|SAE Istituto di studi e analisi economica

FORECASTING INDUSTRIAL PRODUCTION AND
THE EARLY DETECTION OF TURNING POINTS

by
Giancarlo Bruno and Claudio Lupi
|ISAE
Rome

June 2001

The Series “Documenti di Lavoro” of the Istituto di Studi e Analisi Economica -
Institute for Studies and Economic Analyses (ISAE) hosts the preliminary results of
the research projects carried out within ISAE. The diffusion of the papers is subject to
the favourable opinion of an anonymous referee, whom we would like to thank. The
opinions expressed are merely the Authors' own and in no way involve the ISAE
responsibility.

The Series is meant for experts and policy-makers with the aim of submitting
proposals and raising suggestions and criticism.

La serie “Documenti di Lavoro” dell’Istituto di Studi e Analisi Economica ospita i
risultati preliminari di ricerche predisposte all’interno dell’ISAE. La diffusione delle
ricerche € autorizzata previo il parere favorevole di un anonimo esperto della materia
che qui si ringrazia. Le opinioni espresse nei “Documenti di Lavoro” riflettono
esclusivamente il pensiero degli autori e non impegnano la responsabilita dell’Ente.
La serie & destinata agli esperti ed agli operatori di politica economica, al fine di
formulare proposte e suscitare suggerimenti o critiche.



ABSTRACT

In this paper we propose a simple model to forecast industria production in
Italy. We show that the forecasts produced using the model outperform some
popular forecasts as well as those stemming from a trading days- and outlier-
robust ARIMA model used as a benchmark. We show that the use of
appropriately selected leading variables allows to produce up to twelve-step
ahead reliable forecasts. We show how and why the use of these forecasts can
improve the estimation of a cyclical indicator and the early detection of turning
points for the manufacturing sector. This is of paramount importance for short-
term economic analysis.

JEL Classification: C53, C32, E32.
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NON TECHNICAL SUMMARY

This paper deals with the issue of forecasting the Italian industrial production
index. While there are many of such predictions produced by several research
Institutes, either they are concerned with a very short horizon (up to two months
ahead) or they produce just annual figures. Here the authors propose using some
leading variables to build a multivariate model so as to alow reliable monthly
forecasts to be produced up to twelve months ahead.

Multi-step forecasting of industrial production index is useful with respect to
many aspects. In fact, despite the growing importance of the service sector,
industrial production is still important in explaining aggregate business cycle
fluctuations. Forecasts of industrial production can then be used as an input in
larger models, which are often criticized for their (in)ability in tracking business
cycles turning points.

Furthermore, the authors show that the use of the multi-step forecasts reduces
dramatically the uncertainty in estimating a cyclical indicator from the industrial
production index at the very end of the series, which is a fundamental issue in
short-term economic analysis.



PREVISIONE DELL’INDICE DELLA PRODUZIONE INDUSTRIALE E
INDIVIDUAZIONE DEI PUNTI DI SVOLTA

SINTESI

In questo lavoro viene proposto un modello previsivo del’indice della
produzione industriale per I’'ltalia. Le previsioni prodotte da tale modello s
dimostrano superiori a quelle derivanti da un modello ARIMA, corretto per
tenere conto di valori anomali ed effetti di calendario, utilizzato come
benchmark. L'uso di opportune variabili anticipatrici consente di ottenere
previsioni attendibili per un orizzonte previsivo di dodici mesi. Inoltre, st mostra
come |’utilizzazione di tali previsoni migliori sensibilmente la stima di un
indicatore ciclico della produzione industriale e anticipi notevolmente
I"individuazione dei punti di svolta, fattori, questi, di primaria importanza per
|’ analisi economicadi breve termine.

Classificazione JEL: C53, C32, E32.

Parole chiave: Previsioni, modelli vettoriali autoregressivi, produzione
industriale, indicatori ciclici.
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”...Economists have forecasted 9 out of the last 5 recessions.” (Anonymous)

1. INTRODUCTION

Forecasting theindustrial production index is an important task in short-term eco-
nomic analysis. Thisis still true in the nowadays economies where services are
undertaking an increasing weight. In fact, the industrial sector is still important
in explaining aggregate fluctuations, also because some of the services activities
(business services) are closely linked to the industrial ones. In addition, forecasts
of industrial production can be useful in more general forecasting models. Bovi
et al. (2000), for example, use the industrial production index in a closing equa-
tion of ademand-based forecasting model for quarterly GDP In this case, reliable
three-month ahead forecasts would be extremely useful. Furthermore, cyclical in-
dicators of the manufacturing sectors may be derived from the industrial produc-
tion index series: thisiscommonly done by applying signal extraction techniques,
and accurate forecasts of the seriesto be filtered are essential.

From ageneral standpoint it should be said that most of the existing modelsin Italy
offer an early estimation of the industrial production, rather than a pure forecast.
Infact, theofficial indicator isreleased by the National Statistical Institute (ISTAT)
45 days after the end of the reference month, so that atwo-step ahead predictionis
necessary to achieveanowcast of theindicator itself. Thisisthecase, in particular,
for two popular predictions released monthly by CSC and IRS,! respectively. In
the second half of month ¢ (when the official indicator is available up to month
t —2), CSC releases a preliminary survey-based estimate of month ¢ and arevised
estimate for month ¢t — 1. A similar dissemination scheme is followed also by
IRS, which however uses amodel based on electricity consumption to produce its
projections; at the half of month ¢ a preliminary estimate of the same month is
released, and afinal oneis published at the beginning of month ¢ + 1.

In this paper, we propose a ssmple model able to produce satisfactory forecasts
of the industrial production index well beyond the two-step ahead nowcasts. \We
show that the projections deriving from asimple VAR using appropriately selected
leading variables can well compete with the two aforementioned accredited fore-
castsin terms of predictive ability. We also show how our projections can be used

1 CSC (Centro Studi Confindustria) isthe research department of Confindustria, the Confeder-
ation of Italian Industry. IRS (lIstituto per la Ricerca Sociale) is an independent no-profit social
research centre. Speaking of ”models” when referring to CSC projections is, strictly speaking,
inappropriate, given that they are derived from a survey. However, for brevity we will refer to
the different forecasting devices as ”"models”. This should cause no confusion.



successfully to reduce uncertainty in the estimation of acyclical indicator. Finally,
we use our predictions also to improve substantially on the timely detection of
turning points in the manufacturing sector. We actualy think that thisis a major
result of this paper. Though the empirical analysisis carried out on Italian data,
we fedl that the implications are far reaching and the arguments developed in the
paper are potentially of interest to an international audience.

