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LIntroduction

The purpose of this paper is {o evaluate the forecast performance
of a small-scale, montly several Vector AutoRegressive {(VAR) models
and the Structural Econometric Model (SEM) of the Turkish
Economy. The macroeconomic variables of tnterest are used in the
model which is originaily established by the research Department of
Central Bank of Turkey. Their main aim is to forecast the Turkish
Private sector Manufacturing Industry Price Index every month
using a first difference VAR model (CB model). However, our main
concern is not estimnating the index, what is vital for us is to examine
the overall forecast performance of the various VAR models and
structural econometric models using the same variables of interest.

In the model, the private sector manufacturing industry whole
sale price index is used as a representative of inflation. Indeed, the
private sector manufacturing industry has an important share in the
GNP which affects the price, investment and production decisions of
the industry dynamically in the short run. Besides, exports and
imports, general price level and wage movements will be affected
indirectly by the behaviour of the firms in the manufacturing
industries.

Having considered the variables of interest of the Central Bank
model, we aimed at to estimate several forms of the VAR
representation and structural econometric model and compare their
forecast performances using one-step ahead forecast statistics. In the
meantime, the time series properties of the variable set and the issue
of cointegration, the seasonality and the stochastic trend are
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considered when modelling the data. All models are estimated over
the pericd 1982:1-1993:12. A comparison of the forecast performance
of the several models is made on the basis of the one steps ahead
forecasts produced for this period.

The remainder of the paper is divided into five sections. In section
I, we outline the recent developments in forecasting in cointegrated
systems. Section III discuses the time series data and their properties.
Section IV . presents the implementation of the models and
summarizes the results. Section V concludes.

1A, Background

Vector autoregressions {VAR) provide a valid representation for
forecasting of system of econiomic time series {see Sims (1980) and
Litterman(1986j)). The forecasting performance of unrestricted vector
autoregressions {UVAR) has not been given particularly good results.
The question of data transformations {i.e. diffefencing the series
under consideration for stationarity) has some contribution on this
result. Difficulties for such a system is that how much differencing is
required depends upon the linear combinations under consideration.
I all variables are differenced as would appear appropriate for their
univariate representation but this will damage their multivariate
linear time series representation with moving average, (MA}, since
this system will be over-differenced.

Cbviously differencing is not the only way to make the series
statiopary, indeed, a vector of time series may have linear
combinations which are statiopary withoui differencing. Those
variables are to be so-called cointegrated.

it is the fact that cointegrated systemns axe isomorfic to error
correction representation {(ECM) which incorparates both changes
and levels of variables such that all the elements are stationary (see
Engle and Granger {1587]).

Therefore, ECM reperesentation provides the {ramework for
estimation, [orecasting and testing cointegrated system. Engle and
Yoo {1987} inwestigated the gains from utilising cointegrated
nformation when making mniti-step ahead forecasts from dynamic
systems, They used a dynamic bivariale system and contrasted an
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ECM formulation based on two step Engle-granger type procedure
with UVAR, : :

Using the common trends representation
t+h-1

Xesh = C(1) _ZO et+hy +C Wegy (1)
j:.."

where the first term on the RHS of {1) is a stochastic trend of rank
n-r. It means that n time series share n-r trends and in this way
forecasts of the series move together in linear combinations even if
forecasts of individual series diverge from cutcomes.

I CHL} weights decay rapidly as a function of powers of L, then for
large step ahead forecast conditional on information given at time
period tis

Xtvh | ¢ = C(1} til €t {2)
j=0 -
Then, forecast errors are given as,
. h-1
funtt = xan Hgh ez ijz:b €trh g +C llen (3
Such forecast errors have variances for individual series is
var {fiun | d = 0h)
but remain O(1) for the combinations of
o fianl
since o .C{1)=O. Therelore

Ele fiyntd =0

and
var(e fish | ) <eo
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to the order of approximation i (2).

An ECM  imposes this condition and forecasts better for long
horizons while 2 VAR does not. However, Engle and Yoo(1987} a
Monte Carlo experiment result showed that the VAR performs
slightly better on short horizons. Following Banerjee (1992} et.al.,
the procedure has a mean which is not equal to zero, in the form of
p(t+h). The vartances of forecast errors remain bounded does not
solve the problem of long-run forecasting with integrated variables.

. If we consider a model as,
xt = o +ilx1 +Et 1T <1 (4)
by sequential substitution, the h—steprforécast at time t will be.

