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Summary
With the creation of the European Monetary Union (EMU), the challenge of forecasting
macroeconomic aggregate variables is gaining considerable importance to economic
agents and policy makers at all levels. As actual EMU time series data are only available
since the introduction of the Euro in 1999, synthetic data for the pre-EMU period are
in use. The historical Euro area data are often constructed based on contemporaneous
aggregation of EMU member countries’ data. Different aggregation methods have been
considered in the literature and Marcellino (2004) point out a number of drawbacks of
these methods that can impact the subsequent econometric analysis. The first chapter
of this thesis addresses this issue and proposes an attractive and useful alternative to
these aggregation methods. Another important issue in this context is how to forecast the
aggregate variables. The literature suggests to forecast the aggregates by using only their
own past information or forecast the disaggregate components first and then aggregate
all disaggregate forecasts. The last two chapters focus on the problems of these two
approaches and provide some solutions to them. A more detailed outline of each of the
chapters is given in the following paragraphs.
Chapter 1, which is a joint work with Prof. Ralf Brüggemann and was published in
Oxford Bulletin of Economics and Statistics in 2015, suggests to use a factor model
based backdating procedure to construct historical Euro area macroeconomic time series
data for the pre-Euro period. In this factor approach, we use the principal component
method proposed in Stock and Watson (2002a) to extract a small number of factors from
a large set of time series data from 12 EMU member countries. These factors are then
regressed on the macroeconomic aggregate variables of interest using an overlapping
period, where observations on both are available. At last, the estimated relationship is
used to construct data for the pre-EMU period. By using this method, more time series
information than standard aggregation methods can be used. It can also handle situations
where time series data from some cross-sectional units are missing or not available in the
desired quality. In a recursive pseudo-out-of-sample forecasting experiment, we analyze
the usefulness of this approach in forecasting a number of macroeconomic Euro area
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variables. For this purpose, the accuracy of forecasts based on models that use different
historical Euro area time series is compared. The results suggest that some key variables
like real GDP, CPI inflation and long-term interest rates can be indeed forecasted more
precisely with data produced by using this procedure.
Chapter 2 focuses on including the relevant disaggregate variables in the forecasting
model which originally uses only the past information of the aggregate variable as
predictors. Traditionally, aggregate variables can be forecasted by using their own lags or
one can forecast each disaggregate component first and then combine all the disaggregate
forecasts. We try to combine these two approaches by considering the disaggregate variables in forecasting models. However, including all disaggregate variables is infeasible
because too many parameters would have to be estimated. Therefore, we suggest to use
boosting, a technique from the machine learning and biostatistics literature (Bühlmann
and Yu (2003) and Bühlmann and Hothorn (2007)), to select the disaggregate variables
which are most helpful in predicting an aggregate of interest. To investigate the properties
of boosting as a selection device, we conduct simulation experiments that mimic the
empirical problem of selecting disaggregate variables. Further, to evaluate the forecasting
performance of boosting, we compare the forecasting model which uses boosting to
select relevant predictors with other commonly used models in forecasting aggregate
variables. The results show that taking into account disaggregate information in form of
factors or disaggregate variables selected by boosting can improve the forecast accuracy.
Moreover, using boosting to select relevant predictor outperforms the forecasting model
which uses the lagged values of the aggregate as predictors for all considered variables.
Chapter 3 investigates whether using different combination weights instead of the usual
aggregation weights can help to provide more accurate forecasts. As stated in the previous paragraph, in forecasting aggregate variables, one can forecast the disaggregate
variables at first. Then all the disaggregate forecasts are combined. The aggregation
weights which are used to construct the aggregates are usually considered as combination weights. We examine the performance of alternative combination weights such as
equal weights, the least squares (LS) estimators of the weights, the combination method
recently proposed by Hyndman et al. (2011) and the weights suggested by the shrinkage
method used in Stock and Watson (2004) to combine the disaggregate forecasts. The results indicate that some Euro area aggregate variables like real GDP and GDP deflator can
be forecasted more precisely by using the LS weights and the weights estimated by the
shrinkage method, because these methods are more flexible in adapting to data in periods
of financial crisis and can take large differences in inflation rates of member countries into
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account. For forecasting the consumer price index and the long-term interest rate, these
weights can also provide more accurate forecasts in some cases. Furthermore, combining
only forecasts of the three largest European countries helps to improve the forecasting
performance, mainly because of their economic importance in the Euro area. The last
finding is that the persistence of the individual data seems to play an important role for
the relative performance of the combination.
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Zusammenfassung
Mit Entstehung der Europäischen Währungsunion (EWU) haben Prognosen für
makroökonomische Aggregate immer mehr Bedeutung gewonnen, sowohl für die
ökonomischen Agenten als auch für die politischen Entscheidungsträger. Da die echten
EMU Zeitreihendaten nur nach der Euro-Einführung verfügbar sind, werden synthetische
Daten für den Zeitraum vor der Euro-Einführung verwendet. Basierend auf gleichzeitiger
Aggregation von Zeitreihen aus allen EMU Mitgliedsstaaten werden die historischen
Daten für die Eurozone erzeugt. Unterschiedliche Aggregationsmethoden wurden bereits
in der Literatur untersucht und Marcellino (2004) stellt viele Nachteile von diesen
Methoden heraus, die die nachfolgende ökonometrische Analyse beeinflussen kann.
Das erste Kapitel beschäftigt sich mit diesem Thema und schlägt eine attraktive und
praktische Alternative vor. Das andere wichtige Thema in diesem Kontext ist, wie man
eine bessere Prognose für solche aggregierte Variablen erstellen kann. Die Literatur
schlägt vor, die aggregierten Variablen ausschließlich mit Hilfe ihrer vergangenen Werte
zu prognostizieren oder zuerst die disaggregierten Komponenten zu pronostizieren
und dann alle Prognosen zu aggregieren. Die letzten zwei Kapitel beschäftigen sich
damit, Probleme von diesen zwei Methoden zu finden und mögliche Lösungen anzubieten. Ein genauer Überblick über alle Kapitel ist in den folgenden Abschnitten gegeben.
Das Kapitel 1, das in Zusammenarbeit mit Prof. Ralf Brüggemann entstanden ist und
in Oxford Bulletin of Economics and Statistics veröffentlicht wurde, schlägt vor, eine
Rückdatierung-Prozedur basierend auf einem Faktormodell zu verwenden, um die
historischen makroökonomischen Zeitreihen für den Zeitraum vor der Euro-Einführung
zu erzeugen. Wir benutzen zuerst die Hauptkomponentenanalyse, die in dem Artikel
von Stock und Watson (2002a) dargestellt wurde, um eine kleine Anzahl von Faktoren
aus einer großen Anzahl von Zeitreihendaten aus allen 12 EWU Mitgliedsstaaten zu
extrahieren. In dem nächsten Schritt werden diese Faktoren auf die makroökonomischen
aggregierten Variablen regressiert, und zwar für die Periode, bei der sowohl Daten für
Faktoren als auch für die makroökonomischen Aggregate vorhanden sind. Die geschätzte
Beziehung kann dann verwendet werden, um die Daten vor der Einführung des Euro
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zu erstellen. Im Vergleich zu normalen Aggregationsmethoden können mit Hilfe dieser
Methode mehr Informationen aus unterschiedlichen Daten berücksichtigt werden. Wenn
einige Daten aus manchen Ländern fehlen oder wenn Daten nicht die erwünschte Qualität
haben, kann diese Methode auch verwendet werden. Wir analysieren die Prognosegüte
dieser Methode in einem rekursiven “out-of-sample” Prognoseexperiment, das einige
makroökonomische Variablen aus der Eurozone prognostiziert. Zu diesem Zweck wird
die Prognosegüte von unterschiedlichen Prognosemodellen, die verschiedene historische
Zeitreihendaten für die Eurozone benutzen, miteinander verglichen. Die Ergebnisse
zeigen, dass manche Schlüsselvariablen, wie das reale Bruttoinlandsprodukt, die Konsumentenpreisinflation und der langfristige Zinssatz tatsächlich genauer prognostiziert
werden können, wenn die historischen Daten basierend auf unserer Methode erzeugt
werden.
Das Kapitel 2 legt seinen Fokus darauf, wichtige disaggregierte Variablen in dem
Prognosemodell zu berüchsichtigen, das ursprünglich nur die vergangenen Informationen
der Aggregate als Erklärungsvariablen benutzt. Traditionell können aggregierte Variablen
so prognostiziert werden, dass ausschließlich ihre vergangenen Werte als Erklärungsvariablen verwendet werden. Die zweite Möglichkeit zur Prognose von solchen Variablen
besteht darin, die disaggregierten Komponenten zuerst zu prognostizieren und dann die
Prognosen von allen Disaggregaten zu aggregieren. In der vorliegenden Arbeit versuchen
wir, diese zwei Möglichkeiten zu kombinieren. Allerdings ist es unpraktisch, alle
disaggregierten Variablen als Erklärungsvariablen zu berücksichtigen, da sonst zu viele
Parameter geschätzt werden müssen. Daher schlagen wir vor, die Boosting-Methode zu
verwenden, die diejenigen disaggregierten Variablen selektieren kann, die am meisten
zur Prognose der Aggregate Variablen beitragen können. Boosting ist eine Methode, die
ursprünglich in der Literatur für Machine Learning und Biostatistik entwickelt wurde
(Bühlmann und Yu (2003), Bühlmann und Hothorn (2007)). Um herauszufinden, ob die
Boosting-Methode als Selektionsmethode gut funktioniert, führen wir Simulationsstudien durch, die das empirische Problem von Variablenselektion imitieren. Zusätzlich
vergleichen wir noch das Prognosemodell, das Boosting als Selektionsmethode benutzt,
mit anderen Prognosenmodellen, die häufig für die Prognose von aggregierten Variablen
verwendet werden, um die Prognosegüte der Boosting-Methode zu evaluieren. Als
Ergebnisse stellt sich heraus, dass die Prognosgüte verbessert werden kann, wenn
disaggregierte Informationen in Form von Faktoren oder selektierten Disaggregaten als
Erklärungsvariablen berücksichtigt werden. Außerdem kann das Prognosemodell, das
die Boosting-Methode verwendet, um die wichtigen Erklärungsvariablen zu selektieren,
immer das Prognosemodell schlagen, das lediglich die vergangenen Werte der Aggregate
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als Erklärungsvariablen benutzt.
Das Kapitel 3 untersucht, ob alternative Kombinationsgewichte anstatt der normalen Aggregationsgewichte bei der Prognosekombination verwendet werden können, um die Prognosegüte zu verbessern. Wie bereits im vorherigen Abschnitt erwähnt wurde, kann man
für die Prognose der aggregierten Variablen zuerst jede einzelne disaggregierte Komponente prognostizieren und dann alle Prognosen kombinieren. Bei der Kombination werden
dann häufig die Aggregationsgewichte verwendet, mit denen die aggregierten Variablen
konstruiert werden. In dieser Arbeit untersuchen wir die Prognosequalität von Gleichgewichten, den Kleinst-Quadrate-Schätzern der Gewichte, der Kombinationsmethode von
Hyndman et al. (2011) und den geschätzten Gewichten basierend auf der ShrinkageMethode von Stock und Watson (2004). Die Ergebnisse weisen darauf hin, dass einige
aggregierte Variablen aus der Eurozone, wie etwa das reale Bruttoinlandsprodukt und
der Bruttoinlandsprodukt-Deflator in der Tat besser prognostiziert werden können, wenn
die Gewichte mit der Kleinst-Quadrate-Methode geschätzt werden oder die geschätzten
Gewichte aus der Shrinkage-Methode als Kombinationsgewichte verwendet werden. Der
Grund liegt darin, dass sich diese Methoden besser an die Daten in Zeiten der Finanzkrise
anpassen und grosse Unterschiede in den Daten für Inflationsraten von verschiedenen Mitgliedsstaaten berücksichtigen können. Bei der Prognose der Konsumentenpreisinflation
und dem langfristigen Zinssatz können diese geschätzten Gewichte ebenfalls für manche
Fälle genauere Prognosen anbieten. Als zweites Ergebnis dieser Arbeit finden wir, dass
die Kombination von Prognosen aus den drei wichtigsten europäischen Ländern auch zur
verbesserten Prognosegüte beitragen kann, da diesen Ländern eine bedeutende Rolle innerhalb der Wirtschaft in der Eurozone zukommt. Ein weiteres Ergebnis zeigt, dass die
Persistenz der individuellen Zeitreihendaten die Güte von Prognosekombinationen beeinflussen kann.

C HAPTER 1
Forecasting Euro area macroeconomic
variables using a factor model approach
for backdating
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Introduction

With the creation of European Monetary Union (EMU), the focus of macroeconomic analysis has shifted towards the analysis of the Euro area as a whole. Econometric models
for area-wide variables have been used for forecasting and structural analysis. As actual EMU time series data are only available from 1999 onwards, synthetic time series
data for the pre-EMU period are in use. Often the construction of historical (pre-EMU)
Euro area data is based on contemporaneous aggregation of time series from the EMU
member countries. Different aggregation methods have been suggested in the literature
and Marcellino (2004) points out a number of drawbacks inherent in these methods. The
choice of a particular aggregation method is a very important practical issue that impacts
any following econometric analysis. For instance, Bosker (2006) illustrates that estimated
cointegration parameters change substantially with the choice of the aggregation method.
Given these drawbacks of standard methods, it is worth to consider the merits of alternatives to aggregation. In this paper, we therefore consider a factor model based alternative
to the standard method of contemporaneous aggregation and analyze the usefulness of
this approach in forecasting Euro area aggregates.
One of the standard aggregation methods suggested in the literature has been discussed
by Fagan et al. (2001, 2005). Their approach has been used to create a database of historical euro-area time series data for estimating the Area Wide Model (AWM) in use at
the European Central Bank (ECB).1 The AWM data is based on cross-country aggregation of log-level variables with fixed weights (referred to as FHM weights). The FHM
weights are obtained as shares of GDP at constant 1995 prices. Anderson et al. (2011)
point out that the use of fixed weights will tend to undervalue the importance of the
countries, which hold a leading role in the European markets and suggest extending the
FHM weights with a sliding factor which measures the relative distance from economic
integration to EMU. Using fixed weights may also be problematic because it does not
take changes in exchange rates between member countries into consideration. Therefore,
Beyer et al. (2001) suggest to aggregate growth rates of the variables with time-varying
weights based on previous period’s real GDP share (henceforth BDH weights) and find
that in their method the aggregates of the individual deflators correspond to the deflator
of the aggregate. Beyer and Juselius (2009) show that results based on BDH weights are
sensitive to the choice of base year and therefore suggest to use weights based on previous
period’s nominal GDP. None of the proposed methods seems optimal in all respects.
Alternatives to standard aggregation have also been considered in the literature. For instance, Brüggemann and Lütkepohl (2006) and Brüggemann et al. (2008) argue that the
1

Updates of this database is available from the Euro Area Business Cycle Network (EABCN) at
http://www.eabcn.org/.

Chapter 1: Forecasting using a factor model for backdating

10

use of synthetically constructed, aggregated data is inappropriate especially in the presence of structural changes induced by adjustment processes required in some countries
prior to EMU in order to satisfy the Maastricht criteria. They suggest a representative
country approach which combines German data until 1998 with actual Euro area data
after 1999. They find that at least for some variables like interest rates and prices using
German data rather than aggregated EMU data for the pre-EMU period is preferable when
forecasts of EMU aggregates are of interest.
This paper proposes to use another alternative method for constructing historical Euro area
data. We use the idea put forward in Angelini et al. (2006) and Angelini and Marcellino
(2011), where a factor based approach is used to construct time series of macroeconomic
variables for unified Germany prior to 1991. In the factor model approach, a small number
of factors are extracted from a large set of time series from individual EMU member
countries using the Stock and Watson (2002a) principal component based estimators. The
estimated relation between the factor time series and the actual Euro area time series
of interest is used to construct time series data for the pre-EMU period. This method
is referred to as factor-backdating. Advantages of this method include its ability to use
more time series information than standard aggregation methods and its ability to handle
situations with missing time series data in some of the cross-sectional units (countries).
Against the background of future EMU enlargement and the doubtful quality of historical
data in some of the future member countries, the factor-backdating procedure may be an
attractive and useful alternative to standard aggregation methods.
We analyze the usefulness of this approach in forecasting a number of macroeconomic
Euro area variables by conducting a forecast comparison. We compare the accuracy of
forecasts based on models that use different historical Euro area time series. In particular, we compare forecasts based on pre-EMU data from the AWM database in use at
the ECB to forecasts based on data obtained from the factor-backdating procedure. Our
paper is related to work by Marcellino (2004), which also includes a forecasting comparison for EMU macroeconomic time series based aggregated data constructed by Fagan
et al. (2005). However, the focus in Marcellino (2004) is on the forecasting performance
of different forecasting methods, not on different data. Our work is also related to the
study by Brüggemann et al. (2008) who investigate whether German data before the Euro
period contain the same or more information for forecasting than the aggregated data by
comparing linear and nonlinear forecasting methods. They find that at least for nominal
and monetary variables German data results in superior forecasts.
Our study uses a number of linear and nonlinear forecasting methods and models. In
particular, we include variants of linear autoregressive models as well as nonlinear smooth
transition regression models. These forecasting models have also been used in e.g. Stock
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and Watson (1999), Marcellino (2004) and Brüggemann et al. (2008). Variables included
in our comparison are real GDP, the GDP deflator, a consumer price index, short- and
long-term interest rates as well as the exchange rate.
The structure of the remaining paper is as follows. In Section 1.2, the factor-backdating
approach is presented. The forecasting methods are discussed in Section 1.3, before the
data are described in Section 1.4. Section 1.5 discusses the results from our forecasting
comparison and Section 1.6 concludes.

1.2

Factor-based backdating

As an alternative to standard contemporaneous aggregation methods, we suggest to use
a factor-based approach to backdate historical data for the Euro area. In this factorbackdating procedure, a small number of common factors is extracted from a possibly
large set of time series data coming from individual Euro area countries. Using the period
where both, the information on the actual aggregated Euro area time series (for the period
after 1999) and the extracted factor time series are available and overlap, we estimate the
relation between the unobserved factors and the area-wide aggregate.2 This information
is in turn used to backdate historical Euro area data. This approach has been suggested
by Angelini et al. (2006) and used in the context of backdating German data by Angelini
and Marcellino (2011). A detailed description of the factor backdating procedure in our
context is given in the following.
Starting point is a factor model representation discussed by Stock and Watson (2002a,b).
In their approach, the N -dimensional stationary time series Xt is driven by a small number
of K unobserved common factors Ft and an idiosyncratic component et , that is, the vector
of time series may be written as
Xt = ΛFt + et ,

t = 1, . . . , T,

(1.1)

where Xt is a N × 1 vector, Λ is a N × K matrix of factor loadings, Ft is the K × 1
vector of common factors and et is an N × 1 vector of idiosyncratic components. Prior to
the backdating procedure, the common factors have to be extracted from the time series
data. Estimation of the factors is done using a classical static principle components on
X̃t , which is obtained by standardizing Xt to have mean zero and unit variance. This
procedure gives a K-dimensional time series of common factors, denoted as {F̂t }Tt=1 . It
can be shown that under mild regularity conditions the principal components of X̃t are
consistent estimators of the true unobservable factors (see e.g. Stock and Watson (2002a)
2

In our empirical application, we have used the period from 1999Q1-2002Q4 as the overlapping period
(see also footnote 3).
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for details). In applications, the variables in Xt are transformed to stationarity if necessary. The choice of the number of factors may be based on suitable criteria (see e.g. Bai
and Ng (2002)).
In our application, we split the entire sample period (from 1970Q1 to 2010Q4) into an
estimation period (from 1970Q1 to T1 ) and a forecasting evaluation period (from T1 + 1
to 2010Q4). In the following we set T1 to 2002Q4 and thus the forecasting evaluation
starts in 2003Q1.3 The vector Xt consists of a number of time series coming from the
individual Euro area member countries and we extract the factor time series using data
over the period from 1970Q1 to 2002Q4. In the second step, we relate the factor time
series to the area-wide macroeconomic series of interest using an overlapping period,
where observations on both are available. To be more precise, we run a regression using
the (stationarity transform) of the Euro-area-wide series of interest, denoted as ytEM U , as a
dependent variable and using the estimated factor time series F̂t as explanatory variables.
This regression is estimated over the overlapping period from 1999Q1 to 2002Q4, i.e. we
use the model
ytEM U = β0 + β1 F̂1t + . . . + βK F̂Kt + εt ,

t = 1999Q1, . . . , 2002Q4

and estimate the parameters β0 , . . . , βK by OLS. In the third step of our procedure, we
use the estimated parameters β̂0 , . . . , β̂K to backdate the (historical) area-wide time series
for the periods before 1999 by:
ŷtEM U = β̂0 + β̂1 F̂1t + . . . + β̂K F̂Kt ,

t = 1970Q1, . . . , 1998Q4.