The paper is organized as follows:. in the next section we illustrate some prelimi-
nary analyses carried out onthetime seriesused in theforecasting exercise; Section
3 describes the forecasting model and Section 4 is devoted to the evaluation of its
predictive ability, also in comparison with the competing predictions released by
CSC and IRS. Section 5 analyses the improvements deriving from using our fore-
castsin estimating acyclical indicator for the manufacturing sector, and in turning
point detection. The final Section concludes.

2. PRELIMINARY ANALYSIS

One of thefirst logical stepsin amodelling strategy is the review of the available
information. Econometric models already available in Italy to forecast industrial
production mainly use coincident indicators of industrial activity, such as electric-
ity consumption (see e.g. Marchetti and Parigi, 2000), which have the advantage
of an earlier release with respect to the industrial production index, making it pos-
sible to formul ate up to two-period ahead predictions (nowcasts).

The goal of obtaining "true” forecasts of the industrial production index (/PI),
makes it necessary to forecast the official figuresat least three months ahead. This
iIswhy it might be sensible to restrict the choice of the variables which will enter
the forecasting model among those characterized by aleading pattern, discarding
those which are roughly coincident. A comprehensive analysis of the properties of
many Italian economic time series has been carried out by Altisssimo ez al. (1999).
In part using the results contained in that paper, and after restriction of a consid-
erably higher number of candidates, we find that two variables seem particularly
interesting as potential predictors of the industrial production in Italy: the ISAE
business surveys series® of future production prospects (PP ) and the quantity of

2 See Pappalardo (1998) and the references therein for a description of the uses of ISAE busi-
ness surveys in forecasting models of Italian industrial production.



goods transported by railways (TON ). The first variable representsindustrial en-
trepreneurs opinions about future production. More precisely, the entrepreneurs
are asked if the production in the following three-four months is expected to go
"up”, to be "stable”, or to go "down”. The answers are then synthesized with a
balance, i.e. the share of "up” less the share of ”"down” answers. The variable
obtained (PP) is therefore bounded in the interval [-100, 100], and it is a nat-
ural candidate in aforecasting model given itstimely availability,* its explicit link
with the variable to be forecast, and its long lead over the industrial production
series. The usefulness of the second variable in a forecasting mode is due to the
fact that the merchandises transported by rail are mainly intermediate goods and
raw materials used as inputs by manufacturing industries. Indeed, thisvariableis
characterized by afairly stable lead over the industrial production index, as well
as by ashort delay in its availability.

In the next sub-section a preliminary analysis of the univariate characteristics of
the series of interest is presented. A log transformation is used for the series IP/
and TON while PP is rendered unbounded using the transform?®

200
“log [ 1) 1
Og(PP+100 ) @)

2.1 Description of the series

Figure 1 plotsthe seriesused in this paper. They are characterized by rather hetero-
geneous patterns. Theindustrial production index shows astrong seasonality, with
some cyclical fluctuations around an upward trend. About the same can be said
of the railways transport of goods, which seems to feature some more pronounced
cyclical movements, together with some possible outliers. A rather different pat-
tern can be seen looking at the graph of the production expectations of industrial
firms: in this case the cyclical movements are clearly predominant with respect to
the other components, even though some seasonality seemsto be present.

3 Theindustrial production index (IPI) is released monthly by ISTAT, the Italian National Sta-
tistical Institute. Press releases and recent data can be found at ht t p: // wwww. i stat . it/

Anews/ proi nd. ht m . Future production prospects (forecasts, PP ) are released monthly
by ISAE, the Institute for Studies and Economic Analyses. Recent data and updates can be
foundat http://wwv. i sae.it/ english.htm . Thetime seriesfor tons of goods
transported by railways (TON ) and its updates are kindly provided by Ferrovie dello Stato, the
Italian State railways company.

4 At the beginning of month ¢, the results for ¢ — 2 are rel eased.

> For ease of exposition we avoid creating further acronyms and, from now on, we maintain
the same names for the transformed variables. This should create no confusion.



Figure 1. Thetime series.
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Figure 2: The spectra.
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Table 1: Testsfor unit roots

frequency IPI (3lags) TON (3lags) PP (nolags)

0 -2.64 -3.51 * -2.68

/6 5.71 5.49 15.75 **
/3 2.59 6.48 13.74 **
/2 6.90 * 11.69 ** 1416 **
27/3 12.00 ** 8.74 * 1416 **
5m/6 6.28 755 * 1648 **
7T -1.90 -1.76 -2.45

t-testsfor the 0 and 7 frequencies, F'-testsfor the others.
Values significant at 5% and 1% are indicated by '** and
"** | respectively.

Therelative importance of trend, seasonality and cyclical movements can be better
appreciated by resorting to the Fourier representation of time series. An estimate
of the spectrum® of the seriesis showed in Figure 2. This confirms the previous
observations, showing a similarity between the spectra of /PI and TON, with a
concentration of power at low and seasonal frequencies. A dight different pattern
emerges when PP is considered: its long-run component has a smaller peak in
the spectrum, while considerable power seems to be present at the cyclical fre-
guencies. Important peaks are present, moreover, at the fundamental seasonal fre-
guency and, though less important, at frequencies associated with periodicities of
4 and 6 months.

2.2 Stochastic properties

The stochastic properties of the three series can be examined in a more formal
manner, testing for the presence of unit roots. Given the nature of the data we
are dealing with, it is natural test for such roots at the zero and at the seasonal
frequencies. The framework retained in this paper to thisaim isthe one detailed in
Beaulieu and Miron (1993). Thetest regressionincludesaconstant, atrend, eleven
seasonal dummies, and the number of lags of the dependent variable sufficient to
whiten the residuals. The results reported in Table 1 reject the presence of a unit

12



Figure 3: Differenced series.
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root at frequency zero for TON, whileit is not regjected for the others. In all cases
the presence of all the twelve unit rootsis strongly rejected.

