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a b s t r a c t

In this paper we explore the forecasting performances of methods based on a pre-selection
of monthly indicators from large panels of time series. After a preliminary data reduction
step based on different shrinkage techniques, we compare the accuracy of principal
components forecasts with that of parsimonious regressions in which further shrinkage is
achieved using theGeneral-To-Specific approach. In an empirical application,we show that
the two competing models produce accurate current-quarter forecasts of Italian GDP and
of its main demand components, outperforming naïve forecasts and comparing favorably
with factor models based on all available information. A robustness check conducted on
the GDP growth of the euro area and of its major members confirms these results.
© 2014 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.

1. Introduction

Although a large number of indicators covering all
aspects of the economy are usually available at very
high frequencies, quarterly national accounts still play a
central role in guiding economic decisions and policy anal-
ysis. However, the delaywithwhich they are released com-
plicates decision making greatly. Over the past decade, a
number of econometric tools have been developed to solve
this problem.

One kind of older method, known as bridge models,
are single equations in which lower frequency (typically
quarterly) target variables are regressed against higher fre-
quency (typically monthly) indicators preliminarily aggre-
gated at the lower frequency, see Baffigi, Golinelli, and
Parigi (2004), Barhoumi et al. (2008), Diron (2008) and
Hahn and Skudelny (2008). Albeit very simple, these mod-
els are still used widely within policy institutions and by
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private forecasters, for a number of reasons. First, they
strike a good compromise between simplicity and accu-
racy: a small set of indicators appropriately chosen usu-
ally guarantees a good forecasting performance. Second,
forecasts based on single linear equations are very easy to
explain and to communicate to decisionmakers. Third, dis-
secting forecast errors is also very easy in a linear context:
discrepancies between actual and predicted values of the
target variables can be related straightforwardly to those
between actual and predicted values in the underlying in-
dicators. However, bridge models present two important
drawbacks: (i) they rely on a very parsimonious infor-
mation set, potentially leaving out informative predictors,
(ii) their specification often relies on the judgement and
experience of the econometrician.

Their ability to address both of these issues is the
reason for the attention that factor models, which have
rapidly become the workhorse of short-term forecasting,
have attracted in recent years. In these models, the
information from a potentially very large dataset is
summarized by a small number of linear combinations of
the available time series, so that no valuable information
is lost. Furthermore, the specification of a factor model
requires little judgement: once the number of factors
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has been determined on the basis of some information
criterion, the common factors can be estimated using
various methods (see Forni, Hallin, Lippi, & Reichlin,
2005; Giannone, Reichlin, & Small, 2008; Kapetanios &
Marcellino, 2009; Stock & Watson, 2002, for different
estimation techniques), and a forecasting equation can be
specified easily. In an empirical application, Angelini,
Camba-Mendez, Giannone, Reichlin, and Rünstler (2011)
find that, on average, factor models score better than
bridge models in forecasting euro area GDP.

The issue of variable selection, which is crucial in the
context of bridgemodels, is usually swept under the carpet
in the factor model literature, where it seems that all that
is needed is a large number of variables that can be used
to average out the influence of idiosyncratic components
and to estimate the common factors. A recent branch of
the literature has questioned the usefulness of ‘‘too much
information’’ for factor forecasts. Boivin and Ng (2006),
for example, argue that increasing the N-dimension of
large panels can be detrimental, especially if the errors
are strongly cross-correlated and the forecasting power
is provided by a factor that is dominant in a small panel
but dominated in a larger panel. This problem arises
because factors are extracted ‘blindly’, without taking
into consideration the properties of the variable that the
researcher is really interested in forecasting. To put it
roughly, since principal components maximize the signal
to noise ratio of the whole panel, they are well suited for
forecasting the variables which load the common factors
more strongly, but may perform poorly for other variables.
Tailoring the predictors to a specific target variable can
then provide substantial gains. Bai and Ng (2008) show
that factor forecasts can be improved by identifying
useful ‘‘targeted’’ predictors and computing principal
components on this restricted dataset. In particular,
they show that soft thresholding methods like the least
absolute shrinkage selection operator (LASSO) can be used
successfully to reduce the size of the information set.