This factor model approach has several advantages: While it uses the information from
all member countries like standard aggregation methods do, it avoids the difficulty to
choose the appropriate aggregation weights. In the factor-backdating method, the weights
are obtained in a data driven way. Moreover, standard aggregation methods typically
only use the country information on the one variable that is aggregated. In the factor
based approach, Xt can in principle include many other variables as well. For instance,
when constructing Euro area data for the overall consumer price index, the vector Xt
used in the factor backdating may include the time series of consumer price subindexes
or from other price indices as well. Therefore, the information content of an area-wide
time series obtained by the described factor method may be greater than in a time series
obtained by standard aggregation methods. The factor-based method is also suitable to
handle missing time series observations in some cross-sectional units, a situation that
3

This choice balances the number of observations for the overlapping period against the number of
observations available for forecasting evaluation. We also check the robustness of our results with respect
to this choice (see the discussion in Section 1.5).
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occurs often when constructing Euro area aggregates. Even if there are some missing
observations in some of the cross-sections, the common factors can still be extracted by
using the expectation-maximization (EM) algorithm (see e.g. the discussion in Appendix
A of Stock and Watson (2002a) and in Angelini et al. (2006)). Against the background
of future EMU enlargement and the doubtful quality of historical data in some of the
future member countries, the factor backdating procedure may be an attractive and useful
alternative to standard aggregation methods.
Note that the previously mentioned EM algorithm of Stock and Watson (2002a) can not
only be used to interpolate some missing observations from some of the cross-sectional
units but may also be used as an alternative backdating method.4 To be more precise,
the time series observations on variables for EMU aggregates for the period before 1999
may be viewed as missing data in a large panel data set starting in 1970 containing time
series of individual EMU countries and the EMU aggregate series. In other words, the
disaggregated series and the aggregated series are modeled as belonging to the same panel,
which is however unbalanced due to missing observations of EMU aggregates for the
period before 1999. Given this structure, the EM algorithm can be used to interpolate
the missing observations for the EMU aggregates. The interpolation starts by extracting
the factor series from the balanced panel subset and uses the factor equation to ‘predict’
the missing observations by their expectation conditional on the observed data. This
procedure is iterated until changes in the factors series and consequently changes in the
interpolated values for the missing observations are smaller than a prespecified criterion.
Details are described in Part A of Appendix A in Stock and Watson (2002a). In our
application, the panel used either consists of aggregate and disaggregate information of
the variable to be predicted or of aggregate and disaggregate information on all variables
considered in the forecast application. We use both variants as potential alternatives to
the factor-backdating procedure described above.
The usefulness of the suggested approaches in forecasting is investigated in the remaining
part of the paper.

1.3
1.3.1

Forecasting Methods and Evaluation
Forecasting Methods

The forecasting methods used in this work are similar to those discussed by Stock and
Watson (1999), Marcellino (2004) and Brüggemann et al. (2008). Thus, only a brief
description of the different methods are given in the following.
4

We thank an anonymous referee for pointing this out.
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In our forecasting exercise, we are interested in forecasting the EMU aggregate of some
variables of interest h periods ahead. We denote this variable as ytEM U . Depending on
the integration properties of this variable, the forecasting model is either specified for the
EM U
level ytEM U or for the first difference ∆ytEM U = ytEM U − yt−1
. To make the forecast
h
,
errors comparable across both cases, we specify forecasting models for the variable yt+h
EM U
EM U
h
EM U
h
, when
where yt+h = yt+h , when the variable is stationary and yt+h = yt+h − yt
the variable is integrated of order one (I(1)). h denotes the forecasting horizon. All
considered forecasting methods can be written as
h
= f (Zt ; θht ) + εt+h ,
yt+h

where Zt is the vector of explanatory variables, θht is a vector of possibly time-varying
parameters and εt is an error term. The h-step ahead forecast is given by replacing the
unknown parameter vector θht by an estimate and hence,
h
ŷt+h
= f (Zt ; θ̂ht ),

and the h-step forecast error is
h
h
et+h = yt+h
− ŷt+h
= yt+h − ŷt+h .

(1.2)

We use h = 1, h = 2 and h = 4 as forecasting horizons. In the case of multi-step
predictions, we use the so-called ‘h-step ahead projection’, which is also known as the
‘direct forecast’ approach (see e.g. Clements and Hendry (1996)). In other words, different forecasting models are fitted for different forecasting horizons. In comparison to
the ‘iterated multi-step forecasts‘, the direct forecasting method is advantageous in the
context of nonlinear models as simulation from nonlinear models is avoided.
We use linear autoregressive models as well as nonlinear smooth transition regression
models. The model variants are briefly described in the following:
Autoregressions (AR). This simple linear forecasting method has the form
h
= µt + β 0 Zt + εt+h .
yt+h

If ytEM U is treated as a stationary variable, then Zt = (yt , . . . , yt−p+1 )0 , otherwise
Zt = (∆yt , . . . , ∆yt−p+1 )0 , where the superscript EM U has been dropped to simplify
the notation. In the deterministic component µt , a constant or a constant and a time trend
can be included. Three variants of lag lengths are considered: a fixed number of lags
p = 4; lag length selected by the Akaike Information Criterion (AIC) (0 ≤ p ≤ 4); lag
length selected by the Bayes Information Criterion (BIC) (0 ≤ p ≤ 4). As the variable
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ytEM U can be treated as stationary, or as I(1), or a unit root pre-test may be used, there are
18 model variants in this class. The different variants are denoted as A1-A18 and listed
in Panel A of Table 1.3.1.
Logistic smooth transition autoregression (LSTAR). This nonlinear forecasting
method is of the form
h
= α0 Zt + dt β 0 Zt + εt+h .
yt+h
As in the autoregressive models, Zt = (1, yt , . . . , yt−p+1 )0 if yt is treated as stationary or
Zt = (1, ∆yt , . . . , ∆yt−p+1 )0 if yt is integrated. The term dt is a logistic function dt =
1/[1 + exp(γ0 + γ1 ζt )]. The value of the so-called smoothing parameters γ1 determines
the shape of parameter change over time. For γ1 = 0, the model becomes linear, while
for large values of γ1 the model tends to a self-exciting threshold model, see e.g. Granger
and Teräsvirta (1993) and Teräsvirta (1998) for details. ζt is the transition variable and
in the considered variants it may depend on current and past yt . For models specified
in levels, the following five alternatives are used for ζt : ζt = yt ; ζt = yt−1 ; ζt = yt−3 ;
ζt = yt − yt−2 ; ζt = yt − yt−4 . The choice of the transition variable follows Marcellino
(2004). For models specified in first differences, the following five alternatives are used
for ζt : ζt = ∆yt ; ζt = ∆yt−1 ; ζt = ∆yt−3 ; ζt = yt − yt−2 ; ζt = yt − yt−4 . The lag length p
of the model is fixed 2 in some models, while in some other variants we use AIC and BIC
to select from a choice of models with p = 1, 2, 4 and all possible ζt mentioned above.
This gives a total of 12 different LSTAR model variants, denoted as L1-L12. The models
used are listed in Panel B of Table 1.3.1.

1.3.2

Forecasting Comparison

In this work we do not focus on the comparison of forecasting methods, but investigate
whether the AWM data or factor-backdated data is preferable for making forecasts. For
this purpose, we conduct a recursive pseudo-out-of-sample forecasting experiment and
look at forecasting precision at horizons h = 1, 2 and 4. In our experiment, the initial
estimation period ranges from 1970Q1 to 2002Q4 and forecasting evaluation is done over
the period 2003Q1 to 2010Q4. Thus, the initial estimation period has T1 = 132 observations and the forecasting period covers T2 − T1 = 32 quarters. To mimic the behavior of a
forecaster, the unit root pre-tests, model selection and estimation are repeated once a new
observation is added to the estimation period.
To compare the forecasting performance, the mean squared forecast error (MSFE) is used
as loss function. For forecast horizon h, model m and variable n with type of data j, the
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Table 1.3.1: Forecasting models
A. Linear models: Autoregressive models (18 variants)
A1
AR(4) in levels with constant
A2
AR(4) in levels with linear trend
A3
AR(4) in first differences with constant
A4
AR(4) in first differences with linear trend
A5
AR(4) with constant, pretested for unit root
A6
AR(4) with linear trend, pretested for unit root
A7
AR in levels with constant, AIC for lag length
A8
AR in levels with linear trend, AIC for lag length
A9
AR in first differences with constant, AIC for lag length
A10 AR in first differences with linear trend, AIC for lag length
A11 AR with constant, pretested for unit root, AIC for lag length
A12 AR with linear trend, pretested for unit root, AIC for lag length
A13 AR in levels with constant, BIC for lag length
A14 AR in levels with linear trend, BIC for lag length
A15 AR in first differences with constant, BIC for lag length
A16 AR in first differences with linear trend, BIC for lag length
A17 AR with constant, pretested for unit root, BIC for lag length
A18 AR with linear trend, pretested for unit root, BIC for lag length
B. Nonlinear models: Logistic smooth transition autoregressions (12 variants)
L1
LSTAR(2) in levels, transition var. yt
L2
LSTAR(2) in first differences, transition var. yt
L3
LSTAR(2), pretested for unit root, transition var. yt
L4
LSTAR(2) in levels, transition var. yt − yt−2
L5
LSTAR(2) in first differences, transition var. yt − yt−2
L6
LSTAR(2), pretested for unit root, transition var. yt − yt−2
L7
LSTAR in levels, AIC on transition var. and lag length
L8
LSTAR in first differences, AIC on transition var. and lag length
L9
LSTAR, pretested for unit root, AIC on transition var. and lag length
L10 LSTAR in levels, BIC on transition var. and lag length
L11 LSTAR in first differences, BIC on transition var. and lag length
L12 LSTAR, pretested for unit root, BIC on transition var. and lag length

MSFE can be defined as:
MSFEhn,m,j

TX
2 −h
1
(et+h,n,m,j )2 ,
=
T2 − T1 − h + 1 t=T

(1.3)

1

h
h
where the forecast error is et+h = yt+h
− ŷt+h
. To simplify the comparison, each
MSFE obtained from the factor-backdating approach, denoted as MSFEhn,m,F , will be
expressed relative to the MSFE obtained from models based on AWM data, denoted as
MSFEhn,m,AW M . Thus, if the relative MSFE is less than one, the forecasts based on factor
backdated data are more precise than forecasts based on AWM data. For all forecasting
models, the results were adjusted. That is, if a forecasted change exceeds in absolute
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value any change previously observed for that series, it will be replaced by a no-change
forecast.5

1.4

Data

Our forecasting comparison includes six Euro area macroeconomic variables on a quarterly frequency: real GDP (YER), the GDP deflator (YED), the consumer price index
(CPI)6 , the exchange rate against the US-Dollar (EER) and short- and long-term interest
rates (STN and LTN). The mnemonics correspond to those in the AWM database.
The first set of area-wide time series corresponds to data obtained from the AWM database
maintained at the Euro Area Business Cycle Network.7 As mentioned before, the AWM
data is based on cross-country aggregation of log-level variables with fixed weights. The
aggregation method is the one used in Fagan et al. (2001, 2005). This AWM data is now
in widespread use, e.g. within the ECB for estimating econometric models. It should be
noted, however, that the AWM database is not an official ECB database. Quarterly data
for the period from 1970Q1 to 2010Q4 are used in the following8 .
As an alternative we consider sets of time series obtained from variants of the backdating
procedure described in Section 1.2. For this procedure the individual member countries’
time series data are taken from the OECD quarterly national accounts database and are
available for a period from 1970Q1 to 2007Q4.9 We choose to use OECD data in order
to have fairly long time series with comparable data for the different countries. For the
interest rate variables STN and LTN missing observations are present such that the EM
algorithm is applied to construct a balanced panel.10
In the forecasting exercise below, we consider the log-transform of real GDP, the GDP
deflator, the consumer price index and the exchange rate, while short- and long-term interest rates are not transformed. Time series on the variables for all twelve considered
5

This adjustment was only needed in some of the nonlinear forecasting methods.
We use CPI rather than harmonized indices of consumer prices (HICP), as long time series for the latter
are not available.
7
http://www.eabcn.org.
8
The 11th update of the AWM database in 2011 is considered. This update extends the AWM data up
to 2010Q4. Time series plots of the series are given in Figure 1.A.1 of the Appendix 1.A. For illustrative
purposes, the Figure 1.A.1 depicts for each considered variable time series of the three largest Euro area
member states Germany, France and Italy. For some variables, like e.g. price measures and interest rates,
the time series plots reflect quite different developments in the three countries.
9
Twelve Euro-zone countries are considered: Austria, Belgium, Finland, France, Germany, Greece,
Italy, Ireland, Luxembourg, Netherlands, Portugal, Spain. The data are obtained via Thomson Datastream.
10
For the short-term interest rate STN, 56 missing values can be observed for Ireland from 1970Q1 to
1983Q4, 28 missing values for Spain from 1970Q1 to 1976Q4 and 4 missing for Italy values for the year
1979. For the long-term interest rate LTN, there are 108 missing observations for Greece from 1970Q1 to
1996Q4, 96 missing observations for Luxembourg from 1970Q1 to 1993Q4 and 4 missing observations for
Ireland in 1979.
6
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countries are characterized by trends and their is evidence that the series can be characterized as I(1) processes.11 Therefore, the first difference of the variables enters the vector
Xt , which after standardization is used to estimate the common factors.
In this study, the first backdating variant extracts factors from a set of country time series
data that consists only of the variable corresponding to the aggregate of interest. For
instance, when backdating area-wide real GDP the factors are extracted from a set Xt
that only includes real GDP growth from the member countries and no other variables are
taken into account. We refer to this backdating variant as F1 backdating (or F1 data) in
the following. Since in the factor approach Xt may also include many other variables as
well, in the second variant we extract the factors used in backdating from all considered
variables using data from the twelve EMU member countries. For example, for the factor
backdating of the variable real GDP, the factors are extracted by considering all the six
variables YER, YED, CPI, EER, STN and LTN from 12 countries.12 This backdating
variant is referred to as F2 backdating (F2 data) in the following.
The number of factors (principle components) K used in backdating has to be determined
in practical applications. When using the information criteria proposed by Bai and Ng
(2002), we find that all three criteria suggest the maximum number of factors in the F1
backdating variant. Given the relatively low number of time series in Xt , this does not
seem to be a useful choice. Therefore, we decided to explore the cumulative percentage of
the variance in Xt that is explained by the principle components. Detailed results can be
found in Table 1.B.1 of Appendix 1.B. Clearly, there is some variation in the percentage
of explained variance over the different variables. For instance, the first factor extracted
from the 12 EMU time series on real GDP growth (YER) accounts for not more than
28.1% of the total variation, which might reflect the fairly heterogeneous developments
in the real economies of the Euro area member states. In contrast, for the exchange rate
variable EER 83.6% of the variation can be explained by its first factor, which may be due
to the German dominance within the European Monetary System (EMS). We decided to
use two factors in F1 backdating for each of the variables and this choice ensures that for
each variable at least 35% of the total variance in the respective data set is explained.
When all (N = 12 × 6) variables are considered in the F2 variant, the first two factors
explain 16.7% and 12.1% of the total variation, respectively (cf. column (7) in Table 1.B.1
of pendix 1.B). In line with the choice in the F1 variant, we decided to use two factors in
F2 backdating.13
11

A formal unit root analysis has been conducted and the results are available on request.
For the variable YED only 11 countries data are available. For Greece, GDP deflator data is not
available in standard databases.
13
One exception is the exchange rate variable EER, for which three factors are used to avoid negative
values in the backdated data. In the F2 variant, we also used the criteria by Bai and Ng (2002). They
typically suggested a slightly larger number of factors that used here.
12
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Figure 1.4.1: Euro area time series and factor-backdated time series
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Note: Euro area time series for real GDP (YER), the GDP deflator (YED), the consumer price index (CPI),
the exchange rate (EER) and long- and short-term interest rates (LTN and STN). Area-wide model series
(solid lines), factor-backdated time series F1 using factors extracted from only one variable (short dashed
line), and factor-backdated time series F2 using factors from all variables (long dashed lines).

The factor backdating procedure described in Section 1.2 is applied for the six mentioned
variables, where factor extraction is over the period 1970Q1-2002Q4 and the corresponding backdating is for the period 1970Q1-1998Q4. The forecasting covers the period from
2003Q1 to 2010Q4. As we treat all variables as I(1), the backdating is done on the first
differences of the respective variables. From the backdated changes (and growth rates)
we compute the respective level of the time series. This approach gives two sets of six
factor-backdated Euro area time series and plots of these series are given in Figure 1.4.1.
Comparing the area-wide series from the AWM database with those obtained by the factor
backdating procedure (see Figure 1.4.1) shows that for the pre-Euro period both methods
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lead to time series that have similar trending behavior. Nevertheless, the medium and
short-term fluctuations are typically quite different, which in turn may have an impact on
the forecasting performance. From 1999Q1 onwards, time series from both approaches
are identical because both use actual Euro area data.
We also use backdated time series from two additional variants of the backdating methods
that take into account additional information compared to variants F1 and F2. To be more
precise, we provide some additional results for backdated time series which are obtained
by including additional information on subcomponents of GDP and CPI. In particular,
the variant F3 is obtained by adding to the data used in F1, either subcomponents of
CPI (food, energy, non-food and non-energy) or subcomponents of real GDP (private
final consumption, government final consumption, gross fixed capital formation and net
exports) from each country. In this variant, we only use the subcomponents of GDP
when backdating GDP and only subcomponents of CPI when backdating CPI. Variant
F4 is obtained in a similar way by adding the subcomponents of both, GDP and CPI, to
the data used in F2. There are number of missing observations in the time series of the
subcomponents and we use the EM algorithm to cope with this problem.14 Apart from
using a larger panel of time series for factor extraction, the backdating variants F3 and F4
are implemented as described above.
Another alternative set of backdated time series is obtained by using the EM algorithm
as described in Section 1.2 for backdating the data directly. For this approach, we start
with a panel of time series that not only includes the disaggregated series from the individual countries but also the series for the EMU aggregate(s). Using data until 2002Q4,
we extrapolate the missing observations for the EMU aggeregate(s) for the period from
1970-1998 using the EM algorithm (based on a factor model with K = 2 factors). The
first variant, referred to as EM1, uses a panel that consists of aggregate and disaggregate
information of the variable to be predicted. In contrast, variant EM2 uses data on all
aggregate and all disaggregate variables considered in the forecast application.

1.5

Results

To structure the discussion of our results, we show detailed results for two key variables,
real GDP and the consumer price index, in main text. For the other variables, we only
provide a brief summary of results here, while a more detailed discussion can be found in
Appendix 1.C. Results from our forecasting comparison are mainly presented in graphical
form. Figure 1.5.1 shows the results for real GDP and the consumer price index. For each
14