The conclusion we draw from the previous evidence is that the presence of unit
roots at some seasonal frequencies cannot be overall excluded. The application of
the seasonal difference operator produces the series plotted in Figure 3, where the
cyclical pattern emerges more clearly, especialy for PP, while IPI and TON are
characterized also by strong irregular movements, some of which can be reason-
ably attributed to trading days effects. This feature is even clearer if we consider
the spectral representation depicted in Figure 4, where seasonal peaks have disap-

6 Actually, the spectral density is correctly defined only for stationary time series; in particular,
when some unit roots are present in correspondence of certain frequencies, the usual expression
for the spectral density would take the value +oo at those frequencies; nevertheless, discarding
them the so called pseudo spectrum (Bell, 1984) can be considered. In our casethe spectrum has
been estimated by smoothing the periodogram using a rectangular spectral window. A cosine
taper has been applied to the data. The spectral bandwidth is 0.048.

13



Figure 4: Spectra of the differenced series.
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peared and the long term component at zero frequency is less pronounced. This
makes much more evident the presence of atrading days pattern for the series /P
and TON, represented by peaks in the spectrum at the frequencies highlighted by
vertical linesin the figure (on this aspect see Cleveland and Devlin, 1982).

2.3 Cyclical characteristics

One important characteristic of the Italian industrial production index is repre-
sented by its strongly cyclical behavior. Indeed, thisis perhaps the most important
feature one is normally interested in when formulating the forecasts. Moreove,
early detection of cyclical up- and downswingsis extremely useful aslong as one
IS interested in analyzing the business cycle or when further smoothing is to be
carried out (e.g. for seasonal adjustment or trend extraction) because, in thislatter
case, correct prediction of aturning point can reduce dramatically the extent of
revisions implied by the smoothing itself. This is the reason why series used to

14



Figure 5: Cyclica components (2-8 year period component, standarized).
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help forecasting industrial production index should be characterized by aregular
lead on thelatter at cyclical frequencies. We show that thisisthe casefor the series
considered in this paper.

We extract the cyclical component of each series by means of the band-pass fil-
ter developed by Baxter and King (1999). The estimated components are showed
plotted in Figure 5 over the period 1988:1 -1999:1, leaving out two years of obser-
vation at the beginning and at the end of the avail able sample, since the band-pass
filter is a symmetric one and the filtered observations at the extremes cannot be
estimated. The figure shows a clear and regular lead of the production prospects
over the industrial production, which is consistent with the nature of this series.
Lessclear from thefigureistheleading nature of the TON series, which neverthe-
less holds, as highlighted in Table 2. The cyclical component of PP is confirmed
to lead consistently that of /PI, on average by 5 months, with a high correlation.
The correlation is even more pronounced if TON is considered, even though with
ashorter lead (2 months on average).

Table 2: Correlation of the cyclical components of TON and PP with that of |PI

,0(0) Pmax lead (+) or Iag (_)
TON 0.87 0.92 +2
PP 0.68 0.90 +5

" p(0)” isthe correlation between the seriesand IPI; " p,,..." 1S the maxi-
mum cross-correlation; ”lead” isthetimeinterval (in months) at which the

maximum cross-correlation is observed.
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3. THE FORECASTING MODEL

An explicit goa of thisstudy isthat of finding areliable but smple model to fore-
cast the monthly Italian industrial production index. On the one hand, empirical
evidence on the forecasting performance of nonlinear models is mixed (see e.g.
Clements and Krolzig, 1998; Huh, 1998; Marchetti and Parigi, 2000; Simpson et
al., 2000). Franses and van Dijk (2001) suggest that linear models with simple
seasonal components offer advantages over more complicated ones in terms of
their short-term forecasting accuracy. On the other hand, we feel that the single-
equation framework often used to forecast theindustrial production index (seee.g.
Marchetti and Parigi, 2000; Simpson et al., 2000) offers an oversimplified option
and does not allow for multi-step dynamic forecasts. For all these reasons our
investigation rests on the well established VAR framework.

Given that we use seasonal time series, an aspect that deserves specia attention
IS the parameterization of the VAR. According to the results listed in Section 2,
the three time series that we consider have different seasona properties: al dis-
play the presence of at least one unit root, but none of them seems to possess al
the seasonal roots equal to unity. This implies that if we parameterize the VAR
in seasonal differences, we are likely to over-difference the series. However, we
believe that unit-roots pre-testing is useful for forecasting, despite the potentially
low power of the tests (see Diebold and Kilian, 2000, for a discussion related to
unit roots at the zero-frequency). Indeed, not much is known about the effects
on forecasting performance deriving from imposing all the seasonal roots at unity
when this is not the case in redlity. To the best of our knowledge, the empirical
evidence does not offer a definitive answer, though there are indications that fil-
tering out only the correct unit rootsin general does not produce superior forecasts
(see e.g. Clements and Hendry, 1997; Gustavsson and Nordstrém, 1999; Lyhagen
and Lo6f, 2001; Paap et al., 1997). In particular, Lyhagen and L6f (2001) suggest
that when the model is not known and the aim of the modeling exercise is fore-
casting, a VAR in annual differences may be a better choice than a seasonal error
correction model based on seasonal unit roots pre-testing. Therefore, given also
that we deal with monthly data, we parameterize our VAR in seasonal differences.
Also note that, given the standard short-term economic analysis practices, we are
mostly interested in forecasting the annual growth rates.

As far as model selection is concerned, we rely on the general-to-specific approach
and we start from a fairly heavily parameterized VAR. Though seasonal differences
do effectively filter out the seasonal components of the series (we do not need to
use seasonal dummies), nevertheless they still show high and slowly decreasing

16



Table 3: Main VAR diagnostics: estimation period 1988.3-1997:12

o Corr(Act., Fit.) AR1-12 Norm.

AApIPI  0.020 0.962 0.355 0.310
AARTON 0.045 0.868 0.283 0.620
AApPP 0110 0.761 0.217 0.418
VAR 0.221 0.601

Parameter constancy forecast tests (1998:1-2001:2)

Fo 0.524

Fyie) 0.944

Fyve) 0.959

The Table reports the standard error of each equation in the
VAR (o), the correlation of actual and fitted values(Corr(Act.,
Fit.)), the p-value of the LM test for residuals autocorrelation
up to the twelfth order (AR 1-12), and the p-value of the test
for residuals normality (Norm.). The p-values of the testson
theresidualsof the VAR asawholearealso reported in therow
labelled "VAR”. The values reported for the parameter con-
stancy forecast tests are p-values of the testsin their F-form.
Thefirst one (F) does not consider parameter uncertainty.