A

et | o= Ho(1-ID71 (111410 (5)

as the forecast period (or horizon goes to infinity (h—es}, then ?t+h l+
converge to the unconditional mean of the process. The same
procedure can be applied to stationary procedures by writing the
whole system by in terms of I{0) variables which lose their ability to
forecast future values is indformative but forecast error variances
increase with h. '

The system in {0} space loses predictive power but variances of
forecast errors remain bounded. In this systém abdlity to predict the
relevant variable set vanishes (or decays) rapidly and very little
remain h-period ahead.

However, the system in I{1) space has variances of forecast errors
increasing with h, Therefore increase in the forecast standard errors
as h increases is obvious,

The mean forecast quickly becomes a trend since the series is I{1)
and the forecasts are uninformative after certain periods (say 12} due
to the large variances.

Until now we work in a mode! which assumes no parameter
uncertainity with an unrealistic world. Including the paramefer
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uncertainity to the model makes forecast even more uncertain. There
will be some effects of parameter uncertainity en the conditional
forecast errors variances which grows with the square of the forecast
horizon for both umit root (difference stationary and trend
stationary models (see Sampson(1991)) and for stationary case see
Chong and Hendry (1986); for forecasting in cointegrated systems and
model selection see Clements and Hendry (1992, 19932, 1993h).

Having concerned about the new literature on forecasting, we now
set up relevant models for the data under examination. But, before
modelling, the time series properties of the data are examined in the
following subsection.

I, The Data

Our historical data is summarized as; Public sector whole sale
price index is denoted as(WPip). It is consisted of the weighted average
of the price index of the agricultural sector, the Turkish private
manufacturing industry price index, mining and energy sectors price
indices which have negligable shares in the total index. Agricultural
prices are highly dependent on seasonal effects while public sector
manufacturing industry prices are influenced by the political
cyclical movements. M is the reserve money. Bz is the US dollar
Turkish lra exchange rate { monthly average). The Turkish private
manufacturing industry whole sale price index is denoted by WPlnan-
Finally, manufacturing industry production index is shown by Qman.
Manufacturing industry general price index some 70 percent shares
in the total wholesale price index while private sector manufacturing
industry price index has some 49 per cent shares in it. That is why the
manufacturing industry production index and private sector
manufacturing industry wholesale price index are used in this model.
Exchange rate has an important determinant of the general price
level and also of the export and mmport prices. The variation in the
public sector price level, possibly will affect the manufacturing
ndustry prices by way of inputs to the production of this sector.
Therefore, public sector general wholesale price index has been
considered in the model. The data are monthly series from 1982:1 to
1993:12 taken from the research departinent of the Ceritral Bank of
Turkey. None of the series are seasonally adjusted.



70 H.UIKTISAD! VE IDAR! BILIMLER FAKULTES! DERGISL

The order of integration of each individual series is tested using
the Augmented Dickey Fuller testing procedure which based on
Dickey-Fuller(1981) and the results are reported in table 1.

it is clear from the examinations of table 1 that the series are not
stationary that a linear trend is needed to describe the price series.
The first differences are nonstationary, except the manufacturing
sector production index which is 1(1), all the other series require an
I(2) analysis. Here what we can safely assume, however, is that the
process are noti I(3). The order of integration of the individual series
are taken into account when formulating the medels in the following
section.

V. Modelling

We use a VAR model for exante forecasting. Obviously it is
atheoretical macromodel and there is no economic theory attached
to the variables of interest. A general unrestricted VAR model, UVAR
is compleied by an addition set of deterministic components such as
intercept term, deterministic trends and seasonal dummy variables.
‘Existence of stochastic trends may be accomodated by allowing
variables integrated of a given order {o enter the VAR with an
appropriate differencing. Buf some difficulties might appear if
different series have different order of integration,

k
2L = AgDy+ ZAiZtk; +&t {8l
i=1

where 2t =] LWPIp, LETL/%. L@Man, LWPIMan. LM]. L denoctes the
logarithm of each variables in the set. The deferministic components
here are seasonals {11 seascnal durmmnies, constant and trend). Since
the model is to be used an ad hoc mechanistic [orecast, no adjustment
to the data has been made. though from the figures we know that the
data are nonstationary{ mostly 1(2} and }(1}). The lenght of lag {the
order of the VAR process) is assumed to be six (so that k=6). This gives
30 parameters to be estimatled in the VAR: five elements of the 5x13
vector of Ag (constant, trend and 11 seasonals) and five in each of six
5x5H Ay matrices. The forecasts are made one- btep ahead forecasts
where values for the period up to ahd 111(:.1udmg period t are used for
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making prediction for period t+1. The model is estxmated by
multivariate least squares.

We have used several alternative VAR models all of them
formulated for five dimensional vector autoregressive process for the
variables of interest. All of the models are VAR{(B) models,
Incorparaling up to six lags for each of the variables. -

The first model is formulated in the muitivariate deterministic
trend model with seasonal component. That is mode! I,

Zy =BTy + &t - (7)
where T3 = [ Intercept, Trend and 11 Seasonals).