The precise definition of subcomponents together with an account of which observations are missing
are available from the authors on request.
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variable and forecasting model variant (see Table 1.3.1), we report the MSFE of the model
based on factor-backdated data relative to the MSFE of the corresponding model based
on AWM data. Results for forecasting horizons h = 1, 2 and 4 are reported in the upper,
middle and bottom panel of the corresponding column in Figure 1.5.1, respectively. The
black bars refer to factor-backdating based on factors extracted from EMU country data
on the variable to be predicted (F1 variant), while bars with diagonal cross-hatches refer
to factor-backdating based on all six variables (F2 variant). The AWM database with data
up to 2010Q4 is used. The forecasting evaluation period starts in 2003Q1.
The left column of Figure 1.5.1 shows the results for real GDP (YER). For h = 1, the
overall forecasting performance of models using factor-backdated data tends to be better than for models based on AWM data. Compared to using AWM data, both factorbackdating variants lead to sizable gains in forecasting precision in all considered linear
model specifications (Models 1 to 18). Interestingly, in these linear models using the
backdating variant F2, i.e. using more variables in factor extraction, leads to consistently
lower MSFEs than using the F1 backdating. Obviously, taking more information into account helps to increase the forecasting precision at short horizons. We also note that using
the factor-backdated data leads to substantial gains in forecasting precision in most of the
nonlinear forecasting models. For h = 2, using factor-backdated data leads to smaller
MSFEs (compared to using AWM data) in a number of linear and nonlinear forecasting
models. For the linear models we find, however, also some relative MSFEs around one
indicating that both data variants perform equally well in predicting the real GDP. Gains
tend to be larger in nonlinear models when using the backdating variant F1, possibly
pointing to some nonlinearities in the underlying DGP. For horizon h = 4, we again find
that the use of factor-backdated data variant F1 is beneficial with some sizable gains in
forecasting precision in most of the forecasting models.
The results for the consumer price index (CPI, see right column of Figure 1.5.1) indicate
that using the factor-backdating variant F2 leads to notably higher forecasting accuracy
than using AWM data in all considered linear autoregressive specifications and at all forecasting horizons. In contrast, sizable gains for the F1 backdating variant are only observed
at h = 1. For larger prediction horizons, these gains tend to disappear. For the nonlinear
forecasting models the results are less clear-cut. While some gains of using backdated
data are visible for some model specifications, we also find some nonlinear models where
using AWM data leads to more precise forecasts. This suggests that careful model selection is particularly important in nonlinear models. Overall, using the factor-backdated
data based on all variables (variant F2) in combination with linear models for the CPI
seems to be beneficial with substantial gains in MSFEs at both, short and long prediction
horizons.
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Briefly summarizing the results for the remaining variables, we find some gains of using
factor-backdated data based on only one variable (variant F1) at all forecasting horizons
for the long-term interest rate (LTN) and at short horizons for the GDP deflator (YED). For
the exchange rate (EER) and the short-term interest rate (STN) using backdated data or the
AWM data leads typically to similar forecasting performance. Interestingly, we also find
that using the F2 variant often leads to larger MSFEs compared to F1 backdating. More
detailed results together with a comprehensive discussion may be found in Appendix 1.C.
Table 1.5.1 shows for each of the considered variables and for each forecasting horizon
the three best performing model/data variants together with the corresponding relative
MSFEs. Note that we have now used the same benchmark model for all models in order
facilitate the comparison across different specifications. The benchmark is an AR(4) with
a constant, specified in levels for the variable using AWM data. This is an alternative way
to summarize the results of our forecasting comparison and can be employed to judge
the usefulness of the factor-backdating approach. The results in Table 1.5.1 indicate,
for instance, that at all horizons, the three best forecasting models for real GDP and the
long term interest rate are models that use factor-backdated pre-Euro data. In line with the
results discussed above, we find that the best forecasting models for the long-term interest
rate are those based on the backdating variant F1. In addition, we find for all variables
(with the exception of the GDP deflator) that the best performing models at forecasting
horizon h = 1 is based on factor-backdating data. Thus, using factor-backdated data for
the pre-Euro period is a useful strategy when forecasts with short horizons are of interest.
We have conducted a number of robustness checks in our analysis. First, for both, F1 and
F2 backdating, we tried different number of factors in backdating. Of course, this leads to
some changes in the forecasting results but the overall results are similar to those reported
above and are therefore not discussed here. Moreover, we have also used different splits
into estimation and forecasting evaluation periods. We note some smaller changes but
again the overall results are similar to the ones discussed above. Thus, for the sake of
brevity, we have not included them here.
We have repeated the forecasting comparison, now also using the variants F3 and F4 for
backdating. As explained in Section 1.4, these two backdating variants use additional
times series on the subcomponents of GDP and CPI when extracting the factors. To keep
the discussion brief, we focus only on the forecasting results for real GDP and CPI and
report results only for a small selection of linear models in Table 1.5.2, which we think
are reasonable alternative models for the considered time series. The results in column (3)
of Table 1.5.2 indicate that variant F3 (extracting the factors series just from disaggregate
series and the subcomponents of the variable to be predicted) typically does not improve
the forecasting accuracy compared to the F1 variant that does not use the subcomponents.
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In contrast, for GDP forecasts extracting the factors from a panel of series including the
subcomponents of GDP and CPI together with all disaggregated series leads typically to
slightly better forecasts than the F2 variant without using the subcomponents. We note,
however, that the gains shown are only observed for real GDP, while for all other variables taking into account the subcomponents does not improve over the F1 or F2 variant
(corresponding results not shown for the sake of brevity). This pattern is also observed
for other model variants and thus the corresponding results are omitted to conserve space.
In addition, we also looked at forecasting precision when factor-backdating is entirely
based on the EM algorithm. The last two columns of Table 1.5.2 show again only selected
results for real GDP and CPI. Results in column (5) show that using EM1, i.e. using the
EM algorithm only on a panel that consists of the aggregate and disaggregate information
of the variable to be predicted, does generally not outperform the backdating variant F1.
Results for EM2, i.e. using the EM approach on a panel with aggregate and country information on all six variables considered in our forecast application are shown in column (6).
For real GDP we observe some gains in forecasting precision compared to the F2 variant, while for CPI there is typically no improvement from using EM2. We omit detailed
results for other model variants and other variables but mention that EM2 only leads to
gains for real GDP. For the other variables (GDP deflator, exchange rate and interest rates)
using the EM approach leads to inferior forecasts compared to the backdating variants F1
and F2.
Finally, we have also compared our forecasting results from the backdating procedure
with forecasts obtained from a standard factor model forecasts based on AWM data. Since
the main focus of this paper is on backdating, we have omitted detailed results on the
factor forecasts here and only describe the main findings.15 As expected, adding factors
to the forecasting model directly typically improves forecasting accuracy relative to the
corresponding linear benchmark AR using AWM data. Interestingly, however, the factor
forecasts do not generally outperform forecasts obtained from AR models using factorbackdated data. Thus, the single index restriction implied by the backdating procedure
does not adversely affect the forecasting precision in general, although for some variables
gains from using the factors as predictors directly are visible.
Overall, our results indicate that for some key variables like the real GDP, the CPI inflation
rate and the long-term interest rate using factor-backdated data for the pre-Euro period is
a useful strategy when forecasts are of interest.

15

Detailed results on all robustness checks are available from the authors on request.
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Figure 1.5.1: Results from forecasting comparison

Note: Results from forecasting comparison for real GDP (YER) and the consumer price index (CPI). MSFEs of models using factor-backdated data relative to corresponding model with AWM data. The bars
correspond to results from the 18 linear and 12 nonlinear forecasting model variants ordered as in Table
1.3.1. Black bars refer to factor-backdating based on only one variable (variant F1), while bars with diagonal cross-hatches refer to factor-backdating based on all variables (variant F2). Sample period: 1970Q12010Q4. Forecast evaluation period: 2003Q1-2010Q4.
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Table 1.5.1: Best three performing forecasting models/data variants

Variable
YER

YED

CPI

EER

LTN

STN

Model
L4
L10
A7
L7d
L7
A1
L8i
A4j
A3k
L7l
L1o
L5
A2s
A3u
L7
L4
A2
A8

h=1
Data
F1
F1
F2
F1
AWM
AWM
F2
F2
F2
F2
F1
F1
F1
F1
F1
F2
F1
F1

MSFE
0.536
0.654
0.804
0.994
0.999
1.000
0.553
0.584
0.589
0.878
0.921
0.938
0.801
0.844
0.845
0.842
0.849
0.851

Model
L5a
L11b
L8c
A1e
A4
A1h
L10
L1
L1
L1m
L10p
L4r
A2
A8v
A3w
A2
A8z
A8aa

h=2
Data
F1
F1
F1
F1
F2
AWM
F2
AWM
F2
F1
F2
F2
F1
F1
F1
F1
F1
AWM

MSFE
0.664
0.711
0.784
0.988
0.999
1.000
0.672
0.690
0.692
0.687
0.750
0.775
0.712
0.748
0.814
0.760
0.771
0.789

Model
A14
A1
A8
L7f
A1g
L7
L10
L1
L10
L7n
L1q
L10
A8t
A2
A3x
A8y
A2
A8bb

h=4
Data
F1
F2
F1
AWM
AWM
F1
F2
F2
AWM
F1
F1
F1
F1
F1
F1
F1
F1
AWM

MSFE
0.870
0.881
0.885
0.983
0.999
1.000
0.525
0.544
0.560
0.612
0.664
0.715
0.638
0.639
0.768
0.622
0.624
0.666

Note: AWM denotes aggregated area-wide model data, F1 denotes factor-backdated data based on factors
extracted only from EMU country data on the variable mentioned in the respective row (F1 variant) and F2
denotes factor-backdated data based on factors from using EMU country data on all variables mentioned
in table. Entries in column ‘MSFE’ are MSFEs relative to benchmark model. The benchmark is an AR(4)
with constant based on AWM data. Model names correspond to those from Table 1.3.1. YER is real GDP,
YED is the GDP deflator, CPI is the consumer price index, EER is the exchange rate against the US-Dollar,
and LTN and STN denote long- and short-term interest rates. Sample period: 1970Q1-2010Q4. Forecast
evaluation period: 2003Q1-2010Q4.
a
L6 leads to same MSFE. b L12 leads to same MSFE. c L9 leads to same MSFE. d L10 leads to same MSFE.
e
A7 leads to same MSFE. f L10 leads to same MSFE. g A7 and A13 lead to same MSFE. h A7 and A13 lead
to same MSFE. i L9 leads to same MSFE. j A10 leads to same MSFE. k A5, A6, A9, A11, A15, A17 and
A18 lead to same MSFE. l L9 leads to same MSFE. m L3 leads to same MSFE. n L9 leads to same MSFE.
o
L3 leads to same MSFE. p L12 leads to same MSFE. r L6 leads to same MSFE. s A8 leads to same MSFE.
t
A14 leads to same MSFE. u A5, A6, A9, A11 and A12 lead to same MSFE. v A14 leads to same MSFE.
w
A5, A6, A10, A11 and A12 lead to same MSFE. x A5, A6, A9, A11 and A12 lead to same MSFE. y A14
leads to same MSFE. z A14 leads to same MSFE. aa A14 leads to same MSFE. bb A14 leads to same MSFE.
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Table 1.5.2: MSFEs of models using different factor-backdated data relative to corresponding model with AWM data

horizon

model

(1)
F1

(2)
F2

h=1

A8
A9
A8
A9
A8
A9

0.816
0.961
0.840
0.996
0.652
0.887

0.731
0.884
0.782
1.001
0.748
1.138

A8
A9
A8
A9
A8
A9

0.877
0.886
1.033
0.977
1.058
0.972

0.734
0.816
0.794
0.830
0.671
0.731

h=2
h=4

h=1
h=2
h=4

(3)
(4)
F3
F4
real GDP (YER)
0.943 0.766
0.950 0.857
0.997 0.829
1.008 0.987
1.120 0.738
1.061 0.762
CPI
0.861 0.885
1.014 1.107
1.036 1.040
1.036 1.072
1.059 1.040
1.008 0.991

(5)
EM1

(6)
EM2

0.849
0.881
0.974
0.968
1.070
1.017

0.689
0.788
0.746
0.916
0.727
1.024

0.914
0.889
1.066
0.960
1.122
0.944

0.747
0.853
0.787
0.831
0.603
0.731

Note: Entries show MSFEs of models using differently backdated data relative to corresponding
model with AWM data. F1 denotes factor-backdated data based on factors extracted only from
EMU country data on the variable mentioned in the respective column (F1 variant), F2 denotes
factor-backdated data based on factors from using EMU country data on all variables mentioned in
Table 1.3.1. F3 uses subcomponents of GDP and CPI, respectively, in addition to data used for F1.
F4 uses data on subcomponents of both GDP and CPI in addition to data used for F2. EM1 and
EM2 are using the EM algorithm for backdating as explained in Section 1.2. A8 and A9 are the
forecasting models from Table 1.3.1. Sample period: 1970Q1-2010Q4. Forecast evaluation period:
2003Q1-2010Q4.
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Conclusion

In this paper we have suggested to use a factor model based backdating procedure to
construct historical Euro area macroeconomic time series data for the pre-Euro period. We
argue that this is a useful alternative to standard contemporaneous aggregation methods
as it may be used in situations where time series data from some cross-sectional units is
missing or not available in the desired quality. Against the background of future EMU
enlargement and the doubtful quality of historical data in some of the future member
countries, the factor-backdating procedure may be an attractive and useful alternative to
standard aggregation methods.
We have conducted a recursive pseudo-out-of-sample forecasting experiment to investigate for a number of Euro area variables whether forecasts based on the factor-backdated
data are more precise than those obtained with standard AWM data. Our results suggest that some key variables like real GDP, long-term interest rates and CPI inflation can
indeed be forecasted more precisely with the factor backdated data.
Overall, our results indicate that for some important variables the factor-backdating procedure is a valuable method to construct time series data for the Euro area.
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Time series plots
Figure 1.A.1: AWM Euro area time series
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Note: AWM Euro area time series (solid lines) for real GDP (YER), the GDP deflator (YED), the consumer
price index (CPI), the exchange rate (EER) and long- and short-term interest rates (LTN and STN) from
1970Q1 to 2010Q4. The dotted lines show time series plots of the corresponding variables for the three
largest EMU member countries Germany, France and Italy from 1970Q1 to 2007Q4.
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Additional table

Table 1.B.1: Percentage of explained variance for the first 10 factors

Factor
1
2
3
4
5
6
7
8
9
10

(1)
YER
0.281
0.098
0.095
0.091
0.080
0.072
0.068
0.053
0.051
0.040

factor-extraction F1
(2)
(3)
(4)
(5)
YED CPI
EER LTN
0.233 0.398 0.836 0.453
0.182 0.183 0.077 0.103
0.113 0.091 0.025 0.092
0.098 0.077 0.018 0.064
0.087 0.054 0.013 0.059
0.069 0.053 0.011 0.055
0.062 0.040 0.008 0.045
0.049 0.028 0.006 0.043
0.046 0.024 0.005 0.034
0.036 0.020 0.002 0.023

(6)
STN
0.340
0.124
0.098
0.084
0.079
0.067
0.056
0.053
0.042
0.029

factor extraction F2
(7)
ALL
0.167
0.121
0.096
0.058
0.040
0.031
0.030
0.026
0.024
0.023

Note: Entries show the percentage of explained variance in the data sets due to the first 10
principle components. Column (1) to (6) show results for factors extracted only from EMU
country data on the variable mentioned in the respective column (F1 variant). Column (7)
shows results for data set that includes EMU country data on all six variables mentioned
in columns (1) to (6) (F2 variant). YER is real GDP, YED is the GDP deflator, CPI is the
consumer price index, EER is the exchange rate against the US-Dollar, and LTN and STN
denote long- and short-term interest rates. Sample period for factor extraction: 1970Q12002Q4.
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Additional results

This section provides more detailed results for the GDP deflator (YED), the exchange rate
(EER), the long-term interest rate (LTN), and the short-term interest rate (STN).
Figure 1.C.1 shows the results for the GDP deflator (YED). For h = 1 and h = 2, the
forecasting performance of linear models using factor-backdated data from variant F1
is slightly better than of models using the AWM data in most specifications. Also note
that for this variable using more information in the F2 backdating variants does lead to
slightly larger MSFEs compared to the F1 variant. Moreover, the use of factor-backdated
data does not seem to be beneficial if the forecasts are based on nonlinear models. In
fact, using the F2 backdating variant leads to inferior forecasts in almost all nonlinear
forecasting models. At forecasting horizon h = 4, the different data variants almost all
lead to comparable forecasting accuracy. Exceptions are the models 4, 10, and 16, which
are AR models in first differences of the log price deflator with a linear trend. This model
implies that the quarterly GDP deflator inflation rate has a linear deterministic trend and
these AR models perform quite well in predicting the GDP deflator using factor-backdated
data. Most likely these specifications pick up the downward trend in the GDP deflator
inflation rate during the EMU run-up period and may therefore lead to large gains in
forecasting precision.
For the exchange rate variable (EER, see Figure 1.C.2) using the factor-backdated data
is generally not beneficial in linear models when the focus is on the short forecasting
horizons h = 1 and h = 2. Most of the relative MSFEs are around one, indicating that
both data variants perform equally well in predicting the exchange rate. Interestingly,
some of the nonlinear LSTAR variants with backdated time series outperform their AWM
counterparts. These results are more clear-cut at higher forecasting horizons. For h = 4,
using factor-backdated data is beneficial with substantial reductions in MSFE in some of
the forecasting models, especially in the nonlinear ones. In forecasting the exchange rate,
the two backdating variants lead generally to very comparable forecasts and there is not
much to choose here.
For the long term interest rate (LTN) (see Figure 1.C.3) we find for all forecasting horizons
that using factor-backdated data based on only one variable (variant F1) gives more precise forecasts than using their AWM data counterparts in almost all considered forecasting
models. Exceptions are only visible for some of the nonlinear prediction models. We also
observe that using more information in the backdating variant F2 leads to larger MSFEs
compared to the F1 backdating. This may indicate that the key information is already
contained in the long-term interest rate series of the EMU countries. If the information
on the other variables is not relevant for the long-term interest rate, then adding these additional variables to the larger data set used in factor extraction may add some noise and
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the key information useful for interest rates can no longer be extracted precisely enough
from the larger data set (see Boivin and Ng (2006) for a related discussion).
Figure 1.C.4 shows the results for the short-term interest rate (STN). For all prediction
horizons most of the MSFEs are around one, so the backdated data and the AWM data
have similar forecasting performance and nothing is gained by using the backdated data.
Some nonlinear variants with backdated data lead to rather large relative MSFEs at h = 1.
This points to the fact that the corresponding model is not well specified and highlights
the need of careful model specification when using nonlinear models in forecasting.
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Figure 1.C.1: Results from forecasting comparison for GDP deflator (YED)

Note: MSFEs of models using factor-backdated data relative to corresponding model with AWM data. The
bars correspond to results from the 18 linear and 12 nonlinear forecasting model variants ordered as in Table
1 of the main paper. Black bars refer to factor-backdating based on only one variable (variant F1), while
bars with diagonal cross-hatches refer to factor-backdating based on all variables (variant F2). Sample
period: 1970Q1-2010Q4. Forecast evaluation period: 2003Q1-2010Q4.
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Figure 1.C.2: Results from forecasting comparison for the exchange rate (EER)

Note: MSFEs of models using factor-backdated data relative to corresponding model with AWM data. The
bars correspond to results from the 18 linear and 12 nonlinear forecasting model variants ordered as in Table
1 of the main paper. Black bars refer to factor-backdating based on only one variable (variant F1), while
bars with diagonal cross-hatches refer to factor-backdating based on all variables (variant F2). Sample
period: 1970Q1-2010Q4. Forecast evaluation period: 2003Q1-2010Q4.
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Figure 1.C.3: Results from forecasting comparison for long-term interest rate (LTN)

Note: MSFEs of models using factor-backdated data relative to corresponding model with AWM data. The
bars correspond to results from the 18 linear and 12 nonlinear forecasting model variants ordered as in Table
1 of the main paper. Black bars refer to factor-backdating based on only one variable (variant F1), while
bars with diagonal cross-hatches refer to factor-backdating based on all variables (variant F2). Sample
period: 1970Q1-2010Q4. Forecast evaluation period: 2003Q1-2010Q4.
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Figure 1.C.4: Results from forecasting comparison for short-term interest rate (STN)

Note: MSFEs of models using factor-backdated data relative to corresponding model with AWM data. The
bars correspond to results from the 18 linear and 12 nonlinear forecasting model variants ordered as in Table
1 of the main paper. Black bars refer to factor-backdating based on only one variable (variant F1), while
bars with diagonal cross-hatches refer to factor-backdating based on all variables (variant F2). Sample
period: 1970Q1-2010Q4. Forecast evaluation period: 2003Q1-2010Q4.
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Introduction

The challenge of forecasting macroeconomic aggregate variables is gaining increasing
importance with the creation of European Monetary Union (EMU). Many Euro area economic series are contemporaneous aggregates of disaggregate country-specific variables.
In some real-life situations the forecaster encounters the problem of choosing an appropriate econometric procedure to forecast a contemporaneously aggregated variable. Traditionally, the aggregate variable can be forecasted by specifying a time series model for
this aggregate variable, where the forecast is then computed by using only the historical
values of this aggregate variable. In this approach, none of the disaggregate components
is considered. Another approach builds a separate time series model for each disaggregate
variable and forecasts the disaggregate variables first. The forecast of the aggregate variable is then computed by pooling the disaggregate forecasts together. In this approach,
the aggregate variable itself is not considered. Choosing between these two strategies is
not an easy task in real forecasting applications.
The theoretical literature provides inconclusive results regarding the ranking of these two
approaches (Lütkepohl (2010)). In practice, in forecasting four macroeconomic Euro
area aggregate variables over the period 1982-1997, Marcellino et al. (2003) find that
pooling country-specific forecasts produces the most accurate forecasts for the aggregate
variables. Hubrich (2005), however, shows that forecasting the Euro area year-on-year
inflation using only the aggregate data results in higher forecast accuracy. In the course
of further developments in this discussion, Hendry and Hubrich (2006, 2011) show analytically that taking disaggregate variables or information into account in the forecasting
model should be helpful for reducing the forecast mean squared error. However, this improvement in the forecast accuracy can be effected by estimation uncertainty and model
selection. Based on the analysis for aggregates with time-varying weights, Lütkepohl
(2011) and Brüggemann and Lütkepohl (2013) also point out that incorporating disaggregate information contained in the stochastic weights in the forecasting model will generally lead to forecast improvements.
Including all disaggregate variables is often inappropriate since too many parameters have
to be estimated, which makes the forecast inefficient. This paper focuses on how to include the relevant disaggregate variables in the forecasting model which originally uses
only the lags of the aggregate variable. One popular existing approach of exploiting the
high-dimensional disaggregate data is the factor method that summarizes the information
contained in a large number of series in just a few unobservable common factors. If the
factors can be estimated accurately and precisely, then forecasting an aggregate using
disaggregate variables as an additional source of information is obtained by using the estimated factors as additional predictors. Another way of exploiting the high-dimensional

Chapter 2: Forecasting aggregates with boosting

40

disaggregate data is to select observed variables as predictors from a large feasible set
which are most relevant in predicting an aggregate of interest. This paper suggests to use
boosting as such a variable selection device.
Boosting stems from the machine learning and biostatistics literature for analyzing highdimensional data and has proven to be very competitive in terms of prediction accuracy
(Bühlmann and Hothorn (2007)). Until now, there are some applications in the macroeconometric forecasting literature. Bai and Ng (2009) use boosting to select the most
relevant predictors in the factor-augmented forecasting model. The results indicate that
some form of the boosting procedure outperforms the standard factor-augmented forecasts. Buchen and Wohlrabe (2011) evaluate the forecasting performance of boosting and
compare it with the forecast combination schemes and dynamic factor models. Using the
same data presented in Stock and Watson (2006) they find that boosting is a viable and
computationally efficient approach to improve the forecasting accuracy. In the later work
(Wohlrabe and Buchen (2014)) they confirm this result by examining the data for the
United States, the Euro area and Germany. By investigating the forecasting performance
of multivariate models, Carriero et al. (2011) also include multivariate boosting in their
forecast comparison. They show that boosting performs best in forecasting CPI inflation
one month ahead. Robinzonov et al. (2012) apply different boosting strategies on nonlinear autoregressive time series and find that boosting of high-order autoregressive time
series is very competitive in terms of function estimation, and forecasting with boosting
may successfully improve the forecasting quality of the German industrial production. In
a related exercise, Taieb and Hyndman (2014) propose a new forecasting strategy for producing multi-step forecasts which uses boosting to avoid the difficult choice between the
iterated and direct forecasts. They demonstrate from theoretical and empirical perspective
that their method is quite attractive for the multi-step forecasting.
In terms of forecasting an aggregate variable, the boosting method has the advantage
that it allows us to select, among a large number of disaggregate variables, the predictors
which are most relevant in predicting the aggregate. In this paper, we investigate the properties of boosting as a selection device by conducting simulation experiments that mimic
the empirical problem of selecting disaggregate components. The alternative approach,
the factor method, performs a dimension reduction as well. However, it estimates only
the information contained in the disaggregate variables and uses unobservable factors as
predictors.
To evaluate the empirical forecasting performance of boosting, this paper compares the
performance of the forecasting model which uses the boosting method to select relevant
disaggregate variables with other three commonly used models in forecasting an aggregate: the forecast of an aggregate based only on the lagged values of this aggregate vari-
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able, forecasting the disaggregate variables first and then aggregating all the disaggregate
forecasts and including the disaggregate information summarized in factor series in the
forecasting model. The main purpose of this study is to answer two empirical questions:
First, does using disaggregate information or variables as additional predictors in the forecasting model improve the forecasting performance? Second, can boosting help to select
the most relevant disaggregate variables which can be incorporated in the forecasting
model? In the empirical application to the Euro area macroeconomic key variables such
as real GDP and consumer price index, we find that substantial improvements in terms
of forecasting accuracy can be achieved when using the relevant disaggregate variables
selected by the componentwise boosting as additional predictors in the forecasting model
based on the historical values of the aggregate.
The structure of the remaining paper is organized as follows. Section 2.2 describes briefly
the commonly used forecasting models for an aggregate variable. Section 2.3 outlines
the boosting procedure, especially the componentwise boosting. The simulation study
is discussed in Section 2.4. Section 2.5 describes the empirical analysis and Section 2.6
concludes.