Figure 6: VAR Chow tests, 1998:1-2001:2
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autocorrelations which make it difficult to find a valid (subset) reduction of the
starting model (see also Krolzig, 2001). For this reason we reparameterize the
VAR asaVECM inseasond differences. Indeed, thisprovesuseful to obtain quasi-
orthogonal regressors. The starting unrestricted model takes the form

13
AApy: = (' Apyi1 + Z ViAARy_;+ ¢'d; + & 2

J=1

where A = (1 — L), App = (1 — L), L isthe usual lag operator such that
LPz = 2y, y+ = (IPI;, TON;, PP,)’, and d; are the deterministic compo-
nents. We find successful not to include all the seasonal dummies in the model
(the p-value of the test for the exclusion of all the seasonal dummies except that
for August is 0.991). Rather, d; includes, besides the constant and the dummy
for August, three specific impulse dummies, and two special dummies for August
and December that take the value 1 when production prospects (P P) are positive
and -1 when they are negative.” This approach is justified on the grounds that
it is common practice for firms in Italy to adjust production to demand by pro-
longing (shortening) summer and Christmas holidays when demand islow (high).
Furthermore d; includes also Ao log(T'D;) and Aqslog(T D;_1), with T D, the
number of trading daysin month ¢. Asiswell known, the number of trading days
significantly influences manufacturing activity. While the use of A5 log(T'D;)
is common in models for industrial production, the insertion of Ay log(T'D;_1)
is fairly non-standard. However, in the presence of particularly unfavorable (fa-
vorable) trading days configurations, it is legitimate to expect that firms tend to
compensate lower (higher) realized production in the following month. Indeed,
the estimated coefficients of Ao log(T'D;) and Aqslog(T'D;—1) inour VAR are
both highly significant and seem to confirm this view.

The VAR is sequentially simplified to obtain a more parsimonious parameteriza-
tion. Even if the (subset) restricted VAR is more parsimonious than the starting
one, neverthelessiit is still rather highly parameterized including lagsfrom 1 to 5,
lag 9, and lags from 12 to 13. The p-value of the reduction is 0.8026, which indi-
catesthat no significant informationislost in the sequential simplification process.
The main statistics and diagnostics of the VAR estimated over the period 1988:1-
1997:12 arereported in Table 3.8 Thetestsfor parameter constancy, cal cul ated over

" Strictly speaking, the use of these dummiesis such that the model is no longer a VAR. How-
ever, given the rather specia role of these variables, we prefer to continue denoting our model
as”"VAR” . We used also a parameterization in which positive and negative dummies were sepa-
rated, but the attached coefficients resulted not significantly different in absolute value. There-
fore we preferred the more compact form described in the text.

8 Theresults have been obtained using Pc-Fiml 9.30 (see Doornik and Hendry, 2000).
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Table 4: Main VAR diagnostics: estimation period 1988.3-2001:2

o Corr(Act., Fit) AR1-12 Norm.

AApIPI  0.019 0.962 0.103 0.097
AAPTON 0.043 0.865 0.056 0.774
AApPP  0.106 0.706 0.254 0.258
VAR 0.286 0.268

The Table reports the standard error of each equation in the
VAR (o), the correlation of actual and fitted values (Corr(Act.,
Fit.)), the p-value of the LM test for residuals autocorrelation
up to the twelfth order (AR 1-12), and the p-value of the test
for residuals normality (Norm.). The p-values of the testson
the residuals of the VAR as a whole are aso reported in the
row labelled " VAR” .

the forecast evaluation sample (see next section), do not reject structural stability.
The same conclusion isreached looking at Figure 6, even if from the inspection of
the graphics reported there the indication that an impulse dummy variable would
have been advisable for December 2000 arises. Indeed, it should be stressed that,
when first published, most analysts considered that figure as largely unexpected.

For completeness, in Table 4 we report the main statistics and diagnostics of the
VAR estimated over the full sample (1988:3-2001.:2).

Thefinal model we use to actually produce forecastsisfurther smplified by elim-
inating non significant deterministic elements from individual equations.®

4. FORECAST EVALUATION

In this section we evauate the forecasting ability of our VAR as opposed to an
ARIMA model and to the forecasts released by CSC and IRS over afairly long
period (1998:1-2001:2).1° Given that we are especially interested in forecasting
industrial production annual growth rates, all forecasts comparisons refer to this
variable. To make the evaluation more interesting, the ARIMA modd is enriched

9 This further simplification and the procedure to routinely produce the forecasts are imple-
mented in WIinRATS 5.00 (see Doan, 2000).

10" Timeseriesof past CSC forecasts have been obtained from the ConfindustriaWebsite (ht t p:
/'l www. confindustria.it / DBl mages. nsf / HTM_.Pages / Centro+studi),
and start from 1998:3. IRS forecasts have been retrieved from the articles published in the fi-
nancial newspaper 1/ Sole 24 Ore.
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with adeterministic part that includes trading days and Easter effects. This model
IS estimated recursively by maximum likelihood and the forecasts are produced
using TRAMO (see Gémez and Maravall, 1998). Such an ARIMA constitutes a
very robust benchmark to beat.

Perfectly fair forecasts comparisons would require the use of homogeneous fore-
casting criteria among the competing models (see e.g. Tashman, 2000). However,
we want to compare our forecasts with those from a model of which we don't
know many details, and even with those derived from a survey. For this reason we
believe that, while perfectly homogeneous conditions are essential when compar-
ing the forecasting performance of alternative methods, they cannot be imposed
when comparing real world forecasts. However, to increase comparability both
the ARIMA and the VAR forecasts are based on a recursive scheme. Parameters
are estimated with data ranging from 1 to £, and forecasts are produced for £, + 1,
.. to+n (n > 1); then parameters are estimated on the sample ranging from 1
to ¢y + 1, and forecasts are produced for ¢t + 2, ..., tg + n + 1, and so forth. In
our application the forecast evaluation sample runs from January 1998 to Febru-
ary 2001: the estimation sample is adjusted in such a way that for each forecasting
horizon we have 38 out-of-sample observations.