An interesting connection between factor model fore-
casts and thresholding methods has recently been estab-
lished by DeMol, Giannone, and Reichlin (2008). They find
that, as the panel dimension increases, factor forecasts be-
come more highly correlated with those obtained with
LASSO, i.e., with a regression on a few selected predictors.
They conclude that ‘‘. . . the result that few selected vari-
ables are able to capture the space spanned by the com-
mon factors, suggests that small models with accurately
selected variables may do as well as methods that use in-
formation on large panels and are based on regressions on
linear combinations of all variables. This point calls for fur-
ther research. . . ’’.

This open question constitutes the main motivation
of our paper. However, we go beyond simple Lasso re-
gressions, or more generally regressions of target vari-
ables on targeted predictors, by intersecting the targeted
predictors argument with the General To Specific (GETS)
modeling philosophy (see Hoover & Perez, 1999) that un-
derlies the bridge approach (Krolzig & Hendry, 2001). Our
analysis also proceeds in two steps. In the first step we
follow Bai and Ng (2008) and use a range of hard- and
soft-thresholding methods to reduce the dimension of a

large dataset to a limited number of potential regres-
sors. In the second step, information extraction is accom-
plished through an automatic selection algorithm which
picks the most informative variables and specifies parsi-
monious bridge equations, in order to replicate the process
usually followed by the econometricians, guided by their
judgement and experience, when setting up bridge mod-
els.1 Hence, our first methodological contribution relates
to the specification of bridge equations in the presence of
a large set of potentially useful indicators, based on sound
statistical procedures rather than simply on either the ex-
perience and preferences of the bridge model developer or
the use of information criteria and/or testing with only a
small set of indicators.

Our second contribution is a comparison, in terms of
forecasting performances, of this enhanced bridge ap-
proach with simple AR models that do not use any exter-
nal information, with Diffusion Indexmodels estimated on
targeted predictors (as in Bai & Ng, 2008), and with gen-
eral Diffusion Index models based on all of the informa-
tion available. We can therefore assess: (i) the accuracy
gain associated with monthly timely information, (ii) the
‘‘harmfulness’’ of ‘‘too much information’’, and (iii) the rel-
ative gains of two alternative ways of extracting informa-
tion from targeted predictors (selection based on statistical
criteria or information extraction by means of factor esti-
mation).

Our empirical analysis focuses on ItalianGDP and on the
main demand components. The motivation for looking not
only at GDP but also at the demand breakdown is twofold.
First, factor models have been employed frequently for
forecasting GDP, but seldom if ever for forecasting demand
components. However, the business cycle behavior of ag-
gregate GDP is very different from that of its components.
For example, investment and trade variables are much
more volatile than aggregate GDP, while Private Consump-
tion is typically smoother than total activity, see Artis,Mar-
cellino, and Proietti (2004). Checking howmodels compare
for forecasting variables that behave so differently over the
business cycle is an interesting exercise on its own. Second,
forecasting demand aggregates is extremely important at
the turn of the cycle and in turbulent phases. For example,
investment tends to trough before GDP, while consump-
tion only achieves momentum when an expansion is well
under way, peaking after the cycle. Having models that
complement GDP forecastswith a viewon themain drivers
of economic activity enables business cycle analysts to pro-
vide a much more accurate reading of the cyclical phase.

Our application is to one-step-ahead forecasts of
Italian GDP and of the main demand breakdown, that is,
Private Consumption, Investment in Construction, Other
Investment, Exports and Imports. By one step ahead, we
mean the next quarterly release. Given the delaywithwhich
quarterly series are published, this actually amounts to
performing a nowcast/backcast exercise. We deliberately
limit our forecast horizon to the next quarterly release
because we are interested in gauging the relative merits

1 The GETS methodology is implemented using the freeware software
GROCER (see http://dubois.ensae.net/grocer.html).
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