2.2

Forecasting strategies for an aggregate variable

In this section three different forecasting models which can be used to forecast an aggregate variable are described and discussed. Consider a univariate aggregate variable of
interest ytAGG which can be defined as the weighted sum of N disaggregate component
variables xt = (x1,t , . . . , xN,t )0 . Thus, the contemporaneous aggregation relationship can
be written as
ytAGG = w0 xt = w1 x1,t + . . . + wN xN,t ,
P
where w = (w1 , . . . , wN )0 is the weighting vector with fixed values1 : wi > 0 and wi =
AGG
1 for i = 1, . . . , N . The value of the aggregate variable h periods ahead yt+h
should be
predicted. The optimal forecast at horizon h is the conditional mean:
AGG
AGG AGG AGG
= E[yt+h
|yt , yt−1 , . . . , x1,t , x1,t−1 , . . . , xN,t , xN,t−1 , . . .].
yt+h|t

It is assumed that necessary transformations are taken so that yt and xt are stationary
series.
AGG
To obtain the multi-period ahead forecast yt+h|t
, a separate time series model for each
1

Brüggemann and Lütkepohl (2013) investigate forecasting aggregate variables with time-varying aggregation weights. This case is not considered in this paper.
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forecasting horizon is estimated. Then the forecast is computed directly by using the
estimated model.

Univariate forecast of the aggregate
To forecast the aggregate, the most commonly used technique is the univariate autoregressive model:
ytAGG

= ch +

p
X

AGG
αj yt+1−j−h
+ εt .

j=1

p denotes the number of the lags of the aggregate variable ytAGG . Using the information set
available until the period t, the parameters ch and αj (j = 1, . . . , p) can be estimated by
the ordinary least squares method (OLS). The estimated forecast of the aggregate variable
can be computed as:
AGG
ŷt+h|t

= ĉh +

p
X

AGG
α̂j yt+1−j
.

j=1

This forecasting model does not take any disaggregate variables or information into account. The predictors are only the p lagged values of the aggregate. We refer to this
method as AR in the following.

Aggregation of disaggregate forecasts
This approach estimates first for each disaggregate variable x1 , . . . , xN the univariate autoregressive model:
xi,t = ci,h +

pi
X

αij xi,t+1−j−h + εi,t ,

j=1

where i = 1, . . . , N . pi denotes the lags of the disaggregate variable xi,t . Thus N individual forecasts for N disaggregate variables can be obtained with the estimated coefficients:
x̂i,t+h|t = ĉi,h +

pi
X

α̂ij xi,t+1−j , i = 1, . . . , N.

j=1

Then these forecasts are aggregated using the weighting vector w to construct the forecast
of ytAGG :
AGG
ŷt+h|t
= w1 x̂1,t+h|t + . . . + wN x̂N,t+h|t .
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This forecasting method is referred to as FD in the following.

Direct forecast using disaggregate information summarized in factors
A widely discussed method to extract the information contained in a large number of
predictors uses a factor model which has been proposed in Stock and Watson (2002a,b).
In their approach, the information contained in the N -dimensional stationary disaggregate
variables xt = (x1,t , . . . , xN,t )0 can be summarized by a small number of r unobserved
common factors Ft and an idiosyncratic part:
xt = ΛFt + et ,

t = 1, . . . , T.

Λ is a N × r matrix of factor loadings, Ft is the r × 1 vector of common factors and et is
an N × 1 vector of idiosyncratic components.
The forecast for the aggregate variable ytAGG by using factors as additional predictors can
be carried out in a two-step process. In the first step, principal components of x̃t are
calculated as estimated factors. x̃t is obtained by standardizing the disaggregate variables
xt = (x1,t , . . . , xN,t )0 to have zero mean and unit variance (Stock and Watson (2002b)).
The choice of the number of factors r may be based on the proposed information criteria of
Bai and Ng (2002) or on the fraction of total variance in x̃t explained by the first r factors.
Thus, r estimated factors can be obtained from this step. Stock and Watson (2002a) show
that under mild conditions the principal components of x̃t are consistent estimators of the
true unobservable factors. In the second step, the disaggregate information contained in
the estimated factors serves as explanatory variables in the model:
ytAGG

= ch +

p
X

AGG
αi yt+1−i−h

i=1

+

pi
r X
X

βi F̂i,t+1−j−h + εt .

i=1 j=1

AGG
The h-step-forecast ŷt+h|t
can be then obtained with the estimated coefficients:

AGG
= ĉh +
ŷt+h|t

p
X
i=1

AGG
α̂i yt+1−i
+

pi
r X
X

β̂i F̂i,t+1−j .

i=1 j=1

This forecasting model (referred to as FF1) has the advantage that it considers information
from both, the aggregate variable (through the lags of the aggregate) and its disaggregate
components (through the factors).
Since the target variable ytAGG is aggregated by using the disaggregate variables, it may be
interesting to check whether taking only factors extracted from the disaggregate variables
into account is helpful for improving the forecasting performance, thus the second model
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variant which has the following form can be considered (FF2):
ytAGG

= ch +

pj
r X
X

βi F̂i,t+1−j−h + εt .

i=1 j=1

The lagged values of the aggregate variable are excluded in the forecasting model. Only
the estimated factors are considered as predictors.

2.3

The boosting method

This paper suggests to use the boosting method to select a small subset of the most relevant
predictors from a large set of candidate variables. Starting point is a forecasting model
which has the following form:
ytAGG = ch +
= ch +

p
X

AGG
αi yt+1−i−h
+

i=1
γ 0 zt−h

pi
N X
X

βi,j xi,t+1−j−h + εt

i=1 j=1

+ εt .

In this model the lagged values of the aggregate, all the disaggregate variables and their
lags are considered as candidate predictors. So there are (p + p1 + · · · + pN ) candidate
predictors in total, which may be summarized in zt . By using the boosting procedure the
predictors which have the largest contribution to the improvement of the model fit will be
selected.

2.3.1

Review of the boosting procedure

The basic idea of boosting is to combine some simple function estimates such that the performance of each single function estimate can be enhanced. More precisely, it estimates
an unknown function f (xt ) for the target variable yt as a sum of M estimated functions:
yˆt = fˆM (zt ) = f (0) + ν

M
X

ĝ (m) .

m=1

f (0) represents the initial function value. zt contains the (p + p1 + · · · + pN )-dimensional
predictor variables which are stationary. Originally, Bühlmann and Yu (2003) and
Bühlmann and Hothorn (2007) assume independent and identically distributed predictors for the boosting algorithm. Bai and Ng (2009) extend the boosting idea to handle
time-series problems. In their approach the lagged values of the predictors are allowed
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to be considered as candidate predictors as well.2 The estimated functions ĝ (m) are derived by using a base learner. A base learner is a simple fitting procedure and repeatedly
fits each candidate predictor or a small subset of the predictors against new refitted data.
These refitted data are obtained based on the minimization of some loss functions. Thus
in each iteration m, boosting adds the estimated base learner ĝ (m) providing the smallest
loss. Without modifying the coefficients of those learners which are previously added to
the model, only the parameters of the last base learner need to be estimated in each step.
M is the final number of iterations. Friedman (2001) introduce the shrinkage parameter ν
into the boosting algorithm to prevent overfitting. ν should be chosen small (0 < ν < 1)
so that the effect of the base learner ĝ (m) in each iteration step is weak and shrinks towards
zero and an optimal solution can be achieved in small steps.
According to the specification of the target variable yt , the base learners and the loss
functions, different boosting algorithms are designed in the literature. The well-known
AdaBoost of Freund and Schapire (1996) can be applied for binary classification. If the
function of interest f (xt ) is the conditional mean f (xt ) = E(yt |xt ), the L1 -Boosting or
L2 -Boosting can be used based on the form of the loss functions. Different from the L1 loss, which is not differentiable at some points, the L2 -Boosting uses the squared errors
as the loss function. It is very useful for regressions especially with many variables as
candidate predictors. The loss function of the L2 -Boosting has the form3 :
1
L(yt , f ) = (yt − f )2 .
2

Componentwise L2 -Boosting
The specification of the base learner g (m) is of great importance. The L2 -Boosting chooses
the linear least squares as the base learner for linear models. In each iteration the base
learner is applied to each candidate variable in turn and only one variable will be selected
in the sense of ordinary least squares fitting (hence componentwise). The componentwise
boosting treats the lags of one predictor as separate predictors so that the variables and
lags are selected simultaneously from a large set of candidates for forecasting (Bai and
Ng (2009)). Note that for each iteration the same predictor variable or the lag can be
selected. In the following we will only consider this boosting variant for our simulation
and empirical study.
2

Bai and Ng (2009) propose two methods to deal with the lags. In the component-wise L2 boost, each
lag of each variable is treated as a separate candidate predictor, while the block-wise L2 boost treats each
variable and all its lags as a group.
3
This term is scaled by the factor 1/2 so that the negative gradient vector can equal the residuals.
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Componentwise L2 -Boosting algorithm
(0)

1. Start with fˆt

= ȳ. Set m = 0.

2. Increase m by 1:
t ,f )
and evaluate at
• Compute the negative gradient of the loss function − ∂L(y
∂f
(m−1)
the estimate of the previous iteration fˆt
:
(m)
(m−1)
ˆ
ut = yt − ft
for t = 1, . . . , T (current residual).

(m)

• Regress ut on each predictor z(k),t−h , k = 1, . . . , (p + p1 + · · · + pN ) and
P
compute SSR(k) = Tt=1 (ut − z(k),t−h θ̂(k) )2 .
• Choose the predictor z(k∗ ),t−h which minimizes SSR.
• Set ĝ (m) = θ̂(k∗ ) z(k∗ ),t−h .
• Update fˆ(m) = fˆ(m−1) + νĝ (m−1) .
• Iterate step 2 until m = mstop .
In the first step of the componentwise boosting, the mean of the target variable yt is used
as the initial value. So this starting value will be boosted with the later M iterations to
improve the forecast. Next, the negative gradient of the loss function is computed and
this is evaluated at the estimate of the previous iteration. As explained before the squared
errors scaled by the factor 1/2 are used as the loss function, so we obtain for this step the
current residual which is just the difference between the actual data yt and the fitted value
(m−1)
up to that iteration fˆt
. The deviation of the fitted data in the previous step from the
(m)
true data is then estimated by regressing ut on each of the (p + p1 + · · · + pN ) candidate
(m)
variables in turn. The variable zk∗ which produces the smallest sum of squared errors
(m) (m)
is selected and can enter the next iteration with its fitted value θ̂(k∗ ) z(k∗ ),t−h into the next
(m) (m)
step. Thus, θ̂(k∗ ) z(k∗ ),t−h can be viewed as an approximation of the current residual ut in
the iteration step m. Suppose the variable zk∗ is selected in the iteration step m, it will
(m+1)
(m)
then receive less attention in the step m + 1 due to ut
= yt − fˆt = yt − fˆ(m−1) −
(m) (m)
ν θ̂(k∗ ) z(k∗ ),t−h , while the other non-selected variables have relatively larger chance to be
selected in the step m + 1.4 The choice of a small shrinkage parameter ν ensures that the
(m) (m)
improvement through θ̂(k∗ ) z(k∗ ),t−h takes only limited contribution to the updates. With
ν = 0.1 for example, the variables which are selected 10 times (or more than 10 times)
can contribute to the fit completely. Hence, the discrepancy between the true and fitted
data is then continuously corrected in small steps and the most relevant predictors can be
selected to improve the forecast performance.
4

However, it is absolutely possible that the same variable will be selected in the next iteration step m+1.
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The algorithm terminates when the final iteration step mstop is reached. The estimate for
the target variable yt is:
mstop

ŷt = ȳ + ν

X

(m) (m)

θ̂(k∗ ) z(k∗ ),t−h .

m=1

The forecast of the aggregate variable h-period ahead can be estimated as follows:
mstop
AGG
ŷt+h|t

= ȳ + ν

X

(m) (m)

θ̂(k∗ ) z(k∗ ),t .

m=1

Key parameters
There are two key parameters which should be considered carefully when applying the
boosting algorithm: the shrinkage parameter ν and the final iteration step mstop . As
explained before, Friedman (2001) uses the shrinkage parameter ν (0 < ν < 1) to ensure
that the effect of the base learner θ̂(k∗ ) z(k∗ ) is weak so that the deviations from the true data
can be modified in small steps. Thus, if ν is chosen large, then in each step the selected
variable z(k∗ ) will have larger contribution to the update with the value ν θ̂(k∗ ) z(k∗ ) . In the
following step other variables which are not selected previously receive more attention,
thus they have an increasing chance to be selected. This can lead to overfitting, that is, too
many predictors will be selected. On the other hand, if ν is chosen too small, the change
(m+1)
(m)
of the current residuals in two steps ut
− ut is small as well so that the algorithm
needs more iteration steps to identify a different predictor. Thus, a smaller value of the
shrinkage parameter ν results in a larger number of optimal iteration steps mstop . The
larger mstop becomes, more irrelevant predictors will be considered and selected. This
leads again to the problem of overfitting. For the choice of the shrinkage parameter ν
Friedman (2001) and Bühlmann and Hothorn (2007) suggest to use a sufficiently small
value like ν = 0.1 based on empirical evidence.5
For determining the optimal iteration number mstop Bühlmann and Hothorn (2007) propose to use the corrected version of the Akaike Information Criterion (AIC)(Akaike
(1973), Hurvich and Tsai (1989), Hurvich et al. (1998)) or the resampling techniques.
The corrected AIC for the iteration step m has the following form6 :
2
)+
AICc (m) = log(σ̂(m)
5

1 + df (m)/T
.
1 − [df (m) + 2]/T

For example, Buchen and Wohlrabe (2011), Wohlrabe and Buchen (2014) and Robinzonov et al. (2012)
use the value of 0.1 for the shrinkage parameter, while Taieb and Hyndman (2014) set the value of ν to 0.2.
6
The corrected AIC adds an additional nonstochastic penalty term to the standard AIC in order to have
better small sample performance. More details can be found in Hurvich and Tsai (1989) and Hurvich et al.
(1998).
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2
is the estimated residual variance and df (m) are the degrees of freedom in the iteraσ̂(m)
tion step m. The iteration step number which minimizes AICc (m) with m = 1, . . . , mmax
will be selected as the optimal iteration number mstop . The main problem of this approach
is that the true degrees of freedom are unknown and should be estimated. Bühlmann and
Hothorn (2007) suggest to estimate df (m) by using the trace of the boosting hat matrix7
in the iteration step m. However, Hastie (2007) acknowledges that this estimate generally
underestimates the true degrees of freedom and thus the use of the corrected AIC always
lead to select mstop too large.8
In the literature it is also advised to use the resampling methods such as bootstrap, k-fold
cross validation or subsampling to choose an appropriate number of iterations (Bühlmann
and Hothorn (2007)). When using the bootstrap method to determine the mstop , the bootstrapped samples are drawn with replacement from the original data. The data which are
not drawn are used as the test sample. The k-fold cross validation divides the original
dataset into k roughly equal subsamples and uses k − 1 of them as the evaluation sample.
The remaining one is retained for validation. In subsampling the dataset are randomly
divided into two subsamples with the same size, one for evaluation and the other one for
validation. Obviously, none of these resampling methods captures the dependence structure in the time series data appropriately. Thus selecting the optimal number of iterations
mstop based on the resampling techniques may be problematic when applying the boosting
algorithm to the time series data and therefore and we do not use it here.9

2.3.2

Forecasting an aggregate variable using disaggregate variables
selected by the componentwise L2 -Boosting

As in forecasting models FF1 and FF2 where factors are used as additional predictors
we consider three variants here. The first variant (FB1) includes the lagged values of the
aggregate variable and all the disaggregate variables and their lags:
ytAGG

= ch +

p
X
i=1

AGG
αi yt+1−i−h

+

pi
N X
X

βi,j xi,t+1−j−h + εt .

i=1 j=1

The variables or the lagged values which are most helpful to improve the model fit are
selected by using the componentwise boosting algorithm discussed above. Then they are
7

Details are given in Bühlmann and Hothorn (2007).
Based on this corrected version of AIC Chang et al. (2010) propose a change point detection method
to avoid the problem of running all iterations under consideration, while Mayr et al. (2012) modify the
approach of Chang et al. (2010) by using a sequential stopping rule for boosting.
9
It should be noticed that Buchen and Wohlrabe (2011) and Wohlrabe and Buchen (2014) still use the
resampling methods for analyzing time series data.
8
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AGG
.
used as predictors to obtain the forecast of the aggregate variable ŷt+h|t
The second variant (FB2) considered in this forecasting model focuses only on the disaggregate variables and their lags:

ytAGG

= ch +

pi
N X
X

βi,j xi,t+1−j−h + εt .

i=1 j=1

The componentwise L2 -Boosting is used to select the most relevant predictors. The idea
behind this variant is the same as in FF2: The aggregate variables are constructed by
aggregating the disaggregate variables. When combining the aggregate and disaggregate
information together, the information set is used twice. So it may be interesting to investigate whether only using information from the disaggregate variables provides a better
forecasting performance.
The third variant (FB3) uses the partial boosting idea put forward in Tutz and Binder
(2007). More precisely, we distinguish between the ‘must have’ predictors which must be
included in the forecasting model and optional variables which can only stay in the forecasting model if they pass the boosting selection. The ‘must have’ predictors considered
in FB3 are the lags of the aggregate variable:
ytAGG

= ch +

p
X

AGG
αi yt+1−i−h

+

i=1

|

0 must

pi
N X
X

βi,j xi,t+1−j−h + εt .

i=1 i=1

{z

}

have0 predictors

Thus with this variant we may check whether including additional selected disaggregate
variables or lags to the forecasting model AR can help to improve the forecast accuracy.
Taking into account the dependence structure of the time series data, this approach can
be carried out in three steps. First, we estimate the following model by using the OLS
method:
ytAGG

=

cAGG
h

+

p
X

AGG
αi yt+1−i−h
+ uAGG
.
t

i=1

As a result, the estimated values of the coefficients α̂i (i = 1, . . . , p), the constant ĉAGG
h
AGG
and residuals ût
can be obtained. Then each lag of the disaggregate variables is regressed on the same lags of the aggregate variables:
xi,t+1−j−h = cij,h +

p
X

AGG
αi yt+1−i−h
+ ui,t+1−j−h ,

i=1

where i = 1, . . . , N and j = 1, . . . , pi . With the estimated residuals for each lag of
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the disaggregate variables we can use the componentwise L2 -Boosting for the following
model:
ûAGG
t

=c+

pi
N X
X

γi,j ûi,t+1−j−h + εt .

i=1 i=1

Using the results from this boosting step the forecasting value for the residuals ûAGG
t+h|t can
AGG
be computed. The estimated forecast ŷt+h is obtained by:
AGG
ŷt+h|t

=

ĉAGG
h

+

p
X

AGG
α̂i yt+1−i
+ ûAGG
t+h|t .

i=1

2.4

Simulation study

In this section a simulation study is conducted which aims at 1) investigating whether
the componentwise L2 -Boosting can select the disaggregate components of an aggregate
variable correctly and 2) investigating whether the componentwise L2 -Boosting can select
the most relevant predictors of an aggregate variable among a lot of candidate predictors.10
In this study 50 variables x1,t , . . . , x50,t with t = 1, . . . , T are generated by stationary
AR(1) processes without constant:
xi,t = αi xi,t−1 + εi,t i = 1, . . . , 50,
where the coefficients αi for i = 1, . . . , 50 are uniformly distributed random numbers
strictly between 0 and 1 and the residuals εi,t are i.i.d. standard normal distributed random
numbers. Hence, all the variables xi,t for i = 1, . . . , 50 are stationary and independent.
Three variables x1,t , x2,t and x3,t are used as relevant disaggregate components for computing the aggregate variable. The other 47 variables serve as irrelevant variables. The
weighting matrix is set as w = (0.2, 0.3, 0.5)0 . For each simulated time series the first 50
values are discarded to avoid the starting-up impact. Then the aggregate variable ytAGG is
computed as11 :
ytAGG = 0.2x1,t + 0.3x2,t + 0.5x3,t .
At first we investigate whether using the componentwise L2 -Boosting method can indeed
help to select the true disaggregate variables x1,t , x2,t and x3,t among a lot of candidate
10

For the componentwise L2 -Boosting we use the add-on package mboost of the statistical software R
(version 2.15.2). Other programs for forecasting analysis are written in Gauss 12.
11
We have tried more than three relevant disaggregate variables for the aggregation and used other values
for the weighting vector. The results are quite similar, so they are not explicitly reported here.
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variables, where the corrected AIC is used to find the optimal iterations number mstop and
the shrinkage parameter is chosen as ν = 0.112 . mmax is set as 100. Different sample
sizes T = 100, 500, 1000 and 2000 are generated. 5000 simulation runs are considered
in this experiment.
To check the selection ability of the componentwise L2 -Boosting for the disaggregate
components, we find that the true disaggregate components x1,t , x2,t and x3,t are selected
in all simulation runs for all considered different sample sizes (from small to large), while
all other irrelevant variables cannot pass the boosting selection. This perfect variable
selection ability of boosting can be explained by taking a deeper insight into the boosting
algorithm and the aggregation structure of ytAGG . If ytAGG is aggregated by using only
the variables x1,t , x2,t and x3,t , then these three variables are correlated with ytAGG . Since
all the generated series x1,t , . . . , x50,t are independent, so the other irrelevant variables
x4,t , . . . , x50,t should not be correlated with ytAGG .
In the first iteration step of the componentwise boosting, using the mean of the aggregate
(m=1)
variable ȳ AGG as the initial value, the current residuals ut
can be calculated as:
(m=1)

ut

= ytAGG − ȳ AGG
= 0.2x1,t + 0.3x2,t + 0.5x3,t − ȳ AGG .