The second model is fornulated in levels of the variab’s with the
same determninistic part of the previous model. Mode' ™ -,

6
Zt = AgDe + .Ei!\izbi +et) 8)
iI= : .

where Dt is intercept, trend and 11 seasonals. It should be noted that
torecasting of VAR in level is, for the case where variables are
nonstationary {I{1) or I{2}), a most well known but problematic case.

The third model is formulated in first differences with the
deterministic part reduced to an intercept or: (note I{1} and 12)
problems). Model I is,

6

AZy = AoDu+ TABZirrer (o}
I=

where D¢ is intercept. We concerned about the time series properties
of our data which are non-stationary {I(2) mostly}. So, we would
expect that the linear combinations of the first difference VAR model
will yield stationary procedures. The third model corresponds to the
assumption that the seasonal componentsof the whole system are
stochastic while in the second and in the forth, it is assumed that
both trend and seasonal components are deterministic,
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The forth model is formulated in the first differences Qf the
variables with a more [ully developed deterministic part. Model IV is,

8
AZy = AgDy + ,zijAZr,ﬁEt {10))

i=
where Dy is intercept, trend and 11 seasonals.

~ The fifth model is derived from the Model I which is a VAR model
in levels with appropriate deterministic part, using a general to
simple sequential reduction procedure and then estimated.

Finally the last model s0 called Error Correction Model (ECM) can
be defined as,

6

AZp = AgDit + _Zi’-&jAZt,i +BiZt.j+E¢ {in
1=

Having defined above given models, now our task is to estimate
them and compare their forecast performances using the several
calibrations which will be discussed in the next subsection.

Forecast Calibration

A VAR mwodels here, are calculated as Unresiricted Reduced Form
{URF} or system and the multivariate least square estimnator are
called the direct estimates. The goodness of fit measures reported
here for URF estimates are the likelinood value, denocted as
likelihood and the logarithm of the determinant of Q | denoted as a
log det 2 which stands for the covariance maltrix of the multivariate
error term. The model is estimated using monthly data from 1982:1
t0 1993:12 and less 1, 2, 4.8, 12 {orecasts, The general to simple model
is also estimated for the forecast horizons 1, 2, 4, 6, 12 using 25LS.

The type of forecast have been made here, i3 one-step ahead
forecasts conditional en the observed values of lagged variables. This
is done under the assumption that one making a forecast for period
t+1 knows the tealized values of the variable of inferest in t. The one-
step forecast siatistics are as follows. The first is an index of
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nuinerical parameter constancy {or H forecasts. It is calculated as
12{NH}/NH for N equations and H lorecasts.

This gives an appropriate an appropriate I fest with a value r the
second test. Values are greater than two imply poor exanle {orecasts.
The second is an approximate F test based on the {orecast error
variance. This is a better calibrated test statistic(see Chong and
Hendry {1986)} which ignore inter correlation between forecast
eIroTS. :

The fact that, mis-specified models could forecast well (if the
procedure remained constant) or good meodels could forecast poorly
(if the data variances was high). Therefore, exante confidence
intervals aiso need to be calculated both to establish likely forecast
accuracy and to test {or an excess frequency of forecast errors lying
outside the expected region. Useful models must have small forecast
confidence regions.

The goodness-of-fit measures and the related forecast statistics
which are supplied by PCFIML are presented in tables 2-7. Forecast
cordidence interval ¥2 tests are given In the parenthesis {see table 2
and 3).

The forecast performance of the models at each horizon was
subsequently evaluated using two measures: the mean forecast error,
MFEs and the forecast standard errors, FSEs.

Forecast Performance

A comparison of aggregate forecast error measures and one-step
forecast statistics for Model T to Model VII can be summarized as;

The multivariate deierministic trend model. (Model 1), with
related deterministic components shows a better performance over
the ather models especially for the higher forecast horizons, such as

6 and 12 {see table 2 column 1), For forecast horizons 12, the forecast. .- -

F statistics of 3.307 computed {or model I is greater than that of
model II which is 1.706, though both values are statisticaily
significant at the .05 level of significance. The similar result is
obtained for cumulative x2 test for the Model I and Model II such as,
3.668 and 2.589 respectively. However, comparison of the {orecast
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standard e¢rrors is In favor of one-step VAR in levels for each
varjables except for LM and LWPIp for 12 and 6 forecast horizons
respectively. In addition. the mean forecast errors for both 6 and 12
horizons confirm that Model II performs quite well.

