, at each iteration. the input vector which \vil1
result in lowering the network error the most is used as a centre vector corresponding to a hidden
neuron. If the network error generated by the chosen hidden neuron is low enough. then training is
teminated. Othenvise. the network adds another hidden neuron and iterates the process. This method
is slightly different tiom the Specht's (1991) clustenng method where there is no iteration and
clustenng is done only by one pass through the network.
Choosing the reception field or the radius of influence (O) is also important in the network' s
performance. It has to be large enough so that the hidden units respond to overlapping regions of the
input space. but not so large that al1 the neurons respond in essentially the same way. We have
specified the value of a by trial and error. lt tums out that the best results can be achieved when a
equals O. 1.
The data and the strategy and horizons of the forecasting are exactly the same as those used in
the previous chapters. That is. two types of the static and dynamic forecasting are done for the three

one-penod, three-period and twelve-period ahead forecasts. The recursive forecasting method is also
appiied to both networks. The data are the monthly data for the Canadian economy for the period
1970: 1- 1990: 12 for the training and 1991:1 - 1994: 12 for the test (forecastingj data sets. The summary

of the forecasting results done by the RBFN model is as follows:

I . RMSE= Root Mean Square Error, MAE= Mean Absolute Error.
2. One-period-ahead. three-period-ahead, and twetve-period-ahead forecasts.

As expected. forecast errors tend to increase with the rising forecast horizons. Also dynamic

forecasting. where forecast errors are accurnulated. generates greater errors than the static forecasting.
where the forecast erron are independent. As regard to the accuncy of the forecasts. according to the
above table, the RBFN model has been able to generate the s m e RMSE and MAE as those generated
by the BPN model for one-penod ahead. However, in the three-period ahead. the forecast errors of the

BPN model is less than that of the RBFN modeI. and in the twelve-period ahead- the RBFN mode1
forecast error is less than that of the BPN model. Therefore, being easier to design. and faster in
learning, the EU3FN model can be a good alternative neural network for the BPN model.
n i e Recurrent Network models are models with feedback. hence dynamic networks. In this

study, we apply the Elman Network where there is a feedback from the hiddsn l v e r to the input layer.
Similar to the most n e d network models, two major specifications in designing the network are the
selection of input layer units and the number of the hidden layer units. As for the input selection. we

could continue working with the VAR specification. but since the RN model is designed to capture the
dynamics of the data through the feedback layer, including the lag variables as in the VAR may not be
necessary. Although it is mie that the network wouid oniy extract the usehl information fiom the inputs
and therefore. includinp the lag variables may not do any h m . as the RN model is already a slow
model due to the existence of an additional layer (Context or State layers). adding extra inputs
deteriorates the network' s speed. Therefore. we choose the inputs according to the structural mode1
specification. which is similar to VAR, but contains no lags of the independent variables.

The number of hidden units is the same as that in the BPN model with the structural model
specification i.e. two hidden units. The number of the context layer units is the same as that in the
hidden layer units. The RN model' s learning aigorithm is also the sarne as BPN modrl'

S.

Le. gradient

descent. The learning rate is set to 0.01 and the hidden Iayer transfer function is the non-Iinear tansigmoid fünction and output layer transfer fûnction is the linear fûnction. The number of training epochs
is 30.000 epochs. Training is done using the Neural Network tool box of the Matlab on a Pentium 166
machine. In total. it took seven and eight days to train and test two static and dgnamic models for the
three forecasting horizons. respectively. The results of the inflation forecasts done by the RN model
are summarized as follows:
Table 2. Forecasting performance of the Recurrent Network (RN) Model.

1 . RMSE= Root Mean Square Error. MAE= Mean Absolute Error.
?.One-period-ahead, three-period-ahead, and fwelve-period-ahead forecasts.

The static forecasts for the three horizons follow the same pattern as the other models. i.e.
increasing errors with the rising horizons. However, that is not the case in the dynamic forecasts. The
network' s performance is slightly better over the longer horizons. Another observation is that the long
run errors are slightly smaller in the dynamic case than in the static one. These new patterns in the

forecast results may be related to the dynamic structure of the network. ix.the presence of the îèedback
Iayer which acts as a short memory unit.
Figure 4 shows the static and dynamic forecasting results for different horizons genented by
the three ANN models, i.e. the BPN, the RBFN model, and the RN models.

a. One-penod ahead static forecasts.

LFg

INFLATION
RBFN '
BPN
------ RNN

d. One-penod ahead dynamic forecasts.

e. Three-period ahead dy namic forecasts.

INFLATION --------- RBFN ,
BPN
- - - - - - RNN

f. Twelve-penod ahead dynamic forecasts.

kr;.cil lNFLATION

-EPN

..-.---RBFN
- - - - - - RNN

Figure 4. Forecasting performance of the BPN, RBFN. and RN i'vlodels.