Since ȳ AGG is a constant value, thus the correlation coefficients between ytAGG and the
(m=1)
variables should be equal to the correlation coefficients between ut
and the variables.
(m=1)
The results for the correlation coefficients between ut
and the considered variables in
Table 2.4.1 indicate that with an increasing T the correlations between ytAGG and its disaggregate components x1,t , x2,t and x3,t converge to their real values which are significant
different from zero, while the correlations between ytAGG and irrelevant variables go towards zero. With T = 2000, the mean of the absolute value of the correlation coefficients
(m=1)
from 5000 simulation runs between the current residuals in the first iteration step ut
and the true disaggregate variables are 0.335, 0.479 and 0.766. For three arbitrarily chosen irrelevant variables x8,t , x25,t and x46,t these values are around 0.027, which indicates
(m=1)
that x8,t , x25,t and x46,t are asymptotically uncorrelated with ut
.
(m=1)
The variable which is mostly correlated with ut
should provide the best least squares
(m=1)
fitting for ut
. In our simulation example, the variable x3,t which has the largest
correlation coefficient13 is then selected in the first step and can enter with its fitted value
(m=1)
θ̂3
x3,t into the second iteration. The fitted value for the aggregate in the first step is
12

Other values (e.g. 0.01, 0.05 and 0.2) for the shrinkage parameter have also been considered in our
experiment. They affect mostly the optimal number of iterations mstop . The main results are similar.
13
The variable x3,t has the largest weight (0.5) by aggregating, so it is mostly correlated with the aggregate variable for all considered sample sizes.
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= ȳ AGG + ν θ̂3
(m=2)
less weighted in ut
because of:
(m=2)
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x3,t . In the second step, the variable x3,t will be

(m=1)
= ytAGG − fˆt
(m=1)

= ytAGG − ȳ AGG − ν θ̂3

x3,t
(m=1)

= 0.2x1,t + 0.3x2,t + 0.5x3,t − ȳ AGG − ν θ̂3
(m=1)

= 0.2x1,t + 0.3x2,t + [0.5 − ν θ̂3

x3,t

]x3,t − ȳ AGG .

(m=1)

Hence, compared with the correlations with ut
, in the second iteration step x3,t is less
(m=2)
correlated with ut
and the other two true variables x1,t and x2,t have relatively larger
(m=2)
correlation coefficients with ut
, while the irrelevant variables are still not correlated
(m=2)
(m=2)
with ut
and therefore cannot contribute to the fit of ut
. As long as x3,t is mostly
correlated with the current residuals in the iterations, it will be selected by boosting. The
selection of the same variable in different iteration steps leads to an improvement of the
fit, namely, the discrepancy between the true and fitted data are corrected. Once another
variable has the largest correlation coefficient with the corresponding current residuals,
this variable will be selected. If mstop is chosen appropriately, then the irrelevant variables
which are not used for the aggregation have no chance to be selected by boosting since
they are not correlated with ytAGG and therefore not correlated with the current residuals
in the iterations.14
The strength of the correlation between the aggregate variable and its disaggregate components depends obviously on the aggregation weights. If a disaggregate variable has a
very small weight in aggregating, then it will be weakly correlated with the aggregate
variable at the beginning of the boosting iteration. However, this variable can still be selected by boosting. This is because the relevant variables which are already selected in
(m)
the former iterations will be less weighted in the current residuals ut of the later iterations. Thus the disaggregate variable which is originally weakly correlated with ytAGG
increases its correlations with the current residuals and can be selected, although more
iteration steps are needed. The irrelevant variables cannot affect its correlations with the
current residuals with an increasing number of iteration steps.15
Note that for this simulation experiment the corrected AIC always selects mstop = 100
and in our simulation for applying the corrected AIC the mmax is set as 100. In reality, in
order to identify the three disaggregate variables, less than 100 iteration steps are needed.
More iterations are suggested by the corrected AIC so that the discrepancy between the
14

(m)

However, if mstop is chosen too large, then ut will be so small that even irrelevant variables can be
selected.
15
In the simulation experiments, we have also considered very small values (e.g. 0.01) for the weights,
the selection rate is still 1 for these disaggregate variables with small weights.
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true and fitted data can be more precisely corrected. To be more clearly, by examining an
arbitrarily selected simulation example with T = 100, the boosting method requires only
17 iteration steps to identify the three true disaggregate variables x1,t , x2,t and x3,t . With
these 17 iteration steps, the estimated relationship is:
ŷtAGG = −0.024 + 0.019x1t + 0.111x2t + 0.376x3t .
If the maximal possible iteration numbers mmax is set as 100, then the corrected AIC
suggests mstop = 100 as well. With 100 iteration steps these true disaggregate variables
are still selected, however, with another estimated relationship:
ŷtAGG = −0.001 + 0.191x1t + 0.290x2t + 0.493x3t .
If mmax is set as 200, then the corrected AIC selects mstop = 200 and the boosting method
provides the following estimated relationship:
ŷtAGG = −0.00004 + 0.1997x1t + 0.2998x2t + 0.4998x3t .
Thus with more iterations the weights for the disaggregate variables can be more precisely
estimated.
Although the boosting method can select the true disaggregate variables of an aggregate
quite correctly, a problem will occur when forecasting this aggregate, namely, only the
past values can be used as predictors. Since ytAGG is aggregated by x1,t , x2,t and x3,t
which are stationary AR(1) series, we can expect that x1,t−1 , x2,t−1 and x3,t−1 can be
used as reasonable predictors for forecasting ytAGG . Furthermore, the sum of three stationary AR(1) processes can be represented by an ARM A(p, q) process where p ≤ 2
and q ≤ 2 (Granger and Morris (1976)), so using the lagged values of ytAGG as predicAGG
tors makes sense as well. Now, from the group of the candidate predictors yt−1
and
AGG
x1,t−1 , . . . , x50,t−1 , we check whether yt−1
, x1,t−1 , x2,t−1 and x3,t−1 can be detected by
16
using the componentwise L2 -Boosting. Note that this simulation setup also mimics the
empirical forecasting exercise in the later section.
Table 2.4.2 shows the selection rates from 5000 simulation runs for the relevant predictors
AGG
yt−1
, x1,t−1 , x2,t−1 and x3,t−1 . Three irrelevant candidate predictors x8,t−1 , x25,t−1 and
x46,t−1 are arbitrarily chosen to see how these irrelevant predictors are selected by the
boosting method. Furthermore, the average selection rates for all 47 irrelevant candidate
predictors are reported in the last column of Table 2.4.2.
First of all, it can be seen that the lagged values of ytAGG are selected most often. If the
16

In the simulation study, we also included more lags in the candidate group. The results are quite robust.
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AGG
is
sample sizes are larger than 100, in more than 90% of all 5000 simulation runs yt−1
AGG
selected by boosting. The selection rate of yt−1 does not depend heavily on the number
of iterations. Even a very small number of iterations mstop = 20 results in a selection
AGG
rate of 79.8% for yt−1
by T = 100, while with 80 iterations the selection rate increases
slightly to 80.9%. For other sample sizes, similar results can be observed.
AGG
Compared to yt−1
, a relatively poor selection rate of the relevant predictors x1,t−1 , x2,t−1
and x3,t−1 can be observed in Table 2.4.2. For a small sample size T = 100, these relevant
predictors are selected in less than 60% of all 5000 simulation runs. With an increasing
sample size the selection rates for these predictors increase as well, however, they are still
AGG
which
less than 90% even for T = 2000. This is due to the selection of the variable yt−1
AGG
is aggregated by x1,t−1 , x2,t−1 and x3,t−1 . If yt−1
is not used as a candidate predictor,
then x1,t−1 , x2,t−1 and x3,t−1 have a much more larger chance to be selected17 .
For the irrelevant variables which should not be considered as predictors for forecasting
ytAGG , relatively large selection rates can be observed in Table 2.4.2, especially if the
corrected AIC is used to determine mstop . For example, considering mstop 1 which is suggested by the corrected AIC using mmax = 100, from 5000 simulation runs the variable
x25,t−1 are selected 1640 times which results in a selection rate of 32.8% for a small sample size of T = 100. If the sample size is increased to T = 2000, boosting still selects the
variable x25,t−1 in 27.3% of all 5000 simulation runs. When increasing mmax to 200, using mstop 2 leads to a selection rate of 40.6% of all irrelevant predictors in average. This is
associated with the problem of using the corrected AIC. As explained in Section 2.3, the
true degrees of freedom in each iteration step df (m) are underestimated by using the trace
of the boosting hat matrix suggested in Bühlmann and Hothorn (2007), thus the corrected
AIC always overestimates the true mstop which leads to overfitting. In Figure 2.4.1, the
mstop estimated by using the corrected AIC criterion for 200 simulations runs for different
sample sizes are plotted. The left column shows the results of mstop 1 which is determined
by using the corrected AIC, when mmax is set as 100, while the right column plots mstop 2
based on mmax = 200. It can be seen that if mmax is set as 100, then in many iteration
runs the corrected AIC chooses the maximum number mmax as mstop , especially when a
large sample size T = 2000 is considered. However, using mmax = 200, the corrected
AIC tends to choose the optimal iteration numbers between 100 and 200. With more
iteration numbers, the irrelevant predictors have a larger chance to be selected.
Therefore we also add results for the selection rates in Table 2.4.2 if smaller numbers
of iterations mstop = 20, 40, 60 and 80 are used. As expected, a smaller mstop leads to
sparse models. For large sample sizes T = 1000 and T = 2000 the irrelevant variables
are selected in less than 60 simulations runs with mstop = 20. However, the selection rates
17

Detailed results are not presented here, but are available on request.
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Table 2.4.1: The mean of the absolute value of the correlation coefficients
x1,t

x2,t

x3,t
x8,t
T = 100

x25,t

x46,t

AIV

ut
(m=2)
ut
(m=3)
ut

(m=1)

0.328
0.345
0.363

0.484
0.506
0.528

0.779 0.116
0.760 0.115
0.739 0.115
T = 500

0.118
0.118
0.118

0.116
0.116
0.116

0.116
0.116
0.116

ut
(m=2)
ut
(m=3)
ut

(m=1)

0.329
0.348
0.366

0.477
0.500
0.521

0.774 0.054
0.756 0.054
0.737 0.053
T = 1000

0.054
0.054
0.054

0.054
0.054
0.053

0.054
0.054
0.054

ut
(m=2)
ut
(m=3)
ut

(m=1)

0.332
0.349
0.367

0.481
0.504
0.525

0.767 0.038
0.749 0.038
0.730 0.038
T = 2000

0.039
0.039
0.038

0.038
0.038
0.038

0.038
0.038
0.038

(m=1)

0.335
0.352
0.370

0.479
0.501
0.522

0.766
0.748
0.729

0.027
0.027
0.027

0.028
0.028
0.027

0.027
0.027
0.027

ut
(m=2)
ut
(m=3)
ut

0.027
0.027
0.027

Note: The mean of the absolute value of the correlation coefficients from 5000 simulation runs between the
current residuals ut of the first three iteration steps and the true disaggregate and the irrelevant variables,
respectively. The true disaggregate variables are x1,t , x2,t and x3,t . x8,t , x25,t and x46,t are arbitrarily
chosen from 47 irrelevant variables. The mean of the absolute value of the correlation coefficients from
5000 simulation runs between ut of the iteration steps m = 1, m = 2 and m = 3 and all irrelevant
variables are reported in average in the last column. AIV refers to the average of all irrelevant variables.
The sample sizes are chosen as T = 100, 500, 1000 and 2000.

for the relevant predictors x1,t−1 , x2,t−1 and x3,t−1 decrease as well if smaller numbers of
iterations are used for boosting, but they are still much more larger than the selection rates
of the irrelevant predictors.
From the simulation experiments discussed above, we find that using the boosting method
can detect the disaggregate components of an aggregate variable quite exactly. With respect to the selection of the relevant predictors for this aggregate, boosting selects most
likely the lagged values of the aggregate itself and the relevant disaggregate predictors
have always much more larger chance to be selected than the irrelevant predictors.
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Table 2.4.2: The selection rates for relevant and irrelevant candidate predictors
AGG
yt−1

x1,t−1

mstop = 20
mstop = 40
mstop = 60
mstop = 80
mstop 1 = AICc
mstop 2 = AICc

0.798
0.806
0.808
0.809
0.810
0.812

0.258
0.367
0.435
0.486
0.511
0.562

mstop = 20
mstop = 40
mstop = 60
mstop = 80
mstop 1 = AICc
mstop 2 = AICc

0.946
0.954
0.955
0.955
0.955
0.956

0.365
0.596
0.667
0.713
0.738
0.772

mstop = 20
mstop = 40
mstop = 60
mstop = 80
mstop 1 = AICc
mstop 2 = AICc

0.960
0.970
0.971
0.971
0.971
0.972

0.384
0.662
0.734
0.770
0.792
0.824

mstop = 20
mstop = 40
mstop = 60
mstop = 80
mstop 1 = AICc
mstop 2 = AICc

0.974
0.984
0.985
0.986
0.986
0.986

0.398
0.742
0.808
0.833
0.854
0.876

x2,t−1 x3,t−1
T = 100
0.309 0.354
0.378 0.396
0.428 0.421
0.472 0.447
0.499 0.462
0.555 0.511
T = 500
0.371 0.401
0.512 0.461
0.579 0.490
0.622 0.506
0.653 0.521
0.699 0.553
T = 1000
0.390 0.391
0.572 0.465
0.661 0.499
0.707 0.517
0.738 0.529
0.781 0.561
T = 2000
0.396 0.395
0.627 0.480
0.727 0.525
0.771 0.543
0.799 0.558
0.835 0.582

x8,t−1

x25,t−1

x46,t−1

AIV

0.071
0.172
0.242
0.300
0.334
0.407

0.074
0.166
0.233
0.290
0.328
0.396

0.070
0.171
0.245
0.301
0.335
0.409

0.073
0.168
0.239
0.294
0.330
0.404

0.016
0.107
0.190
0.261
0.312
0.402

0.021
0.116
0.191
0.262
0.315
0.404

0.023
0.111
0.191
0.256
0.310
0.396

0.020
0.111
0.197
0.267
0.318
0.408

0.009
0.078
0.164
0.242
0.297
0.407

0.012
0.078
0.158
0.236
0.291
0.394

0.010
0.075
0.166
0.244
0.297
0.394

0.010
0.081
0.170
0.246
0.302
0.406

0.003
0.056
0.138
0.216
0.278
0.407

0.004
0.053
0.128
0.210
0.273
0.399

0.003
0.053
0.146
0.218
0.278
0.410

0.004
0.053
0.137
0.215
0.279
0.406

AGG
Note: yt−1
, x1,t−1 , x2,t−1 and x3,t−1 are relevant predictors. x8,t−1 , x25,t−1 and x46,t−1 are arbitrarily
chosen from 47 irrelevant variables and serve as candidate predictors which are actually not relevant. The
average selection rates for all irrelevant predictors are reported in the last column. AIV refers to the average
of all irrelevant variables. The number of simulation runs is 5000. mstop 1 = AICc is determined by using
the corrected AIC, when mmax is set as 100. mstop 2 = AICc is determined by using the corrected AIC,
when mmax is set as 200.
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Figure 2.4.1: The optimal iteration number estimated by using the corrected AIC for 200
simulation runs for T = 100, 500, 1000 and 2000.

Note: mstop 1 is determined by using the corrected AIC, when mmax is set as 100. mstop 2 is determined
by using the corrected AIC, when mmax is set as 200.
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Empirical Analysis

We now apply the the componentwise L2 -Boosting on the Euro area aggregate variables
and evaluate the forecasting performance of this method.

2.5.1

Data

To compare the forecast accuracy of the model which uses the boosting method to select
the most relevant predictors with other models described in Section 2.2, six macroeconomic key variables for the Euro area with quarterly frequency from 1970Q1 to 2011Q4
are considered: the real GDP (YER), the consumer price index (CPI), the GDP deflator
(YED), the exchange rate against the US-Dollar (EER) and short- and long-term interest
rates (STN and LTN).
The data for the aggregated macroeconomic variables are obtained from the Area Wide
Model (AWM) database maintained at the Euro Area Business Cycle Network18 . The
Area Wide Model is proposed by Fagan et al. (2001) and Fagan et al. (2005) who suggest
to construct the aggregates as the weighted average of log-level data for 11 European
countries. The fixed weights used in aggregating the individual country series are the
nominal GDP shares for 199519 . The three largest European countries Germany, France
and Italy obtain the largest weights 0.305, 0.210 and 0.203 due to their economic leading
roles in Euro area, while quite small weights are assigned to countries like Luxembourg
and Finland.
The individual member countries’ time series data for the same period from 1970Q1 to
2011Q4 are taken from the OECD quarterly national accounts database.20 Twelve eurozone countries are considered. (Greece, which joined the EMU in 2001, is also included.)
All the series are seasonally adjusted and transformed so that they have the same base
year. Thus, for each macroeconomic aggregate variable 12 disaggregate European countries data are observed (N = 12).
Logarithms are taken on the real GDP, the CPI, the GDP deflator and the exchange rate
EER, while the short- and long-term interest rates are left in levels. A formal unit root
analysis has been conducted and all the time series for all countries can be characterized
as I(1) processes.21 To ensure the stationarity the first differences of the variables enter
18
http://www.eabcn.org. The 12th update of the AWM database is used which extends the data up to
2011Q4. It should be noted that the AWM database is not an official ECB database.
19
Weights used in aggregation: Belgium 0.039, Germany 0.305, Spain 0.102, France 0.210, Ireland
0.011, Italy 0.203, Luxembourg 0.002, Netherlands 0.056, Austria 0.030, Portugal 0.024, Finland 0.017.
Since Greece, which joined the EMU in 2001 and therefore is not considered in Fagan et al. (2001) and
Fagan et al. (2005), has the weight zero in the forecasting comparison.
20
The data are obtained via Thomson Reuters Datastream 5.0.
21
The results for the unit root tests are available on request.
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the forecasting models. To estimate the common factors, the first differences of the series
are standardized to have zero mean and unit variance. For the time series with missing observations, the expectation-maximization (EM) algorithm proposed in Stock and Watson
(2002a) is applied to construct a balanced panel22 .