Comparisons are somewhat complicated by some peculiarities in the CSC and IRS
forecast samples. In fact, CSC does not produce one-step ahead estimates for the
month of July and two-step ahead projections for the month of August of each
year. IRS does not release two-step ahead forecasts for the month of August of
each year; additionally, we could not retrieve IRS forecasts for a couple of dates.t

Macroeconomic analysts might be interested, more than on the numerical indi-
cations arising from the forecasts, on their signs, since these can be perceived as
warnings of expansions or contractions. For this reason we think that it is useful
to start the investigation of the forecasting performance of our VAR model from
an analysis of the directional forecasts. In our forecast sample there are 23 ob-
servations for which the industrial production annual growth rates are positive, 14
for which they are negative and one (July 2000) in which the annual growth rate
Is zero. We assume that if a prediction has wrong sign, but the difference with
the actual growth rate is less than one percentage point, the sign of the forecast is
correct. This avoids considering as wrong results close to zero.'? The results from
this comparison are reported in Table 5 and indicate that the gain with respect to

' This happened for example in corrispondence of dates for which IRS released only the sea-
sonally adjusted figures.
12 However, results do not change qualitatively if we use a strict criterion.
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Table 5: Directional forecast errors. wrong predictions as percentage of valid ob-
servations.

steps

ahead 1 2 3 6 12
ARIMA 13.16 1316 7.89 31.58 13.16
VAR 13.16 13.16 13.16 10.53 10.53
NAIVE 4595 41.67

CSC 15.15 1212

ARIMA csc 1212 15.15

VARcsc 1212 1212

IRS 21.62 23.53

ARIMA1Rrs 1351 14.71

VARIRs 1351 11.76

Wrong directional forecasts as percentage of valid observations. The
one-step and two-step ahead "NAIVE” directiona forecasts are given by
sign(Ao I PI; 1) and sign(A 21 P1; ), respectively. "ARIMA’ and " VAR”
with the subsctript "CSC” and " IRS’ denote the statistics calculated on the
forecasts from the ARIMA benchmark and the VAR model over same sample
used for the CSC and IRS forecasts, respectively.

21



Figure 7: Estimated densities of forecasting errors.
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anaive forecasts defined as sign(AﬁIt) = sign(Aol PI;_;) withi = (1,2)
Issubstantial. Furthermore, the ARIMA, CSC, and VAR projections show similar
directional errors, while IRS prediction errors nearly double the others. Finally, the
ARIMA benchmark shows alarge fraction of errors corresponding to the six-step
ahead forecasts. It should be noted, however, that contingency tables-based tests
on the directiona forecasts'® are always very significant, indicating that direction-
of-change forecasts are informative for all the predictions considered in this paper.
Thisremains true even for the forecasts of AA 91 P1;.

Figure 7 plots the estimated densities of the forecasting errors for the different
models, computed on the same common sample. Note that IRS forecasts seem to
be the most uncertain, while CSC projections are the most concentrated around
zero, even if they have fatter tails than the VAR predictions. Though informative,
Figure 7 could be not very significant on statistical grounds, given that the sample
is rather short. The features of the forecasts in terms of their mean absol ute error
(MAE) and mean error (ME) are reported in Table 6. Our VAR model’s forecasts
uniformly outperform the othersin terms of MAE. Furthermore, note that theratio
of the twelve-step ahead to the one-step ahead MAE is2.02 for the ARIMA model
and only 1.19 for the VAR. This shows how important is the cyclical information
embodied in PP and TON.

13" The detailed results are not reported for brevity. On the characteristics of the tests see e.g.
Diebold and Lopez (1996).
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Table 6: Mean absolute forecasting errors and mean forecasting errors of yearly
growth rates (percent) forecasts of industrial production

aﬁ:gj 1 2 3 6 12

06 o017 o1 o025 02

VAR 1.25 1.27 1.31 1.54 1.49
0.11 0.17 0.22 0.18 0.18

csc o1 0%

ARIMACsc oe 00l

VARcsc o 013

RS 0% 05

ARIMAs o1 oor

VAR o 020

For each number of steps ahead, the first row reports the mean absol ute error
(MAE), while the second one shows the mean error (ME). ”ARIMA’" and
"VAR” with the subsctript ”CSC” and " IRS’ denote the statistics cal cul ated
on the forecasts from the ARIMA benchmark and the VAR model over same
sample used for the CSC and IRS forecasts, respectively.

23



In order to get a better assessment of the relative forecasting ability of our VAR as
opposed to the other forecasts, we perform formal tests of (pairwise) equal fore-
casting performance and forecast encompassing. Both classes of tests are variants
of the test for predictive accuracy proposed by Diebold and Mariano (1995).%
Suppose one has two series of n forecasts each to be compared. Let {e;:}i
be h-step ahead forecast error deriving from model (or survey) i. Denote by
dr = g(eir) — g(ej) with g(-) some arbitrary (non necessarily symmetrical) pre-
specified function. The null hypothesis of equality of expected forecast perfor-
mance is E(d;) = 0. Itisnatural to consider d = n~! 7}, d;, so that \/n(d —
) 4N (0,27 £4(0)), where 1, isthe popul ation mean of d; and f,;(0) isthe spec-
tral density of d; at frequency zero, whichinturnis £;(0) = (2m) ™' 3227 ~,(7)
withv,(7) thelag- autocovariances. Diebold and Mariano (1995) propose basing
the test of equal forecasting accuracy on

DM = d 3)

—_—

n~12m f4(0)

—_—

which, under thenull, tendsto N (0, 1) when f,;(0) isaconsistent estimate of f,;(0).
In order to correct for the size distortions noticed in the test based on DM, Harvey
et al. (1997, 1998) propose modifying the test as

(4)

1—2h+nth(h—1)\">
n -+ +nth( )) Iy
n

DM*z(

and comparing the results with the critical values from the Student’s ¢ distribution
with (n — 1) degrees of freedom.

When comparing forecasting accuracy, in this paper we use d: = |e;| — |ejt:
when performing tests of forecast encompassing, d; becomes d; = e;:(eir — e;t)
(see Harvey et al., 1998). Under the null, forecast : encompasses forecast ; and
E(d;) = 0: under the aternative, forecast 7 could be improved by incorporating
some of the features present in forecast ;.

In this paper we use the D M* version of the tests. In order to obtain a consistent
estimate of f;(0), we follow the recommendations contained in Diebold and Mar-
lano (1995) and Harvey er al. (1997) a/nd\ use an unweighted sum of the sample
autocovariancesupto h — 1, that is 2 f4(0) = 7, +2 >"~1 4., with 7, the lag-k
sample autocovariance.