As the results in table 1 indicate, the one-period ahead dynamic forecast m o r s of the RN model

are slightly greater than those obtained by the BPN model with the same mode1 specification (The BPN
with the structural mode1 specification, BPN6). However, the RN model' s performance is better than
the BPN model with the structural model specification in the longer period. As for the cornparison
between the RBFN and the RN models, the latter' s performance in static forecasting is better than the
former' s in longer periods in both static and dynamic forecasting. The forecast errors of the RN rnodels
in the case of the static forecasting are dl greater than those of the BPN mode!. A more comprehensive
cornparison arnong the econometric models and the ANN models will be presented in the next chapter.

CHAPTER 5

CONCLUSION

Despite the use of the various sophisticated structurai and statisticd rnodels and techniques. the
forecasting record of sconomists has not been encouraging. This has been particularly the case during
the 1980's when some economists were joking that they only forecast to show to the world that the.
have a sense of humor (Kennedy. 1985). Economists and Econometricians have therefore tried to
develop new approaches and techniques for economic forecasting.

In genenl. there have been two basic approaches in the forecasting literature. The first approach
is the theoretical or structural approach. In this approach. forecasting is done using a structural model
which is based upon an economic theory. The second approach is the atheoretical approach which
relies solely on the data. In this approach, the researcher tries to find the data gencrating process of the
series by data mining techniques. and then uses it for forecasting. There are also modeis in which the
above two approaches are combined. such as the structural vector autoregressive model which uses the
strucrural as well as the time senes models. Being based on the economic theones. the structural models

are very usehl in explaining the relationship arnong various economic variables in a compact and
consistent rnanner and therefore are commonly used in policy analysis. However. the structural models
have not had a good record in forecasting the economic series. This is mostly due to the imposition of
the certain assumptions which make solving these models easy. but rnay not be compatible with real
life. Furthemore. the instability of the parameters may also result in very poor forecasts even though
the original estimation of the model looks promising. On the other hand. the time series models. which
are data onented. do not have a theoretical b a i s and therefore may not be usehl for the policy analysis.
but they have been very useful in the economic forecasting.

One of the new atheoretical models which is developed for forecasting is the Artificial Neural
Network. The emergence of the new generation of the Artificial Neural Network ( A m ) models in the
late 1980's in cognitive and computer sciences and their very succrssful results in various application
in physics and engineering has brought about another opportunity for economists and econometrician
to improve the forecasting of economic series, and to show the world that they are srrious when they
forecast! Since the Artificial Neural Network models are rather new. particularly in economics. my
motivation in this study is to see how these new models c m make a difference in traditional economic
forecasting. ANN models are mostly applied to financial series. but they are very new in
macroeconomics. In this research, I have applied three different ANN models to forecast the inflation
rate and compare the results with those obtained fiom the econornetric models. The contestants are
the traditional econometric models consisting of three structural models and three time series models.

and the ANN models consisting of three static. dynarnic. and hybrid models. To speci- the structural
models. a general mode1 of inflation using the aggregate demand - aggregate supply approach is
developed in chapter one. According to this model, the inflation rate depends on the lag of the output

gap (reflecting inertia), money supply (reflecting demand pressure). inflation expectations. and finally
the import pnce inflation over the dornestic price inflation (reflecting external supply shocks). ï h e
model can be viewed as both new Keynesian and new classical rnodels with positively sloped aggregate
supply curve and inflation explained by both demand and supply factors. To compare our model with
other structural models in the literature. the Ray Fair model and a monetan, mode1 are also discussed
and used for forecasting. In the former, money supply is excluded but the wage rate. which is estimated
from another equation. is included in the model. In the latter. money is main determinant of the
inflation. Arnong the time series models, three popular models are applied. They are Box-Jenkins
model (ARMA), vector auto-regressive model (VAR), and the Bayesian vector auto-regressive model
(BVAR). Al1 variables are checked for the stationarity process with and without the assumption o f
structural change in the inflation series in the mid 1970's (oil p r i e shock) and mid 1980's (the
introduction of the Bank of Canada' s anti inflationary regime).
Arnong the ANN models. three models are applied. The first model is the BPN rnodel which
is the most popular and comrnonly used ANN model. The BPN model is able to approxirnate any

continuos h c t i o n with a specified certain level of error and generalize (forecast) very well provided
that the ~ ~ c i enumber
n t
of hidden layer units are given. The BPN model is a non-linear model which
l e m s the structure of the data by applying the gradient descent method and iteration. The second
model is the radial basis function network (RBFN) which is a hybrid network and also a universal
approximator. The RBFN model has the sarne structure as the BPN model. but with different data
processing in the hidden layer. The RBFN model first clusters the data in the hidden layer. and then
starts leaming in the output layer in the same fashion as the BPN model. Since the leaming in the

RBFN rnodel is restricted only to the output layer, it is faster than the BPN model. The third ANN

model is the recurrent A N N which. in contrast to the BPN model and the RBFN model. is a dynamic