2.5.2

Comparison methodology

A recursive pseudo-out-of-sample forecasting experiment is conducted for comparing the
performance of the forecasting models discussed in Section 2.2 and Section 2.3. That is,
the starting point of the estimation period is fixed at 1970Q1. In the first stage we use
the data from 1970Q1 to 2002Q4. Factors estimation and variable selection via boosting
are all carried out with this information set. Using the forecasting horizons h = 1, 2 and
4, forecasts for 2003Q1, 2003Q2 and 2003Q4 can be computed. In the next stage, the
estimation period is enlarged with one observation up to 2003Q1. For this new estimation period factors are then re-estimated and variables are re-selected by boosting. The
obtained estimates are used for forecasting the values at 2003Q2, 2003Q3 and 2003Q4.
We continue this process until the estimation period ends in 2010Q4 and forecasts can be
calculated for 2011Q1, 2011Q2 and 2011Q4. Hence, the forecasting covers the period
from 2003Q1 to 2011Q4.
To evaluate the forecasting accuracy, the mean squared forecast error (MSFE) is used as
loss function, where the forecast error is defined as the difference between the estimated
AGG
AGG
forecasting value and its actual value et+h = ŷt+h|t
− yt+h
. The first forecasting model
(AR) with a fixed lag length p = 4 is used as benchmark. To assess the forecasting
accuracy, the MSFE obtained from other forecasting models (and their variants) will be
expressed relative to the MSFE obtained from the first forecasting model. Thus, any
value of the relative MSFE less than one indicates an improvement of the forecasting
performance against the benchmark.
For the empirical results reported here, a fixed number of four lags for the autoregressive
part and two lags for all disaggregate variables are used. Results for the other choices
of the lag lengths are not reported, since similar results have been obtained and they are
quite robust with respect to this choice.
The forecasting variants FF1 and FF2 extract factors by using only the country information on the aggregate variable to be predicted. For instance, when forecasting the Euro
area real GDP, the factors are estimated from the dataset that only includes real GDP from
the 12 member countries and no other variables are taken into account. The number of
factors used in FF1 and FF2 has to be determined. When using the information criteria
22

A list of variables with missing observations can be found in Table 2.A.1 in Appendix 2.A.
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proposed by Bai and Ng (2002), we found that the maximum number of factors are suggested by all three criteria. Giving the relatively low number of disaggregate variables
(N = 12), this is not a meaningful choice. Therefore, we decided to explore the cumulative percentage of the variance in the dataset that can be explained by the factors. For
all possible estimation periods which start in 1970Q1 and end in 2002Q4, . . . , 2010Q4, it
can be found that for each variable at least 35% of the total variance in the respective data
set can be explained by two factors. Accordingly two factors with respectively two lags
are used in FF1 and FF2.23
For the three variants FB1, FB2 and FB3 which use the componentwise L2 -Boosting to
select the most relevant predictors, the shrinkage parameter ν is set to the commonly used
value of 0.1 (Bühlmann and Hothorn (2007))24 . Four lags for the aggregate variable and
two lags for all disaggregate variables are considered25 . Thus for the model variant FB1
there are 28 candidate predictors, while for the model variant FB2 the boosting method
selects from 24 candidate variables. For the last model variant FB3, the ‘must have’
predictors include the four lags of the aggregate variable and relevant predictors should
be selected from the 24 lags of the disaggregate components. Although we found from our
simulation study that the use of the corrected AIC for determining the optimal iteration
numbers mstop is likely to select irrelevant predictors, however, by reducing mstop the
true predictors will also have less chance to be selected. Therefore, in this empirical
study the crucial parameter mstop is determined by the corrected version of AIC, since
we do not include irrelevant variables and boosting should select the most relevant ones
from all possible candidate predictors.26 Regarding the effect of the maximum iteration
number mmax on mstop , we consider mmax = 100 and mmax = 200 for the forecasting
comparison.

2.5.3

Empirical results

Detailed results from the forecasting comparison for all the considered macroeconomic
aggregate variables are presented in Table 2.5.1. For each variable and forecasting model
variant, we report the MSFE of the respective model variant relative to the MSFE of
the forecasting model which uses only the lagged values of the aggregate variable as
predictors (AR). Forecasting horizons h = 1, 2 and 4 are considered. The estimation
23

Only one lag or more than two lags for the factors are also considered in our experiment. The main
results do not depend on the choice of the number of factor lags.
24
By choosing ν less than 0.1, the corrected AIC chooses in most cases mstop = 100 if mmax = 100.
25
Results for the other choices of the lag length are similar.
26
We have also tried smaller mstop like 20, 40, 60 and 80 as in the simulation study. With a smaller
number of iteration numbers, the relevant predictors have less chance to be selected by the boosting method,
thus using smaller mstop the variants FB1, FB2 and FB3 show worse forecasting results compared to the
use of the corrected AIC for determining mstop .
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Table 2.5.1: MSFEs of different forecasting models relative to the first forecasting model
AR
FD

FF1

FF2

FB1

h=1
h=2
h=4

1.010
0.972
1.020

0.833 0.825
0.964 0.975
0.970 0.993

0.907
0.961
0.931

h=1
h=2
h=4

0.965
0.943
0.970

1.002
1.008
1.015

1.008
1.019
1.085

0.974
0.931
0.967

h=1
h=2
h=4

1.254 0.890 0.896
1.371 0.985 1.084
1.264 1.013 1.065

0.908
1.124
0.958

h=1
h=2
h=4

0.994
0.996
1.010

1.004
1.008
0.992

1.014
0.981
0.990

0.955
0.924
0.975

h=1
h=2
h=4

1.041
1.029
1.017

1.013
1.021
0.992

0.999
1.031
1.023

0.979
0.991
0.989

h=1
h=2
h=4

0.980
0.963
0.987

1.004
1.046
1.139

1.053
1.055
1.121

0.919
0.934
0.888

FB2
(mstop 1)
YER
0.907
0.963
0.942
CPI
1.010
0.937
0.993
YED
0.982
1.313
1.013
EER
0.957
0.925
0.977
STN
1.017
1.000
0.999
LTN
0.907
0.950
0.896

FB3

FB1

FB2
FB3
(mstop 2)

1.000
0.980
0.930

0.877
0.946
0.924

0.858 0.993
0.944 0.971
0.938 0.912

0.916
0.972
1.020

0.959
0.906
0.953

0.998 0.903
0.920 0.971
0.988 1.006

0.944
1.022
1.285

0.967
1.149
0.941

0.974 0.920
1.319 1.010
1.001 1.259

0.989
0.980
0.982

0.952
0.924
0.972

0.954 0.986
0.924 0.979
0.972 0.979

0.987
0.995
0.975

0.965
0.985
0.989

1.007 0.981
0.988 0.994
1.000 0.967

0.977
0.944
0.916

0.868
0.921
0.881

0.883 0.966
0.936 0.926
0.889 0.881

Note: mstop 1 is determined by using the corrected AIC, when mmax is set as 100. mstop 2 is determined
by using the corrected AIC, when mmax is set as 200. The smallest MSFE ratio for each variable and
forecasting horizon is in bold.

periods start at 1970Q1 and the forecasting evaluation covers the periods from 2003Q1 to
2011Q4. The smallest MSFE ratio for each variable and forecasting horizon is in bold.
Table 2.5.1 suggests several conclusions.
First, combining the disaggregate forecasts does not necessarily provide more accurate
forecasts than the forecasts based on the aggregate variable when forecasting the macroeconomic key variables for the Euro area. For example, when forecasting the growth rate
of the real GDP (YER), the relative MSFEs for the forecasting model FD at the horizons h = 1 and h = 4 are larger than one. Similar results hold for some other variables
especially for YED and STN where on all horizons the model FD provide worse fore-
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casts compared to the benchmark AR. Only for the variables CPI and LTN, gains can be
observed by pooling all the country-specific forecasts together.
Second, overall there is evidence that taking into account disaggregate information in
form of factors or selected disaggregate variables can improve the forecasting performance. For the variable YER, forecasting models and variants based on factors or boosting procedure lead for almost all horizons to smaller MSFEs. For the other variables,
the use of disaggregate information or variables may not lead to sizable gains in forecasting precision in all cases, however, for some forecasting horizons such gains are always
observable.
Third, it is difficult to find an appropriate way to incorporate the disaggregate information
or disaggregate variables in the forecasting model. This depends mainly on the forecasting problem and the variables which are investigated. In our empirical exercise, in some
cases using factors as predictors tends to have lower MSFEs, for example for YER at
h = 1. However, in many cases the boosting method can indeed improve the forecasting
performance compared to the factor approach. Furthermore, in Table 2.5.1 the smallest
MSFE ratio for each variable and forecasting horizon is in bold. It can be seen that especially for the variables CPI, EER and interest rates, using boosting to select the predictors
yields for all horizons the smallest relative MSFEs.
Fourth, when comparing the model variants FF1 with FF2 and FB1 with FB2, it can be
found that there is no compelling evidence that using only the disaggregate information
or variables, without considering the lagged values of the aggregate variables in the forecasting model, is helpful in improving the forecasting precision, since the second variant
of the forecasting model which uses only factors as predictors and the second variant of
the boosting procedure perform in most cases worse than the respective first variant. For
example, when forecasting CPI, at all forecasting horizons using factors extracted from
all disaggregate variables as single predictors lead to larger MSFE than the variant FF1
where the lagged values of CPI are used as predictors as well. Similarly, using the model
variant FB1 can improve the forecasting performance in most cases. Generally, Table
2.5.1 indicates that even if the aggregate variables are constructed by aggregating the disaggregate variables, the information hidden in the aggregate variables is important and
therefore should be considered for forecasting.
Fifth, the model variant FB3 is an extension of the benchmark forecasting model AR,
since in FB3 the lagged values of the aggregate variable are treated as ‘must have’ predictors. The boosting method selects among the disaggregate variables and adds the selected
ones as additional predictors. Thus, by comparing AR and FB3 it can be seen that for
YER at horizons h = 2 and h = 4, for CPI at h = 1 and h = 2, for YED at h = 1 and
EER and interest rates at all horizons, using FB3 leads to an improvement in the forecast-
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ing accuracy. This means that adding some additional selected predictors to the model AR
can be helpful. Compared to the model variants FB1 and FB2, using FB3 cannot achieve
better forecasting results.
Sixth, the optimal iteration number mstop determined by the corrected AIC is a key parameter which has an impressive effect on the forecasting results. If mmax is chosen as
200, then the boosting procedure stops with more iteration numbers. In our empirical
experiment, it can be seen that the use of mstop 2 leads to an improvement in the forecasting performance in almost all cases. The reason for this is that we do not include any
irrelevant variables in the forecasting models. All the lags of the aggregate and disaggregate variables are reasonable candidate predictors, thus with more iterations the boosting
method selects the most relevant ones from them.

2.6

Conclusion

The main purpose of this paper is to check whether taking into account disaggregate information or variables is helpful for improving the forecasting accuracy of an aggregate
variable. A related question is how to include the disaggregate information or the relevant disaggregate variables in the direct forecasting model appropriately. A new variable
selection method, the boosting procedure is introduced and discussed.
A simulation study is performed to investigate the variable selection performance of the
componentwise L2 -Boosting method. We find that the true disaggregate components of
an aggregate variable can be detected by the boosting method. Moreover, when using
boosting to select the most relevant predictors, care must be taken. If the lagged values
of the aggregate variable are used as candidate predictors, then they will be most likely
selected by boosting. Once the lagged values of the aggregate variable are already selected
as predictors, the lagged values of the disaggregate variables have smaller chance to be
selected. However, compared to the irrelevant predictors, all relevant predictors have an
reasonable chance to be selected.
By forecasting the six macroeconomic variables for the Euro area, four forecasting models (and their variants) are compared: (1) the forecast of an aggregate which uses only
the lagged values of the aggregate as predictors, (2) first forecasting the disaggregate
variables respectively and then aggregating the disaggregate forecasts, (3) including disaggregate information with the help of the factor model as additional predictors in the
forecasting model and (4) including disaggregate variables selected by boosting in the
forecasting model. The empirical results indicate that in comparison to the forecasting
model which uses only past values of the aggregate variable, using disaggregate information summarized in the factors or using disaggregate variables selected by boosting as
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additional predictors may provide more accurate forecasts. Moreover, it is shown that
using boosting to select disaggregate variables outperforms the benchmark for all considered variables. Compared to the factor approach, boosting is a competitive approach of
exploiting the high-dimensional disaggregate data.
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Additional table

Table 2.A.1: List of variables with missing observations for some countries
Countries
Greece

Ireland

Italy
Spain
Luxembourg

Series
EER
STN
LTN
YER
CPI
YED
EER
STN
LTN
STN
STN
LTN

Periods with missing observations
1970Q4-1994Q4
1970Q4-1994Q4
1970Q4-1994Q4
1970Q1-1989Q4
1970Q1-1975Q4
1970Q1-1989Q4
1970Q1-1989Q4
1970Q1-1989Q4
1970Q1-1989Q4
1970Q1-1970Q4
1970Q1-1976Q4
1970Q1-1993Q3
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Introduction

Forecasting Euro area macroeconomic aggregates is of interest to economic agents and
policy makers at all levels. One important issue in this context is whether the forecasts of
the aggregates should be constructed by using only the past information of the aggregates
or whether disaggregate forecasts for different European Monetary Union (EMU) member
countries are obtained first and then combined. The theoretical literature concerning the
effect of contemporaneous aggregation on the forecasting performance (Tiao and Guttman
(1980), Wei and Abraham (1981) and Lütkepohl (1984a,b)) derives the important result
that when the true data generating process (DGP) is known, then aggregating disaggregate
forecasts leads to lower mean squared forecast errors (MSFE) than using only aggregate
information in forecasting the aggregate and can therefore increase the forecasting precision. Surveys on forecasting aggregate time series data can be found in Granger (1990)
and Lütkepohl (2010).
However, in practice, the true DGP will be unknown, thus the forecasting accuracy depends on the empirical data under analysis. A number of studies document this in the literature. Marcellino et al. (2003) compare these two approaches for forecasting four Euro
area macroeconomic aggregates over the period from 1982 to 1997 and find that the most
accurate forecasts are produced by combining 11 country-specific forecasts. The study of
Hubrich (2005) focuses on investigating whether aggregating forecasts of subcomponents
(unprocessed and processed food, industrial good, energy and services prices) of the Harmonized Index of Consumer Prices (HICP) in the Euro area can improve the forecasting
accuracy. She finds that in the presence of some shocks (e.g. the oil price shock), the
forecast errors of the disaggregate subcomponents tend to have the same sign and cannot cancel out. Consequently, combining the disaggregate forecasts leads to increased
bias when predicting the year-on-year inflation twelve months ahead. However, if “core”
inflation, which does not include unprocessed food and energy prices, is taken into account, a better forecasting performance is observed when combining the subcomponent
forecasts. This may be due to the fact that the subcomponents included in the “core” inflation are less affected by the shocks. Zellner and Tobias (2000) investigate the effects
of aggregation and disaggregation in forecasting the median growth rate of 18 industrialized countries and provide evidence that improved forecasting results can be achieved by
disaggregation, however, the aggregate variable of interest should be included in the single disaggregate equation. Further developments in this area suggest to use disaggregate
variables or information extracted from disaggregate variables in forecasting the aggregates, see for example Hendry and Hubrich (2006, 2011) and Brüggemann and Lütkepohl
(2013).
This paper focuses on combining country-specific forecasts when forecasting Euro area
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macroeconomic aggregates. As noted in Hubrich (2005), the aggregation of disaggregate forecasts can be considered as a way of forecast combination. Since the first work
of Bates and Granger (1969) which motivates the idea of combining different forecasts,
enormous developments can be observed in the literature concerning this topic, see for
example Clemen (1989), Granger (1989), Hendry and Clements (2004), Wallis (2011)
and Hsiao and Wan (2014). Reasons in favour of the combination of forecasts are listed
in these papers. Generally, by combining multiple forecasts of the same variable, underlying information sets available or observable to different forecasters or organizations are
pooled as well. Thus forecast combination can be viewed as a kind of information combination. Moreover, combining forecasts generated by different forecast models and data
can reduce the misspecification bias and measurement errors and thus lead to more robust
forecasts. Especially if the individual forecasts are differently biased, then combining
them may mitigate the forecast errors.
Facing the forecast combination problem, a key issue is how to define the combination
weights. The weights can be chosen fixed (for example, equal weights) or estimated (for
example, based on their historical forecast performance). Timmermann (2006) reviews
various forecast combination methods theoretically and Stock and Watson (2004) compare the empirical performance of these methods. However, it should be noticed that there
is an important difference between the normal forecast combination problem discussed in
the literature and the forecast combination topic considered in this work. In the literature,
all papers concerning this topic aim at combining various forecasts of the same variable.
In our work, the individual forecasts used for combination are country-specific forecasts.
Thus they are forecasts of different disaggregate components. For example, the aggregate
Euro area GDP growth can be forecasted by combining the forecasts of the GDP growth
of the member countries. Due to this reason combination methods based on evaluating
the relative forecast performance of the single forecast cannot be considered.1
When combining the country-specific forecasts, the aggregation weights which are used
to construct the aggregate variable are often considered as combination weights. For example, Marcellino et al. (2003) use the fixed 1997 real GDP share weights to combine the
11 country-specific disaggregate forecasts. These weights are the same as those used to
produce the aggregate. In this paper, we examine the empirical performance of different
combination weights when combining the country-specific forecasts for forecasting four
Euro area macroeconomic aggregate variables. The first group of combination weights
1

It is also possible to forecast the Euro area aggregate variables by using just data from one EMU
member country as predictors. For example, Brüggemann et al. (2008) forecast the Euro area variables with
German pre-EMU data. Thus, by combining forecasts which use data from different member countries as
predictors, estimated combination weights considering the forecast accuracy of each single forecast can be
used. This is also examined in our work. However, the results show that this way of forecast combination
cannot reduce the mean squared forecast errors. Thus the results are not reported in this work.
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includes equal weights and the least squares (LS) estimators of the weights which are
popular in the usual forecast combination literature. The second group of combination
weights is based on the original aggregation weights. We apply the novel combination
strategy proposed by Athanasopoulos et al. (2009) and Hyndman et al. (2011) and the
shrinkage method suggested by Stock and Watson (2004) to derive combination weights
that also use information of the original aggregation weights. It should be noticed that
one could also try to improve the forecasting performance of the forecast combination
by selecting the most accurate forecast model for each countries’ time series and then
combine them. However, the main purpose of this paper is to examine the impact of different combination weights. Thus we use the same country-specific forecasts (estimated
by using the purely univariate autoregressive models) for different combination weights.2
We evaluate the forecasting performance of different combination methods in forecasting
four Euro area macroeconomic aggregate variables: the real GDP, the GDP deflator, the
Consumer Price Index (CPI) and the long-term interest rates. Recursive pseudo-out-ofsample forecasting experiments are conducted. We find that more flexible combination
weights (e.g. the LS combination weights and the weights suggested by using the shrinkage method of Stock and Watson (2004)) are needed when forecasting the aggregate real
GDP and GDP deflator, while using fixed aggregation weights as combination weights
beats the forecast of the aggregate variables based on their own past information at all
considered horizons for the CPI and long-term interest rates. Furthermore, combining
only forecasts of the three largest European countries Germany, France and Italy helps
to improve the forecasting performance. An additional finding of this paper is that if the
member countries data exhibit different persistence, for example, some countries data are
more persistent, while the others are less persistent, then choosing only forecasts of those
countries whose data are highly persistent for the combination may help to provide more
accurate forecasts.
The remainder of this paper is organized as follows. In Section 3.2, we briefly discuss
the equal weights and the least squares estimators of the weights which are popular in the
usual forecast combination literature. Section 3.3 introduces the novel combination strategy proposed by Athanasopoulos et al. (2009) and Hyndman et al. (2011). The shrinkage
method suggested by Stock and Watson (2004) for forecast combination is discussed in
Section 3.3 as well. The empirical results of our forecasting experiments are presented
and described in Section 3.4. Finally, Section 3.5 summarizes the main results and concludes.
2

Marcellino (2004) compares a large number of linear and nonlinear models for forecasting aggregate
EMU macroeconomic variables and the main result is that for a number of variables the simple autoregressive models perform quite well.
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Popular forecast combination weights

The choice of combination weights is an important issue when combining forecasts. Simple combination forecasts discussed in Stock and Watson (2004) use equal weights or
only the (trimmed) mean of all individual forecasts. Combination weights which are
computed based on evaluating the relative performance of the single forecast are originally proposed by Bates and Granger (1969). Timmermann (2006) provides a thorough
overview of combination methods which estimate the combination weights. Swanson
and Zeng (2001) examine forecast combination based on a model selection approach.
More recently, Hsiao and Wan (2014) introduce an eigenvector approach to determine the
combination weights. In this section, the simple equal weights used for combination are
discussed at first, since the equal weighting has been found in the literature to have better
performance than more complicated combining methods. The second method introduced
here estimates the combination weights by the ordinary least squares. Other more complicated estimated combination weights are not analyzed because the finite-sample errors
in estimating the weights can affect the combination negatively. Combination weights
based on the historical performance of the individual forecasts are not considered because
the disaggregate forecasts used for combination are forecasts of different country-specific
forecasts.