14 The variants are those introduced by Harvey et al. (1997, 1998).
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Table 7: Predictive accuracy tests

1-step ahead 2-step ahead

forecasts forecasts
M;\ M, VAR CSC IRS VAR CSsC IRS
ARIMA 1.306 1.325 0.800 1.193  0.981 —2.268

(0.200) (0.195) (0.429) (0.241) (0.334) (0.030)
VAR —0.342 —0.628 —0.165 —2.245
(0.735) (0.534) (0.870) (0.032)
CSC —0.383 —3.127
(0.704) (0.004)
ARIMA vs VAR (3 to 12 steps ahead)
steps 3 4 5 6 7
1.053 2.003 1.823 1.230 2.299
(0.299) (0.053)  (0.076) (0.226) (0.027)
steps 8 9 10 1 12
2.450 2.701 2.267 4911 6.829
(0.019) (0.010)  (0.029) (0.000) (0.000)

Modified Diebold-Mariano tests based on d; = |é;¢| — |€:|. The
D M* statisticsand their p-valuesunder thenull (in brackets) are
reported.

Two remarks are important at this stage. First, given that CSC and IRS forecasts

—_—

present some missing values, in the computation of 27 f,;(0) we use (see Harvey,
1989, p.329; Robinson, 1985)

P id) —dy(dl,, — d)
E?:_f QA k

where dI Is d; with zeros replacing the missing values, and a; = 1 when d; is
observed and a; = 0 otherwise. Second, West (2001) demonstrates that when
forecasts are based on estimated models and parameters estimation uncertainty
IS neglected, the forecast encompassing test tends to reject too often. This size
distortion depends, among other things, on the number of out-of-sample forecasts
used to compute the test. When the fraction n/t, is small, the distortion is likely
to be small. In our case, n/ty ~ 0.25: thisimplies that a nominal 5% ¢ test
should dlightly over-reject, but the actual size should not exceed 8%.%° Given that
correction of D M™* to take into account parameters uncertainty entails knowledge

A~

Y =

©)

25



of both the models to be compared, we cannot in practice use the modifications
suggested by West (2001).

In order to evaluate the forecasting accuracy of the various models, in Table 7
we report the results of the comparisons carried out on the different projections.
The table shows that our model on average produces more precise forecasts than
the others. However, the comparisons suggest that the difference is statistically
significant only with respect to the two-step ahead forecasts released by IRS, and
with the 4-to-12-step ahead ARIMA forecasts.*®

The tests of forecast encompassing reported in Table 8 show |ess clear-cut results.
From our viewpoint it seems relevant to note that, though the average quality of
our forecasts is superior to that of IRS projections, nevertheless these embody
some pieces of information that could improve both the one-step and the two-step
ahead VAR forecasts. Note also that the converse apply even more strongly: in
fact our VAR forecasts incorporate information that would be useful for improv-
ing IRS projections (and this, in the light of the previous findings, is an expected
result). CSC predictions do not encompass ours. On the other hand, it is not en-
tirely clear if our VAR forecasts encompass those elaborated by CSC: taking into
account possible size distortions, the results seem to suggest that encompassing
probably takes place for the one-step ahead predictions. The comparisons with
the ARIMA indicate that the benchmark do possibly encompass the VAR forecasts
only at the shortest horizon (one-step): on the contrary the predictions from the
VAR encompass those from the ARIMA from the five-step ahead onward.

S. USING THE FORECASTS TO IMPROVE TREND-CYCLE REVISION
PATTERNS

5.1 Characterization of the problem

This section illustrates one of the possible uses of the results of the forecasts de-
rived from the model described in Section 3. While the main purpose of the model
liesin the pure forecast of the raw industrial production index, neverthelessitsre-
sults can be used, as already anticipated, to improve the construction of a cyclical
indicator, reducing the revisionsimplied in its calculation.

15 A nominal 3% should not exceed actual 5%. These computations follow West (2001, p.30)
and are based on some rather unrealistic technical conditions. However, the values obtained in
thisway seem to act as upper bounds in the simulations carried out by West (2001, p.31).

16 The test is significant (at the 10% significance level) for the 4- and 5-step ahead forecasts:
it is not significant for the 6-step ahead forecasts (due to a single badly mispredicted value at
1999:12).
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Table 8: Tests for forecast encompassing

1-step ahead forecasts
M; \ M; ARIMA VAR CSC IRS
ARIMA 1.805 1.395 1.979
(0.079)  (0.172) 0.056
VAR 2.246 1.832 2.745
(0.031) (0.076) (0.009)
CSC 1.188 2.945 1.475
(0.244)  (0.006) (0.150)
IRS 2.085 3.603 1.524
(0.044)  (0.000) (0.138)
2-step ahead forecasts
ARIMA 2.088 3.460 3.222
(0.044)  (0.002) (0.003)
VAR 1.999 2.094 2.405
(0.053) (0.044) (0.022)
CSC 2.084 2.822 —0.521
(0.045)  (0.008) 0.606
IRS 3.118 3.777 2.383

(0.004)  (0.000) (0.023)

ARIMA vs VAR (3-12 steps)

3 4 5 6 7
2.431 2.637 2.229 1.947 2.761
(0.020) (0.012)  (0.032)  (0.059) (0.009)

8 9 10 11 12
2.661 2.520 2.340 3.576 3.282
(0.014) (0.016)  (0.025)  (0.000) (0.002)

VAR vs ARIMA (3-12 steps)

3 4 5 6 7
2.148 2.089 0.960 1.189 0.737
(0.038) (0.044) (0.343)  (0.242) (0.466)

8 9 10 11 12
0.622 1.164 1.660 0.762 0.197
(0.538) (0.252)  (0.105)  (0.451) (0.845)

Modified Diebold-Mariano tests based on d; = é;(é;x — €;1).
The DM™* statistics and their p-values under the null (in brack-
ets) are reported. The null hypothesis is that the forecasts pro-
duced by model M; (column-wise) encompass those produced
by model M; (row-wise).
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Let us consider the series I PI as composed by three (unobserved) components:

Thethreeelementsarethetrend (7;), the seasona (S;) and theirregular component
(I;). Thefirst represents the long term evol ution of the series, together with oscil-
|ations associated with the business cycle. It should then be more correctly defined
trend-cycle. Seasonal component represents movements which repeat themselves
onaregular basisevery year, whiletheirregular is a stationary, highly volatile and
unpredictable component.

When looking for acyclical indicator, oneisnormally interested in eliminating the
seasonal and the irregular component, leaving only the trend-cycle. To estimate
the latter, many criteria have been proposed. Some of them, such as the X-12-
ARIMA seasona adjustment procedure (Findley er al., 1998), do not provide a
statistical model for the components: othersdo provide an explicit characterization
of the components. Among the latter, there are the structural time series approach
(Harvey, 1989), and the ARIMA model-based approach (see Maravall, 1995, and
the references therein).