ANN. There are various forms of the recurrent ANN, but the one with the feedback from the hidden
layer units to the input layer units is applied here. The RN model is a rich ANN model which is able
to capture the dynamics of the data and therefore seems to be very suitable for the economic forecasting
where the most series have dynamic behaviour. .
Al1 three ANN models rely on the economic and econometric model specifications. Six BPN.
one RBFN. and one RN with various specifications are applied. Three different linear multilayer and
non-linear single layer (no hidden layer) BPN models with the ARIMA specification. two non-linear

and single layer BPN with the VAR specification, and a non-linear BPN with the structural
specification are developed and used for the forecasting of the inflation rate. The RBFN model uses
the VAR model specification for the input layer. and the RN model uses the structural model
specification. The reason for using the structural model rather than VAR specif cation in the RN mode1
is that including lags of the variables in the input vector makes the already slow learning process of the

RN model much worse. Also since the RN rnodel has a feedback layer which captures the dynamics
of the data. including the lags does not seem to be necessary.
The rules and other features of the contest are as follows. The data is the Canadian monthly data
for the penod 1970:O1 - 1994:12. Since the performance of the models are judged not by their
estimation (learning) abilities. but by their forecasting (generalization) on the new data set. the data is
divided into two sub-periods: 1970:O 1 - 1990:12 and 1991 :O 1 - 1994: 12. The former is used for the
estimation and the latter is used for the forecasting. The forecasting results are evaluated by two
forecast errors indices: root mean square errors (RMSE) and mean absolute error (MAE). The FairShiller information test is also applied for the comparison among the models. The forecasting strategy

is recursive forecasting in which the new information is added to the estimation data set and the mode1
Table 1. Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) of dynamic
forecasts for the three horizons usinrr the Econometric and the ANN models.
RMSE

Mode1
1 - Pa

3-P

Stmctural

0.006

Fair
Monteary

Econometrics

MAE

I

12-P

1-

P

3-P

12 - P

0.0 12

0.055

0.005

0.0 1

0.052

0.005

0.007

0.023

0.003

0.005

0.02

0.004

0.009

0.04

0.003

0.008

0.033

1

l

VAR3

0.007

0.01 1

0.02

0.005

0.009

0.0 15

BVAR

0.005

0,004

0.0 1 1

0.003

0.003

0.0 1

BPN 1

1

' , ; ; .O

1

0.005

1

0.009

1

0.005

1

0.005

0.005

0.009

0.008

1

I

BPNS

1

0.026

0.003

0.006

0.026

0.01 1
0.009
0.009
0.008
0.007
a. 1 -P: One- period ahead. 3-P:Three-period ahead, and 12-P: twelve-period ahead.

0.008

1

ANN-RN

1

b. VARI: VAR with error correction term. V A R 2 VAR with the stationary variables. VAR3: VAR with the non-

stationary variables.
c. BPN 1: BPN with ARIMA specification. BPN2= BPN with ARIMA specitkation with no hidden layer.
BPN3= Linear BPN with ARMA specificaiton. BPN4= BPN with VAR specification. BPNS =BPN with VAR
specification and no hidden layer. BPN6= BPN with structural mode1 specification.
d.RBFN has the VAR specification and RN has the structural specification.

Table 2. Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) of static forecasts

is re-estimated. This process is done for 48 times in order to obtain one-period ahead forecasts for each
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model. The forecast horizons are one-period, three - period. and twelve - period ahead. There are two
types of forecasting: static and dynamic. In the static forecasting, the actual values of the inflation lags
are used, whereas in the dynamic forecasting the forecasted values of the inflation are used for the
lagged values.
The overall results, as s h o w in tables 1 and 2. indicate that the ANN models are able to
generate forecasts as good as the tirne series models and in somr cases outperform them. In the first
contest between the econometric models, al1 models did almost the same job in the one-period and
three-period ahead. but the BVAR outperformed the others in the twelve-period ahead. In the second
contest between the BPN modei and the econometric models, the BPN model with the ARIMA and
VAR specification produced results almost as good as the time series models in one and three-periods

ahead. but outperformed them in twelve-period ahead. And findly, in the third contest arnong the ANN
models, the RBFN model was able to generate almost the sarne results as those generated by the BPN
rnodel (BPNJ). but outperformed the RN model in one-period ahead. The BPN and the RN models
were able to outperform the RBFN model in three-penod ahead. And finally. both the RBFN and the

RN models outperformed the BPN (BPN4) in twelve-period ahead. The BPN rnodel with the ARIMA
specification, however. produced lowest forecast errors among al1 the ANN models.
The above results show that the ANN c m compete successfully with the econometric
forecasting models and therefore can be used as a new tooi-kit by econometricians. The advantage of
using the ANN is that they are very flexible in terms of model specification. and free from the classical
regression assumptions. The disadvantage of the ANN models is that they are atheoritical models, and

a Iot of fine-tuning exercises are required by the designer in order to develop an optimal model. Also
the statistical features of the ANN models are somewhat unknown and more work needs to be done in

this area. The possible extensions to this study are applying the ANN models using the larger

international data sets. trying some other macroeconomic senes such as output growth. unemployment
and exchange rates, and also applying some other versions of the recurrent ANN models.
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