3.2.1

Equal weights

The result that using simple mean combination forecast with equal weights outperforms
other complicate forecast combinations is confirmed in many studies, see Clemen (1989)
for a summary of these papers up to 1989. Stock and Watson (2004) compare different
forecast combination methods based on 43 time series of seven developed countries and
find that the simple average of many forecasts leads to improvement of forecasting performance. Genre et al. (2013) investigate a number of more sophisticated combination
strategies compared to the equal weights to combine the expert forecasts from the European Central Bank Survey of Professional Forecasters. They conclude that only few
of these combination schemes outperform the simple average. Smith and Wallis (2009)
point out that the reason lies in the estimation errors. When complex forecast combination methods are applied and the aggregation weights need to be estimated, then these
estimated combination weights may be unreliable or unstable, such that the expected advantage of combining forecasts disappears.
Although the member countries’ variables are aggregated via non-equal weights to produce the aggregates in our work, it is interesting to examine whether using the equal
weights to combine the country-specific forecasts is a feasible alternative. Suppose the
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multi-period h-step-ahead forecasts of the Euro area aggregates and the N individual
EM U
EMU countries data are denoted by yt+h|t
and xi,t+h|t for i = 1, . . . , N , respectively. The
simple mean combination forecast can be expressed as in the following equation:
EM U
ŷt+h|t

N
1 X
1
1
=
x̂i,t+h|t = x̂1,t+h|t + . . . + x̂N,t+h|t ,
N i=1
N
N

EM U
and x̂i,t+h|t denote the aggregate and disaggregate forecasts based on models
where ŷt+h|t
with estimated parameters.

3.2.2

Least squares weights

Granger and Ramanathan (1984) suggest to estimate the forecast combination weights by
using the ordinary least squares (LS) method. Three versions of regression models are
considered:
EM U,(1)

LS1
LS1
LS1
= w0,h
+ w1,h
x̂1,τ +h|τ + . . . + wN,h
x̂N,τ +h|τ + ετ +h ,

(3.1)

EM U,(2)

LS2
LS2
= w1,h
x̂1,τ +h|τ + . . . + wN,h
x̂N,τ +h|τ + ετ +h ,

(3.2)

EM U,(3)

LS3
LS3
= w1,h
x̂1,τ +h|τ + . . . + wN,h
x̂N,τ +h|τ + ετ +h ,

yτ +h
yτ +h
yτ +h

s.t.

N
X

LS3
wi,h
= 1.

(3.3)

i=1
LS1
The regression model in (3.1) allows an intercept w0,h
. If there exists bias in the single
disaggregate forecasts, then the bias can be captured through this intercept term such that
the forecast for the aggregate may still be unbiased. In contrast, the regression models
(3.2) and (3.3) are more restrictive. They assume that the disaggregate forecasts are unbiased. Moreover, by restricting the sum of the weights equal to one, regression (3.3)
ensures that the forecast for the aggregate is unbiased given the assumption that the disaggregate forecasts are unbiased.
If we want to forecast an aggregate variable based on information until the period t, by
using this method, we start with the first estimation period from the beginning of the
sample until the period τ0 and obtain the first set of estimated disaggregate forecasts
x̂1,τ0 +h|τ0 , . . . , x̂N,τ0 +h|τ0 . This estimation period is then increased by one observation
and the second set of estimated disaggregate forecasts can be obtained. We continue this
process until the period t − h. At the end, the observed values of this aggregate variable
over the period τ = τ0 , . . . , t − h are regressed on the estimated disaggregate forecasts
to obtain the estimated combination weights. The combination weights in (3.1) and (3.2)
can be estimated by using the usual LS method and the combination weights in (3.3) are
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estimated through the restricted LS method (see e.g. Greene and Seaks (1991)). The estiEM U
mated combination weights are then used to compute the forecast for the aggregate ŷt+h|t
as:
EM U,(1)

LS1
LS1
LS1
x̂N,t+h|t ,
x̂1,t+h|t + . . . + ŵN,h,t
+ ŵ1,h,t
= ŵ0,h,t

EM U,(2)

LS2
LS2
x̂N,t+h|t ,
x̂1,t+h|t + . . . + ŵN,h,t
= ŵ1,h,t

EM U,(3)

LS3
LS3
= ŵ1,h,t
x̂1,t+h|t + . . . + ŵN,h,t
x̂N,t+h|t ,

ŷt+h|t
ŷt+h|t
ŷt+h|t
respectively.

3.3

Forecast combination weights based on the aggregation weights

Aggregate variables are typically weighted sums of disaggregate components. In our
context, the weights used to construct the Euro area macroeconomic aggregates often
reflect the relative size of the country within the EMU (measured as the GDP shares).
Clearly, the weights used in aggregation may also be considered for forecast combination
(e.g. Marcellino et al. (2003) and Lütkepohl (2010)). In this section, the aggregation
weights will be briefly described first. Then two variants of combination weights based
on the aggregation weights are introduced.

3.3.1

Aggregation weights

The Euro area aggregates ytEM U can be defined as the weighted sum of individual EMU
countries data xt = (x1,t , . . . , xN,t )0 :
ytEM U = w0 xt = w1 x1,t + . . . + wN xN,t .

(3.4)

xi,t for i = 1, . . . , N can be levels data or log-levels data or growth rates from each country. The aggregation weights w1 , . . . , wN are often fixed and time-invariant. Moreover,
P
they satisfy wi > 0 and
wi = 1. The most widely used method for constructing the
Euro area data is provided in Fagan et al. (2001, 2005). This aggregation is performed
on log-levels data using fixed weights. The Area Wide Model (AWM) database which
provides a wide range of quarterly Euro area macroeconomic time series data available
from 1970 is based on this method.
In the literature, the aggregation weights can also be time-varying. Beyer et al. (2001) suggest to aggregate the growth rates of the variables by using time-varying weights based on
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the real GDP share of the previous period. Similarly to this idea, Anderson et al. (2011)
propose to use sliding weights for aggregation which measure the time-varying distance
of the periphery countries from the core countries in terms of monetary integration. The
choice of different aggregation methods may have enormous impact on the subsequent
empirical analysis, see e.g. Bosker (2006). The impact of time-varying weights on forecasting contemporaneous aggregates is analyzed in Brüggemann and Lütkepohl (2013).
In our work, time-varying aggregation weights are not considered because the combination weights discussed in Section 3.3 assume fixed aggregation weights.
Suppose the multi-period ahead forecasts of the Euro area aggregates and the individual
EM U
and xi,t+h|t for i = 1, . . . , N . A natural way of
countries data are denoted by yt+h|t
combining the country-specific forecasts to obtain the forecasts of the aggregates is to use
the vector of aggregation weights w = (w1 , . . . , wN )0 as in equation (3.4) to obtain:
EM U
ŷt+h|t
= w1 x̂1,t+h|t + . . . + wN x̂N,t+h|t .
EM U
Again, ŷt+h|t
and x̂i,t+h|t denote the aggregate and disaggregate forecasts based on models with estimated parameters. In the following subsections, two alternative combination
methods will be introduced which do not use the aggregation weights w1 , . . . , wN as forecast combination weights directly. However, they are defined as functions of w1 , . . . , wN
from Equation (3.4).

3.3.2

Optimal forecast combination for hierarchical time series

Hierarchical time series are hierarchically structured and can be aggregated at different
levels in groups. An example presented in Athanasopoulos et al. (2009) and Hyndman
et al. (2011) are the domestic tourism data which are disaggregated by purpose of travel
or by geographical region. Since the EMU data are also disaggregated at the geographical
country level, the suggested approach may be useful in forecasting European aggregate
time series.
The commonly applied methods in forecasting hierarchical data are the bottom-up approach which starts with the forecasts for the bottom level and then aggregates those
forecasts to produce forecasts for higher hierarchies and the top-down approach which
conversely disaggregates the top level forecasts down according to some rules3 . The
comparative forecasting performance of these two approaches is discussed in Grunfeld
and Griliches (1960), Shlifer and Wolff (1979), Schwarzkopf et al. (1988) and Fliedner
(1999). To summarize, the bottom-up method better captures the structure of the hierar3

Athanasopoulos et al. (2009) discuss two versions of the top-down approach. One approach disaggregates the top level forecasts to produce the lower level forecasts based on the historical proportions of the
lower level series relative to the top aggregate. The other one is based on the forecasted propotions.
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chy due to accumulation from the bottom level. However, if the forecasts at the lowest
level are biased or incomplete because of missing data, then this will lead to larger bias in
forecasting at the higher levels. The top-down approach provides more accurate forecasts
for the top level forecasts, but it cannot take the individual characteristics of time series at
each level into account.
The new combination approach proposed in Athanasopoulos et al. (2009) and Hyndman
et al. (2011) considers smaller hierarchies with less than four levels, while hierarchies with
millions of time series at the lowest level are discussed in Hyndman et al. (2014). Starting
point of this approach is to forecast all time series at all (aggregate and disaggregate)
levels first. The obtained forecasts are referred to as base forecasts. Then the generalized
least squares estimation is used to produce the minimum variance unbiased combination
of these base forecasts which also satisfies the hierarchy. More detailed description of the
derivation and proof of this method can be found in Hyndman et al. (2011).
The central idea of this approach is to revise the base forecasts at hand by exploiting
the hierarchical structure. No restrictions on the computation of the base forecasts are
imposed. In principle, the base forecasts may be obtained by choosing from possible
forecasting methods discussed in the literature and with all kinds of information. This
may include models that use information from aggregate variables or from disaggregate
variables or from both. Other exogenous variables may be included in the information set
as well. If the base forecasts are unbiased, this approach simply provides revised forecasts
which are also unbiased and have the smallest variance among all possible combinations
that satisfy the hierarchical structure. So far, this novel method has mostly been used
in the context of tourism forecasting. Athanasopoulos et al. (2009) and Hyndman et al.
(2011) find that more accurate forecasts can be obtained by using this kind of forecast
combination in forecasting Australian domestic tourism demand, while Andrawis et al.
(2011) apply this method to combine short-term (monthly) and long-term (yearly) forecasts and analyze the tourism demand for Egypt. Capistran et al. (2010) select at first the
best forecasting models for each subcomponent of the Mexican Consumer Price Index
and then combine these forecasts by using this method. The results indicate that this approach yield better forecasts than just combining the forecasts from the bottom level by
using the corresponding weights.
According to the characteristics of the Euro area data, we consider a hierarchical structure
with only two levels in this work. The top level contains the aggregate series ytEM U and
the bottom level contains the N disaggregate data x1,t , . . . , xN,t . For each time observation t = 1, . . . , T , the hierarchical structure of the aggregate and disaggregate data is
shown in Figure 3.3.1. It should be noticed that in the applications in the literature discussed above, more than three levels are considered. In our context, it is also possible to
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Figure 3.3.1: The hierarchical structure of the Euro area aggregates and disaggregate data
include more levels in the hierarchy. For example, when combining the real GDP growth
of all EMU member countries to obtain the forecast of the Euro area aggregate GDP
growth, subcomponents of real GDP (private and government final consumption, gross
fixed capital formation and net exports) from each country can also be considered. However, the main purpose of this work is to investigate the effect of different combination
weights when combining country-specific forecasts. If more information of the subcomponents from each country is used for this approach, we could not identify whether the
use of more information or the use of these combination weights is the reason for possible
improvements of forecasting performance.
Let Yt denote the vector including all the aggregate and disaggregate time series at time t:
Yt = (ytEM U , x1,t , . . . , xN,t )0 and define a “summing" matrix S of dimension (N + 1) × N
which has the following form:
!
w0
,
S=
IN
where w = (w1 , . . . , wN )0 is the vector of aggregation weights defined in equation (3.4).
Now we write
Yt = Sxt ,
or to be more explicit
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In this approach, the h-step-ahead base forecasts for the aggregate and disaggregate time
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series based on the information set available up to time t are computed first:
EM U
Ŷt+h|t = (ŷt+h|t
, x̂1,t+h|t , . . . , x̂N,t+h|t )0 .

Denoting the revised forecasts by Ỹt+h|t , Athanasopoulos et al. (2009) and Hyndman et al.
(2011) show that the revised forecasts Ỹt+h|t are given by
Ỹt+h|t = S(S 0 S)−1 S 0 Ŷt+h|t .

(3.5)

Obviously, the revised forecasts Ỹt+h|t in equation (3.5) are linear combinations of the
base forecasts. Notice that the aggregation weights used for hierarchical time series in
Athanasopoulos et al. (2009) and Hyndman et al. (2011) are w1 = . . . = wN = 1.
However, in our forecasting analysis with the Euro area data, the aggregation weights are
P
not equal, but add up to one ( wi = 1).4 Therefore, according to equation (3.5), the
EM U
is a linear combination of the base
revised forecast for the Euro area aggregates ỹt+h|t
EM U
forecasts of both aggregate and disaggregate variables ŷt+h|t
, x̂1,t+h|t , . . . , x̂N,t+h|t . The
h
h
combination weights w1 , . . . , wN +1 implied by the first row of S(S 0 S)−1 S 0 are functions
of w1 , . . . , wN :
EM U
EM U
h
ỹt+h|t
= w1h ŷ1,t+h|t
+ w2h x̂1,t+h|t + . . . + wN
+1 x̂N,t+h|t .

Moreover, by considering all information available within a hierarchy, this method provides adjustments not only for the forecasts of the aggregate variables but also for the
single disaggregate forecast.
One drawback of these combination weights is that the revision of the forecasts in (3.5)
does not take the actual data into account. Only the hierarchy structure matters. Suppose
two different empirical variables which have the same hierarchy, then this method will
provide the same combination scheme. Furthermore, this method is inappropriate for the
case where time-varying weights are used in aggregation.

3.3.3

Shrinkage method for forecast combination

Diebold and Pauly (1990) suggest to incorporate prior information on the weights into
the estimation of forecast combination weights by using Bayesian shrinkage techniques.
Based on the g-prior model of Zellner (1986), they derive that the vector of the posterior
4

Using nonequal weighs still provide the minimum variance unbiased combination, given that the base
forecasts are unbiased, since the derivation and proof of this method are independent of the form of the S
matrix.
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weights wS has the following form:
wS = w0 +

1
(wLS − w0 ).
1+g

(3.6)

w0 represents the vector of the prior weights and wLS contains the LS estimators of the
combination weights which are discussed in Section 3.2.2. The parameter g which controls the amount of shrinkage can be estimated by using empirical Bayes methods (see
Diebold and Pauly (1990)). It is easy to see that the combination weights in wS are a linear combination of the prior weights and the LS estimators of the combination weights.
A larger value of g implies shrinkage towards the prior information and a smaller g leads
to less shrinkage.
Diebold and Pauly (1990) use equal weights as the prior weights. The same choice can be
found in Stock and Watson (2004). Moreover, for each weight in wS , Stock and Watson
(2004) simplify the equation (3.6) as:
wiS = λwiLS + (1 − λ)1/N.

(3.7)

The parameter λ is determined by:
λ = max(0, 1 − κN/(t − h − τ0 − N )),

(3.8)

where N denotes the number of forecasting models to be combined. Data available up to
the period t are used to estimate the LS weights and h is the forecasting horizon. τ0 is
defined as in Section 3.2.2. κ is the strength of the shrinkage and Stock and Watson (2004)
evaluate forecasts for κ = 0.25, 0.5 and 1. Larger values of κ correspond smaller values
of λ and hence more shrinkage towards equal weighs 1/N . The value of the parameter
λ is restricted to be nonnegative and depends on N and the number of observations used
for estimating the LS weights (t). If t increases faster than N , in the limit the LS weights
will obtain a weights of unity. The weights in equation (3.7) are quite often discussed
and used in the forecast combination literature (see for example Timmermann (2006) and
Wright (2008)).
We modify the idea of using equal weights as prior weights by considering the aggregation
weights of equation (3.4) in (3.7):
wiS = λwiLS + (1 − λ)wi .

(3.9)

According to equation (3.9), the combination procedure based on shrinkage methods provides a convex combination of the LS weights and the original aggregation weights. Since
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the parameter in (3.8) depends only on the relative proportion of N and t, by using the
aggregation weights instead of the equal weights as prior information, λ of equation (3.9)
is also defined as in (3.8). Thus, to compute the forecast of the aggregate variables, the
disaggregate forecasts can be combined with the weights in (3.9):
EM U
S
S
ŷt+h|t
= w1,t
x̂1,t+h|t + . . . + wN,t
x̂N,t+h|t .

Notice that the weights given in (3.9) depend on the sample size considered for the estimation of LS weights, thus wS will change if different recursive samples are used in the
forecasting exercise.

3.4

Empirical analysis

Since the introduction of the Euro in 1999, a large number of empirical papers have acknowledged the importance of analyzing and forecasting the Euro area macroeconomic
aggregates. Marcellino et al. (2003) point out that “political and business decisions increasingly depend on aggregate European real economic activity”. For example, Marcellino (2004) focuses on forecasting the EMU macroeconomic variables and evaluating
the performance of a large number of forecasting methods. Banerjee et al. (2005) investigate the role of a set of variables as leading indicators for Euro area inflation and GDP
growth. Hubrich (2005) examines whether aggregating forecasts of Harmonized Index
of Consumer Price subcomponents lead to more accurate forecasts of Euro area inflation.
Our empirical analysis focuses on how the forecasting accuracy of the Euro area aggregate variables are affected by choosing different combination weights when combining
the country-specific forecasts.

3.4.1

Data

In the empirical study, four macroeconomic variables, the real GDP (YER), the consumer
price index (CPI), the GDP deflator (YED) and the long-term interest rate (LTN) are
considered.5 Forecasts of Euro area inflation and GDP growth are of central interest for
the European Central Bank and policy makers.
The aggregate time series data are taken from the Area Wide Model (AWM) database over
the period from 1970Q1 to 2011Q4. The Euro Area Business Cycle Network6 reports a
5

The exchange rate against the US-Dollar and the short-term interest rates are not considered in this
work, since with the introduction of the Euro in 1999 all the Euro zone countries have the same data for
these two variables respectively. When applying the LS combination weights, the problem of singular
matrix occurs due to the same data.
6
The corresponding website is http://www.eabcn.org.
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Table 3.4.1: AWM weights updated for 12 countries (w0 ) and the combination weights
derived from the approach for hierarchical time series (wh )
countries
Austria
Belgium
Finland
France
Germany
Greece

w0
0.030
0.037
0.017
0.213
0.303
0.018

wh
0.025
0.031
0.014
0.179
0.254
0.015

countries
Ireland
Italy
Luxembourg
Netherlands
Portugal
Spain

w0
0.012
0.191
0.003
0.061
0.018
0.097

wh
0.010
0.161
0.002
0.051
0.016
0.082

Note: wh is based on the method suggested by Athanasopoulos et al. (2009) and Hyndman et al. (2011).
This method assigns a weight to the forecast of the aggregate variable in the forecast combination. In our
example this weight is 0.160.

wide range of quarterly Euro Area macroeconomic time series. Nowadays the AWM
database is widely used for empirical studies on the Euro Area economy (see e.g. Banerjee et al. (2005) and Küster and Wieland (2010)). The aggregate data are constructed
according to Fagan et al. (2001, 2005). For example, the logarithm of the aggregate GDP
for the Euro area is a weighted average of the logarithms of the member countries’ GDP,
where fixed weights based on the real GDP shares for 1995 are used. Since in Fagan et al.
(2001) only 11 aggregation weights (without weight for Greece) are given, we calculate the weights for 12 European countries by using the same method described in Fagan
et al. (2001) and report the results in the column with w0 in Table 3.4.1. Disaggregate
data from 12 EMU countries are considered here7 . The quarterly data are taken from the
OECD main economic indicators and range from 1970Q1 to 2011Q4.
First, all the time series are seasonally adjusted. Second, if the data on real GDP, CPI
and GDP deflator have different base years, they are rebased such that all series refer
to the same base year 2005. Third, augmented unit-root tests are applied to check the
integration properties of these time series. Since all data are integrated of order one,
the first differences of logarithms are taken for the variables YER, CPI and YED, while
for the variable LTN only the first differences of levels are used. At last, since not all
variables are available for the whole sample period, we use the expectation-maximization
(EM) method suggested in Stock and Watson (2002a) to interpolate missing values. Time
series with missing values are listed in Table 3.4.2.
7

12 European countries considered in this work are Austria, Belgium, Finland, France, Germany,
Greece, Ireland, Italy, Luxembourg, Netherlands, Portugal and Spain.
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Table 3.4.2: List of variables with missing observations for some countries
Countries
Greece
Ireland

Luxembourg

3.4.2

Series
LTN
YER
CPI
YED
LTN
LTN

Periods with missing observations
1970Q4-1994Q4
1970Q1-1989Q4
1970Q1-1975Q4
1970Q1-1989Q4
1970Q1-1989Q4
1970Q1-1993Q3

Forecasting details

The main purpose of this paper is in investigating whether using different combination
weights to combine country-specific forecasts can produce more accurate forecasts for
the aggregates, compared to the use of the aggregation weights as combination weights.
Thus, rather than finding the best performing forecast model for each country, we focus
on the simple univariate autoregressive models with two lags for forecasting the countries
data8 to obtain the disaggregate forecasts. The AR(2) model used is:
xi,t+h = ci,h + αi,1 xi,t + αi,2 xi,t−1 + εi,t+h .