Now, we have considered the VAR model in the first differences,
Model III, which is the CB Model and its alternative which is
difference VAR with an appropriate deterministic part, Model IV. It is
obvious that both model performed badly using the forecast test
statistics which are given in table 2 {see coloumn 5 and 8). However,
the examination of MFE and FSE show that model il does hetter
than model IV (see table /5). Possibly remained seasonality
eliminated by the appropriate differences. Regarding the
cointegration issue, it is guite unexpected that diflerenced VAR failed
for forecasting the herizons of the interest.

The examination of the general to simple modelling in table 3
summarizes that Model V estimnated by both URF and 28LS yield
significant forecast ¥, 1.718 and 1.601 respectively at the .05 per cent
svel, The appropriate y2 {orecast conlidence test values are 2.577
and 1.817 respectively. Interesting comparisons can be made
between model V and Model 1 using MFEs and FSEs {see table 4
and 6}. Examination of MFEs give almost no conclusive decision
about which model performs well. However, noting that FSEs for
both LQnar and LM are smaller for the VAR Model in levels than for
the general to simple model {or 12 forecast {orecasting horizons.

Finally we examined the ECM medel in two specification such as;
Model V1 includes constant, trend and 11 seasonal dumries while
model VII oniy contains a constant as a deterministic component.
The forecast ¥, 1.708 which is significant at the .05 per cem level, is
obtained for model VI whereas the same statistic is insignificant for
model VII. The appropriate y2 forecast confidence test values are
2.874 and 1.514 respectively for model VI and Model VII {see table 3.
Hence, ECM with constant, trend and seasonals has an apparent
advantage over ECM with constant. However, MFEs and FSEs did not
provide the same clear conclusion that is infavour of the forecast

. perforrmoances of model VI on model VI [see table 7).

Since the relevant'éhaxjactenstics may vaujy'= [rom one model to
the ancther, it is dilficnlt to discuss encompassing in abseolute terms
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{see Mizon (1984} or Mizon and Richard{1986) for encompassing).
Instead one might speak of variance encompassing where the
variation of errors in model B can be explained by medel A or
forecast encompassing where the forecast errors from model B can be
explined by model A. A specific model derived from a general model
will have a larder error variance, since some of the variables have
been dropped (or restriction imposed) and therefore the general
model will encompass the speciflic one for variance. On the other
hand, a specific model may encompass the general one for forecast.
For instance, in Model V, it was the case that the forecast diagnostics
for the specific model were generally better than to that of the general
moedel. Without any formal testing, it seems at least plausible that
forecasts from the specific model may explain, to some extend, the
forecast errors made by the general model, !

%Y. Conclusions

The purpose of this paper has been to report the results of
concucting a comparison of forecast performarize by small scale VAR
models vs structural econometric models for the Turkish Economy.

The most notable problem is modelling relates to the difficulty of
the different order of integration of the variables in interest. To
maodel the data seven different mocels are established. Among them,
the overall performance of the VAR model in levels with an
appropriate deterministic components is good while the first
difference VAR models performs badly. So it has poor exante forecast
performance against the others. In addition, the general to simple
model has some predictive power over the difference VAR model. The
comparison is also made between the VAR in levels and a specific
model derived {rom the VAR in levels. Although both performed
individually well, we are not certain about which one has a superior
performance over the other, In addition, ECM with constant, trend
and seasonals has an explicit advantage over ECM with constant
regarding the forecast F test. However, MFEs and FSEs did not fully
supporied the similar conclusion. This Issue requires the detailed

YThe forecast encompassing test introduced by Chong and Hendry(1986). They have
shown that the student-t test is a valid test, ai least for the Iarge samples. Here in this
paper we have not calculated the forecast encompassing iest, which is easy to
implement. but it 15 lefi [or the laier research.
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forecast encompassing testing which has left as the research topic for
the future.
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‘Table 1 Tests for the order of integration of the variables
Series ADF tests t-statistics | ADF tests t~st.atistics
{a) (b)
LWPIp -1.788 -9.410%
LET /3 -1.528 -4.873*
1LOMan -7.509
LWPIMan -3.288 -B.777*
iM - -1.887 -16.686*

Note: {1) {a) denotes the test statistics is based on variables are in their log
levels and (b) denotes the test statistic is based on variables are in the first
differenced form [rom their log levels. (2) Each ADF regression inltially
includes twelve lagged differences to ensure that the residuals are
empirically white nioise. Then a sequential reduction procedure is applied to
climinate the insignificant lagged differences. {3) L denotes the natural
logarithm of variables. {4} Critical values for the ADF test statistics are
obtained from Fuller (1978), Table 8.5.2.

* significant at 1%.
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