The ARIMA model-based approach will be retained here, because of some ap-
pealing features. It isin fact quite simple to apply,!” and produces a trend which
Is consistent with the seasonally adjusted figures officially provided by the Italian
National Statistical Institute (ISTAT, 1999).

As pointed out before, the trend-cycle contains a so movements associated to busi-
nesscycle. Inthispaper we are not interested to further decompose long term trend
and business cycle oscillations, also because trying to accomplish this task often
produces results that can be contradictory and heavily dependent on the methodol-
ogy used (Canova, 1998). In addition, the datawe are dealing with feature frequent
cycles, in the classical sense, so that no detrending is necessary in order for them
to be more evident. Moreover, we are aso interested in the absolute level of the
series. In the end, if the forecasts produced by our model are useful to improve
the construction of atrend-cycleindicator, they arelikely to be equally useful with
respect to the calculation of a purely cyclical indicator. The above considerations
imply that whenever werefer to businesscycleinthissection, wedo sointhe sense
of classical cycle and not in the sense of growth cycle (which consider detrended
series).

17 We apply it using the software TRAMO-SEATS (Gomez and Maravall, 1998).
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5.2 Main features of the trend extracted by TRAMO-SEATS

The ARIMA model-based approach implies the identification and estimation of
an ARIMA model for the observed series, with some possible deterministic com-
ponents, such astrading days effects and outliers. ARIMA modelsfor the compo-
nents are then derived, using some identifying assumptions, among them there is
the independence of the componentsin (6). Below, the main steps of the procedure
are summarized.

Consider, for the aggregate monthly series y; the following seasonal ARIMA rep-
resentation:*8

(1-L)(1=L") y =(146:L) (1 +612L"7) & (7)

where L isthe lag operator, and &; isi.i.d. ~ N(0, ¢%). The autoregressive part of
the model can be factorized as follows:

1-L)1-L®)=01—-LY’(A+L+L*+...+ L"), (8)

The first element in the right hand side of (8) implies two unit roots at the zero
frequency of the spectral representation of 1, while the second factor has eleven
roots centered at the seasonal frequencies 2kw /12, kK = 1,2, ..., 11. Thefirst two
unit roots, which are associated with the long term evol ution of the series, can then
be assigned to the trend component, while the other eleven are associated with the
seasonal component. Restricting our attention to the trend, we obtain that it is
given by the following ARIMA mode:

(1—L)*T, =67 (L) ery (9)

wither; ~ IN(0, 02 ) and 67 (L) alag polynomial of order two. Nevertheless, the
precise expression for the trend is not yet obtained, because there are many, possi-
bly infinite, decompositions consistent with the aggregate model (7), which differ
inthe values of the coefficientsin 61 (L). Thecriteriaused by TRAMO-SEATSto
identify the componentsisto make them canonical, i.e. specifying them asfree of
noiseaspossible. Thetrend obtained s, therefore, the smoother trend among those
obtainablefrom model (9) giventheaggregate model (7). The canonical condition,
together with the independence assumption, guarantees a unique decomposition.

18 This example has been developed using the so called Airline model, which for monthly data
isan ARIMA model (011)(011)2. It has been chosen, both becauseit is the default model used
by TRAMO-SEATS and it isthe one actually used by | STAT to seasonally adjust the I PI series.
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Figure 8: Estimated trend component of the industrial production index.
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Figure 8 plots trend of the industrial production index estimated by TRAMO-
SEATS. It clearly contains the long term evolution of the series, but also short
term cyclica movements, up- and downturns,

Optimal (in a mean sguared sense) estimation of the trend can be obtained using
the Wiener-Kolmogorov filter (Maravall, 1995). Denotewith S (L) = (1 + L +
L? + ...+ L', and with § (L) the lag polynomial in (7). Considering an infinite
redization of y;, Y = {y:},~___, thetrend estimator T, is given by the following
expression:

02,0 (L) 9r(L71)S (L) S (L")
op: 0(L)o(L™)

T, =E(T]Y) = ye=v(L)y.  (10)
From equation (10) it isevident that the estimator of the trend consistsin applying
to the original series a symmetric, bidirectional, infinite filter »(L). Moreover,
invertibility of 6 (L) ensures that the filter is convergent. This makes possible to
render the procedure operational, approximating the infinite filter by truncation.
Let now assume the truncated filter length is equal to 2 + 1, so that » observa-
tions arelost at the end of the observed series. The usua solution is to extend the
latter with the predictions coming out from the ARIMA model (7). This means
that we actually have a sequence of preliminary estimates of the trend E (77 |y:1;)
(: = 0,1, ..r) which gradually converge to the final one aslong as predictions are
replaced by the true values.

In this section we claim that the use of the forecasts coming out from the model de-
scribed in Section 3 dramatically improvesthe preliminary estimate of the trend of
I PI, thusmaking it amuch better device in order to monitor the evolution of this
variable. To justify the need for such an exercise, we rely on Bruno (2001), that
showsthat the revisions of the trend component of 7 P can be unacceptably large.
In particular, Bruno (2001) shows that the trend extracted by TRAMO-SEATS,
while representing a good historical representation of the cyclical development of
theindustrial production index, is characterized by a deegp worsening of its perfor-
mance near the end of the series, whichisthe point economic and business analysts
are mainly concerned with.

5.3 Revisions in the trend series

In order to check the importance of revisions in trend estimates, and to evaluate
the advantages deriving from using our mode!’s forecasts instead of the standard
routine, we perform an historical simulation from January 1996 to February 2001,
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estimating the trend component with TRAMO-SEATS, for every period, for the
original seriesand for series extended with 3, 6 and 12-step ahead forecasts.

The measure used to illustrate the revisions process is the following. Let fﬂt%
be the estimate of the trend component at time ¢t when a series of length ¢ + £
(kK > 0) isobserved: the so called concurrent estimate is obtained when k£ = 0.
The quantity

Tk = ﬁt|t+k — ﬁt|t+k—1 k=1,2,.. (1)

represents, for every k, the monthly revision in the preliminary data, £ months
after the concurrent estimate.

We compute (11) for every month from January 1996 onward, obtaining a distri-
bution of revisions for every k ranging from 1 (with 61 observations) to 61 (just
one observation). In practice we are usually interested in, say, £ < 12. We can
therefore derive summary statistics of the monthly revisions: in particular itisin-
teresting to check their variances, to see if the use of our model-based forecasts
Improves over the revision process. Figure 9 shows clearly how effective is the
improvement in the revision pattern using the forecasts from our model. The black
bar (labelled ' Original’) is the variance associated with the monthly revision after
k periods (x-axis) using the standard procedure: the variance behavior is charac-
terized by a sharp decrease after the first five months, when it becomes negligible.
The use of three-step ahead forecasts from our model reduces the variance of re-
vision of about 35% during the first three periods, and of about 30% during the
fourth and fifth month. Six-step ahead forecasts improve on this result, reducing
by 50% the variance of revisions in the first three periods. Using 12-step ahead
forecasts does not seem to give further significant gains.

5.4 Detection of turning points

In order to assess how important istheimprovement in therevision process showed
in the previous sub-section, it is possible to analyze if it helps, for example, in
the detection of turning points. In order to do this we perform again a historical
simulation, from 1996 onwards, applying a routine to detect the turning points in
thetrend estimated over the original series extended with 12 forecasts of TRAMO-
SEATS, and with, respectively, 3, 6 and 12 forecasts coming from our model.*®
As a reference, we considered definitive turning points those identified with the
observed series ending in February 2001.

19 The need for extending the series derives from the fact that the turning points detection pro-
cedure discards the last five observations.
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Figure 9: Variances of revisions of the trend.
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Table 9: Detection dates of turning points with different forecasts

Turning TRAMO- 3-step 6-step 12-step
points SEATS ahead ahead ahead

1995:12 (p) 96:09 (95:10) 96:05 (95:10) 96:03 (95:10) 96:02 (95:11)
1996:11 (t) 97:08 (96:12) 97:05 (96:12) 97:04 (96:12) 96:12 (96:12)
1998:04 (p) 99:02 (97:12) 98:10 (97:12) 98:07 (97:11) 98:04 (98:06)
1999:01 (t) 99:12 (99.01) 99:10 (99:01) 99:07 (99.01) 99:03 (99:04)

Mean lag 9.9 6.6 4.3 1.3
The table reports the dates of first detection of the turning points:
"p” denotes apeak, "t” atrough. In thefirst column are listed the
dates of the turning points as estimated using the whole time series
up to February 2001. In parenthesis are reported the turning point
locations as estimated at the detection date. Mean lagistheaverage
lag of the detection.

It is important to stress that our aim is not to find out the best approach to signal
aturning point, but smply to verify if the use of our forecasts helps in pursuing
this objective. To assessthis, we adopt the standard approach proposed by Bry and
Boschan (1971).

The turning points identified by the procedure over the period 1996-2000 using
the trend estimated over the actual data up to February 2001, are four, two peaks
and two troughs: they are few, but going back further would have led to a too
pronounced loss of data in order to estimate our model. The historical simulation
Is performed, again, reproducing as closely as possible areal world situation, that
IS re-estimating each month the model, leaving its structure unchanged. Table 9
shows the main results. The dates in the first column represent the turning points
estimated as of February 2001, while the others are the months where the turning
points were first detected. Dates in brackets represent the estimated locations of
the turning points when first identified.

The mean lag in the detection of turning point with the original trend series is
10 months; this is true regardiess the series being extended with 12 step-ahead
TRAMO-SEATS predictions or not. The use of our model’s three-step forecasts
improves the detection of the turning pointsin all cases, leading to a mean lag of
6.6 months. A further improvement is obtained with alonger forecasting horizon.
With a six-step ahead forecast the turning point is detected, on average, after 4.3
months, while using a twelve step-ahead forecast it reduces to just 1.3 months.



Figure 10: Turning points detection under the standard procedure (' Concurrent’)
and using 12-step ahead VAR forecasts (' Forec.’). Thedate onthetop of each panel
indicatesthelast observation used in thetrend estimation. Thetrend estimate based
on actual data up to February 2001 (' Fina’) is also reported for comparison.
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Figure 10 shows four cases in the neighborhood of the actual turning points where
the performance of the trend obtained by extending the industrial production with
12-step forecasts of the VAR model (labelled ' Forec.” in the figure) is compared
with the ordinary output of TRAMO-SEATS (labelled *Concurrent’). The first
appears to follow more closely the final estimate of the trend (' Final’), obtained
using the observed time seriesas of February 2001. Visual inspection confirmvery
clearly theresultsillustrated in Table 9 and in Figure 9, that isthe gain in precision
in the trend estimate, in particular around turning points.

The procedure of Bry and Boschanin thiscontext proves particularly robust against
false signals, which never occur in our sample. Some problems emerge for the de-
tection of the peak in 1998:4, which is sometimes located at the end of 1997; this
isduetothe” flatness” of theindustria production during that period. Inaddition,
with the use of the twel ve-step ahead forecast the turning point 1999:1 isidentified
the first timein January 1999, but not in the subsequent month: thisiswhy in the
table we report the value of March (from that month onward this turning point is
always reported).
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6. CONCLUDING REMARKS

In this paper we propose asimple VAR model to forecast Italian industrial produc-
tion. We test for the predictive accuracy of our model over afairly long forecast
evaluation sample. We show that our VAR predictions outperform those produced
on the basis of a robust ARIMA model, are on average at least as good as the
survey-based projections elaborated by CSC, and more accurate than those deriv-
ing from the IRS econometric model. Furthermore, we show that using the VAR
we are able to produce reliable forecasts on longer horizons. The forecast encom-
passing tests highlight that the different predictions embody different pieces of
information that could be exploited to obtain even better forecasts. Aslong asone
Is interested only in forecasting horizons of at most two periods, this opens the
possibility of investigating the opportunity of combining the forecasts. given that
one of our goalsisto produce multi-step dynamic forecasts, we do not pursue this
route in the present paper.

We argue that obtaining good forecasts is essential to derive areliable cyclical in-
dicator using signal-extraction (smoothing) techniques. We show that thisis the
case by comparing the variance of revisions of a cyclical indicator estimated us-
ing our VAR'’s forecasts with that of the same indicator estimated using standard
procedures: the information embodied in our predictions halves the uncertainty
in the concurrent estimate of the cyclical indicator. This is also fundamental to
timely detect turning points: the average gain in the delay with which a turning
point is detected when using our forecasts is about nine months! We guess that
aclear indication to pratictioners and economic analysts arise from these results.
multi-step dynamic forecasts can improve substantially on the perception we can
gain not only on the future, but also on the current phase of the economy.
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