(3.10)

For each variable, we estimate equation (3.10) for each of the 12 countries data by using
ordinary least squares (OLS) in a recursive manner. The first estimation sample starts
in 1970Q1 and ends in 2002Q4. With the estimated coefficients, forecasts for h = 1, 2
and 4 steps ahead for each country are computed. Thus 12 country-specific forecasts are
obtained. For the second estimation sample from 1970Q1 to 2003Q1, the same exercise
is repeated. Since data are available until 2011Q4, the last estimation sample ends in
2010Q4. Thus, we obtain 33 pseudo-out-of-sample forecasts for each horizon h. For
the forecasting performance evaluation, we use the mean squared forecast error (MSFE),
where the forecast error is defined as the difference of the true value and the estimated
forecasted value of the aggregate variable. Because of its good forecasting performance,
the univariate autoregressive models with four lags of the aggregate variable is considered
as our benchmark. We compare the MSFE of different combination methods against
the MSFE obtained from the benchmark. Combination methods which perform better
than the benchmark should have smaller relative mean squared forecast errors (relative
MSFEs) than one.
8

A robustness check for different lag length choice is also undertaken. Using the Akaike information
criteria for selecting the lag length does not change the main findings of this paper.
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Results of forecasting comparison

The relative MSFEs of different combination methods for each of the considered variable
and each forecasting horizon are presented in Table 3.4.3. We report results for forecast
combinations using the AWM aggregation weights (w0 ), the equal weights (we ), the three
variants of the LS weights (wLS1 , wLS2 and wLS3 ), the weights derived from the approach
for hierarchical time series (wh ) and the weights computed by using the shrinkage method
(wS1 , wS2 and wS3 ). In line with Stock and Watson (2004), for the shrinkage method,
the LS estimators of the weights wLS used in (3.9) are the estimated coefficients of the
regression model without an intercept, as in (3.2). Thus, the combination weights are
computed by using the shrinkage method for three different values of κ in (3.8): κ =
0.25, 0.5 and 1, denoted as wS1 , wS2 and wS3 , respectively. When estimating the LS
weights in regression models (3.1), (3.2) and (3.3) and in equation (3.9), τ0 is set as
1989Q4.
The results in Table 3.4.3 indicate that for the variables real GDP (YER) and GDP deflator (YED), using the original AWM aggregation weights as forecast combination weights
leads to larger MSFEs relative to the AR(4) benchmark for the aggregate. Especially
for the GDP deflator, the relative MSFEs are substantially larger than one at all forecasting horizons. This indicates that forecasting the aggregate with a simple AR(4) model
performs better than aggregating the country-specific forecasts by using the original aggregation weights. Furthermore, we find that using the combination weights derived from
the approach for hierarchical time series does not change the relative weights of the disaggregate forecasts. It gives only part of the total weights to the forecast of the aggregate
variable. These weights are reported in Table 3.4.1 together with the AWM aggregation
weights. We see that the forecast of the aggregate variable obtains the weight of 0.16
when combining all the base forecasts. Thus, the weight assigned to all the countryspecific forecast is 0.84. For instance, the weight of 0.179 given to France relative to 0.84
results in exactly the AWM weight of 0.213 for France. Due to this reason, the hierarchical time series combination methods should have similar forecast performance as using
the AWM weights as combination weights. This is confirmed by comparing the relative
MSFEs of these two combination methods in Table 3.4.3.
We note that for real GDP and GDP deflator, using more flexible combination weights as
in the LS method or the shrinkage method is a useful strategy at least for some forecasting
horizons. For YER at h = 1, using the LS estimators as combination weights provide
more accurate forecasts compared to the benchmark, while for the variable YED, sizable
gains in forecasting precision can be observed by using wLS1 and wLS2 . We also find that
the shrinkage method leads to somewhat more precise forecasts for the GDP growth at
h = 1 and the GDP deflator at h = 1 and h = 4.
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Table 3.4.3: Relative MSFEs of different combination methods using 12 country-specific
forecasts
w0

we

wLS1

wLS2

h=1
h=2
h=4

1.017
0.973
1.021

1.092
1.000
1.060

0.845
1.120
1.071

0.905
1.110
1.096

h=1
h=2
h=4

1.251
1.385
1.280

1.482
1.651
1.667

0.893
1.150
0.979

0.881
1.200
0.954

h=1
h=2
h=4

0.964
0.942
0.972

1.109
1.075
1.104

1.137
0.904
0.941

1.161
0.960
1.263

h=1
h=2
h=4

0.980
0.960
0.986

0.953
0.950
0.982

1.152
1.095
0.997

1.140
0.957
0.987

wLS3
YER
0.900
1.110
1.085
YED
1.059
1.371
1.093
CPI
1.129
0.967
1.162
LTN
1.128
0.951
0.996

wh

wS1

wS2

wS3

1.009
0.975
1.017

0.899
1.101
1.087

0.893
1.092
1.080

0.887
1.076
1.065

1.177
1.289
1.218

0.890
1.196
0.942

0.902
1.196
0.935

0.931
1.200
0.934

0.961
0.948
0.972

1.131
0.952
1.234

1.103
0.944
1.206

1.054
0.931
1.155

0.977
0.965
0.987

1.125
0.955
0.982

1.111
0.953
0.978

1.084
0.950
0.971

Note: The table shows relative MSFEs of different combination approaches. The benchmark is the univariate autoregressive model (AR(4) with an intercept) for the aggregate variable. Univariate AR(2) models
with an intercept are used for forecasting the disaggregate variables. The relative MSFEs are computed for
out-of-sample recursive forecasts over the period from 2003Q1 to 2011Q4. w0 refers to the AWM aggregation weights. The equal weights of 1/12 are denoted as we . The three variants of the LS weights are
wLS1 , wLS2 and wLS3 . The weights derived from the approach for hierarchical time series are denoted
as wh . The combination weights computed by using the shrinkage method for three different values of κ
(κ = 0.25, 0.5 and 1) are denoted as wS1 , wS2 and wS3 , respectively.

Interestingly, using the AWM aggregation weights w0 as combination weights when combining the country-specific can beat the benchmark at all considered horizons for the variables CPI and LTN. For these two variables, the relative MSFEs in the column with w0
are smaller than one. Since using wh should have similar performance as w0 , as explained
before, we observe the same pattern in the column with wh . Using the LS combination
weights and the weights derived from the shrinkage method help to improve the forecasting accuracy of CPI and LTN for some cases. For example, for CPI, using wLS1 shows a
better performance at larger horizons of h = 2 and h = 4 than both the benchmark and
the use of the AWM aggregation weights, while for the long-term interest rate, compared
to w0 , relatively small gains are observed by using the shrinkage method at h = 2 and
h = 4.
Using the equal weights we as combination weights leads to larger relative MSFEs and
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thus worse performance in forecasting the real GDP, GDP deflator and CPI. This indicates
that when combining country-specific forecasts for these variables, different countries
should be weighted differently. However, using we helps to reduce the MSFEs when
forecasting the interest rate, even compared to the use of the AWM aggregation weights
w0 . This may be due to the fact that the developments in the long-term interest rates in
the EMU member countries do not differ widely so that each single country forecast can
be weighted equally when combining.
Because the estimated combination weights wLS and wS lead to much more precise forecasts for YER at h = 1 than using the original aggregation weights w0 as combination
weights, we plot them together with the AWM weights for all member countries in Figure 3.4.1. Remember that the AMW weights are defined as the real GDP share of each
member country. These figures suggest that the estimated combination weights have quite
different values than the AWM weights. For instance for the variable YER at h = 1, for
Germany, the estimated combination weights wLS and wS are larger than its aggregation weight of 0.303, except the line with right-pointing triangle which corresponds to
the estimated weights from the regression model with an intercept (wLS1 )9 . This means
that in the forecast combination, the forecast of Germany has a much larger weight than
0.303. This is also true for the forecasts of Belgium, Finland, France, Greece and Italy
which receive larger weights when combining according to the LS method and the shrinkage method, while other small countries like Ireland and Luxembourg obtain very small
weights for the combination.
Taking a closer look at the estimated weights plotted in Figure 3.4.1 for the real GDP, we
observe a strong short rise or drop in the estimated weights around 2010 in some countries (for example Austria, Germany and Italy). The reason for this rapid change lies in
the global financial crisis of 2007-2008 which has an enormous negative impact on the
real economy of all member countries from 2009 onwards. Consequently, using data until
2009, the estimated weights around 2010 show some sudden changes. If only the sample
size from 1970Q1 to 2008Q4 (data before the financial crisis) is taken into account, we
find that the advantage of using estimated weights(wLS and wS ) for the forecast combination disappears.10 This indicates that the LS method and the shrinkage method are more
flexible to adapt to data in the crisis period.
For the variable YED at h = 1 and h = 4, using the estimated combination weights
wLS and wS can improve the forecast accuracy compared to the benchmark and the use
of AWM weights. Consequently, we also plot the weights in Figure 3.4.2 and 3.4.3. The
solid horizontal lines refer again to the fixed AWM weights for each country. First of
9

Due to the intercept, the estimated coefficients in equation (3.1) are quite different to those in (3.2) and
(3.3).
10
Detailed results for this are not reported in this paper, but are available on request.
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all, we observe that the estimated weights for the GDP deflator are not seriously affected
by the financial crisis. By considering the sample size before the financial crisis, the use
of estimated combination weights can still provide more accurate forecasts. This could
be due to the fact that the data generating processes for Euro area prices have changed
less than those for real GDP during the crisis. Different to the plots for the real GDP, we
find that for both h = 1 and h = 4, some of the larger countries in EMU like Germany
and Italy receive smaller weights in comparison to AWM weights when combining the
forecasts of the GDP deflator from each country, sometimes even negative weights, while
other countries like France (at h = 1) and Portugal (at h = 1 and h = 4) obtain large
combination weights (larger than their original aggregation weights). This probably reflects the large heterogeneity of inflation rates in the Euro area member countries. Beck
et al. (2009) point out that both before and after the introduction of the Euro in 1999,
large and persistent differences in inflation rates of EMU member countries are observed.
Country-specific factors caused by fiscal policy and special economic factors like production structures or labour market institutions can lead to divergence of inflation rates.
Thus, weighting the country-specific inflation rates differently than implied by the AMW
weights helps to improve the forecasting performance.

3.4.4

Combining forecasts of three largest countries in Euro area

In the forecasting exercise reported in Section 3.4.3, 12 country-specific forecasts are considered for the combination. In this section, only the forecasts of the three largest EMU
countries Germany, France and Italy are combined. These three countries are sometimes
regarded as the core economies in the Euro area. Clearly, these countries play a major role
in constructing the macroeconomic aggregates of the AWM data. Their total GDP share
corresponds to about 70%. Thus, we investigate whether it is beneficial to only consider
aggregating the forecasting of these three largest EMU economies and therefore set the
combination weights of the remaining countries to zero.
Based on the ordering of the countries data used in this work we define the new weighting
vector:
w3 = (0, 0, 0, 0.213, 0.303, 0, 0, 0.191, 0, 0, 0, 0)0 .

(3.11)

The weights in w3 are then used as forecast combination weights. As in Section 3.4.3, we
check the combination of the forecasts of Germany, France and Italy with equal weights
using we = 1/3. The weights estimated by the LS method and the shrinkage method as
well as the weights derived from the approach for hierarchial data are also considered.
Table 3.4.4 presents the results of relative MSFEs.
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Figure 3.4.1: Combination weights wLS , wS and w0 for real GDP (YER), h = 1
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Note: The recursive out-of-sample forecasting experiment for h = 1 is done over the period from 2003Q1
to 2011Q1, thus we obtain 33 estimated combination weights by using the LS method and the shrinkage
method. The solid horizontal line refers to the AWM weights which are fixed. The line with right-pointing
triangle is for the combination weight wLS1 , the dotted line with plus sign for wLS2 , the dotted line with
circle for wLS3 , the line with left-pointing triangle for wS1 , the dotted line with square for wS2 and the line
with downward-pointing triangle for wS3 .

When forecasting the aggregate GDP growth by combining the forecasts of real GDP
growth of Germany, France and Italy, using more flexible combination weights estimated
by the shrinkage method (wS1 , wS2 and wS3 ) is beneficial to obtain more accurate fore-
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Figure 3.4.2: Combination weights wLS , wS and w0 for GDP deflator (YED), h = 1
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Note: The recursive out-of-sample forecasting experiment for h = 1 is done over the period from 2003Q1
to 2011Q1, thus we obtain 33 estimated combination weights by using the LS method and the shrinkage
method. The solid horizontal line refers to the AWM weights which are fixed. The line with right-pointing
triangle is for the combination weight wLS1 , the dotted line with plus sign for wLS2 , the dotted line with
circle for wLS3 , the line with left-pointing triangle for wS1 , the dotted line with square for wS2 and the line
with downward-pointing triangle for wS3 .

casts. Sizable smaller relative MSFEs are observed in Table 3.4.4 for the variable YER at
all forecasting horizons, compared to the benchmark. Remember that in Table 3.4.3, when
combining all 12 country-specific forecasts, using the weights derived from the shrinkage method performs better than the benchmark only at h = 1. Using the LS method
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Figure 3.4.3: Combination weights wLS , wS and w0 for GDP deflator (YED), h = 4
AUSTRIA: YED h=4

BELGIUM: YED h=4

0.9

0.04

0.8

0.02

FINLAND: YED h=4
0.12

0.1
0.7

0

0.6

0.08
−0.02

0.5
−0.04

0.06

0.4
−0.06
0.3

0.04
−0.08

0.2

0.02
−0.1

0.1
0
2003

2004

2005

2006

2007

2008

2009

2010

2011

−0.12
2003

2004

2005

FRANCE: YED h=4

2006

2007

2008

2009

2010

2011

0
2003

2004

2005

GERMANY: YED h=4

0.4

0.4

0.35

0.3

2006

2007

2008

2009

2010

2011

2009

2010

2011

2009

2010

2011

2009

2010

2011

GREECE: YED h=4
0.02

0

0.2

0.3

−0.02
0.1

0.25
0

−0.04

−0.1

−0.06

0.2
0.15
−0.2
−0.08

0.1

−0.3

0.05

−0.1

−0.4

0
2003

2004

2005

−3

2006

2007

2008

2009

2010

2011

−0.5
2003

2004

2005

IRELAND: YED h=4

x 10

2006

2007

2008

2009

2010

2011

−0.12
2003

2004

2005

ITALY: YED h=4

2006

2007

2008

LUXEMBOURG: YED h=4

0.25

0.02

12

0

0.2
10

−0.02
0.15

8

−0.04

6

0.1

−0.06

0.05

−0.08

4
2

−0.1
0

0

−0.12
−2

−0.05

−0.14

−4
2003

2004

2005

2006

2007

2008

2009

2010

2011

−0.1
2003

2004

2005

NETHERKANDS: YED h=4

2006

2007

2008

2009

2010

2011

−0.16
2003

2004

2005

0.14

2006

2007

2008

SPAIN: YED h=4

PORTUGAL: YED h=4
0.25

0.4

0.12
0.35
0.1

0.2
0.3

0.08
0.15

0.06

0.25

0.04
0.02

0.2

0.1

0

0.15

−0.02

0.05
0.1

−0.04
−0.06
2003

2004

2005

2006

2007

2008

2009

2010

2011

0
2003

2004

2005

2006

2007

2008

2009

2010

2011

0.05
2003

2004

2005

2006

2007

2008

Note: The recursive out-of-sample forecasting experiment for h = 4 is done over the period from 2003Q4
to 2011Q4, thus we obtain 33 estimated combination weights by using the LS method and the shrinkage
method. The solid horizontal line refers to the AWM weights which are fixed. The line with right-pointing
triangle is for the combination weight wLS1 , the line with plus sign for wLS2 , the line with circle for
wLS3 , the line with left-pointing triangle for wS1 , the line with square for wS2 and the line with downwardpointing triangle for wS3 .

based on the data of these three countries leads to an improvement in forecast accuracy
for the short horizon h = 1. For the horizon h = 2, smaller gains are obtained by using
the weights wLS2 and wLS3 . Moreover, we observe some gains in forecast precision by
using w3 defined in (3.11) for the horizons h = 2 and h = 4. Especially at h = 4, the
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Table 3.4.4: Relative MSFEs of different combination methods using forecasts of Germany, France and Italy
w0

w3

we

wLS1

h=1
h=2
h=4

1.017
0.973
1.021

1.013
0.955
0.957

0.971
0.966
1.013

0.880
1.054
1.043

h=1
h=2
h=4

1.251
1.385
1.280

0.944
0.927
0.908

1.317
1.440
1.310

1.001
1.101
1.101

h=1
h=2
h=4

0.964
0.942
0.972

1.044
0.909
0.882

0.941
0.917
0.947

0.981
0.869
0.832

h=1
h=2
h=4

0.980
0.960
0.986

0.978
0.953
0.988

0.992
0.971
0.992

1.086
1.061
1.059

wLS2 wLS3
YER
0.866 0.864
0.956 0.966
0.978 1.027
YED
1.056 1.069
1.139 1.176
1.084 1.161
CPI
1.036 0.954
0.940 0.942
0.941 0.982
LTN
1.059 1.000
0.988 0.985
1.038 1.003

wh

wS1

wS2

wS3

1.002
0.955
0.960

0.870
0.955
0.977

0.874
0.955
0.975

0.884
0.954
0.973

0.934
0.921
0.905

1.033
1.114
1.065

1.012
1.090
1.046

0.975
1.048
1.013

1.002
0.900
0.887

1.036
0.938
0.938

1.036
0.935
0.934

1.037
0.931
0.928

0.973
0.958
0.989

1.052
0.986
1.031

1.045
0.984
1.024

1.032
0.980
1.012

Note: The table shows relative MSFEs of different combination approaches to combine the forecasts of
Germany, France and Italy. The benchmark is the univariate autoregressive model (AR(4) with an intercept) for the aggregate variable. Univariate AR(2) models with an intercept are used for forecasting the
disaggregate variables. The relative MSFEs are computed for out-of-sample recursive forecasts over the
period from 2003Q1 to 2011Q4. w0 refers to the AWM aggregation weights. The equal weights of 1/12
are denoted as we . The three variants of the LS weights are wLS1 , wLS2 and wLS3 . The weights derived
from the approach for hierarchical time series are denoted as wh . The combination weights computed by
using the shrinkage method for three different values of κ (κ = 0.25, 0.5 and 1) are denoted as wS1 , wS2
and wS3 , respectively.

smallest relative MSFE is obtained with w3 . The weights derived from the approach for
hierarchical data have again quite similar results as w3 .
For the variable GDP deflator, combining the German, French and Italian forecasts of
YED by using the fixed AWM aggregation weights of 0.303, 0.213 and 0.191 leads to
more accurate forecasts at all horizons compared to the benchmark. Using wh provides
slightly smaller relative MSFEs, compared to the use of w3 . The reason is probably that
by using wh , the forecast of the aggregate GDP deflator receives also a weight for the
forecast combination. Taking this into account may contribute to the forecast improvement in comparison to only pooling the forecasts of German, France and Italy together.
Furthermore, differently to Table 3.4.3, the use of LS method and the shrinkage method
for estimating the combination weights is not beneficial here. A possible reason for this
observation is that although there is substantial heterogeneity in the inflation rates in the
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member countries, when taking only the core countries Germany, Italy and France into
account, comovements caused by the common factors like monetary policy will dominate
so that the AWM weights representing the relative economic importance of the countries
can provide more precise forecasts than the estimated combination weights.
For the variable CPI, Table 3.4.4 shows that aggregating only the German, French and
Italian forecasts of CPI by using w3 yields better forecasts than combining 12 countries
forecasts with w0 at h = 2 and h = 4. The combination weights wh have quite similar
performance as w3 . For the horizons h = 2 and h = 4, the smallest relative MSFEs
are obtained by using wLS1 . The combination method with the shrinkage method also
provides some improvements in forecast accuracy against the benchmark and the combination with w0 , however, it cannot beat the combination with w3 .
For the variable long-term interest rate, using w3 and wh leads to slightly smaller relative
MSFEs compared to the method of combining the 12 country-specific forecasts by using
the AWM aggregation weights w0 at horizons h = 1 and h = 2. This result reflects the
fact that the long-term interest rates have quite similar developments in all member countries, thus not much information in data from other countries are needed when combining
forecasts.

3.4.5

Persistence of the data

An interesting issue that arises in this empirical analysis is why combining the 12 countryspecific forecasts by using the aggregation weights can lead to more precise forecasts of
the aggregate CPI and long-term interest rate, while for the variables real GDP and GDP
deflator, this approach shows relatively larger MSFEs against the benchmark. To answer
this question, we first use the Quandt-Andrews Breakpoint test to detect unknown structural breaks in all time series.11 There is ample evidence of structural breaks in most time
series considered in this work. So the structural change in the data may not provide a
reasonable explanation to this question. Next, we check the persistence of the underlying
series by estimating univariate autoregressive models with one lag and intercept (AR(1))
for each transformed time series12 . To check for possible changes in the persistence of the
sample period, we estimate the AR(1) models and report the recursively estimated coefficients together with 95% confidence intervals for the sample periods that end between
1995Q1 and 2011Q413 . All the plots of the persistence of the data are summarized in
11

The Quandt-Andrews Breakpoint testa are carried out by Eviews 8 for all aggregate and countryspecific data. The results are not reported here, but available on request.
12
To obtain stationary time series, the first differences of logarithms are taken for YER, YED and CPI.
For the variable LTN the first differences are considered.
13
The sample for estimation begins always in 1970Q1. We choose 1995Q1 as the end of the first recursive
sample because since this date there are no missing values in all considered time series.
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Appendix 3.A.
Figure 3.A.1 plots the persistence of the four macroeconomic aggregate variables. Obviously, different variables exhibit different persistent properties. The aggregate CPI shows
high persistence with AR parameters around 0.9 and upper limits of 95% confidence intervals ranging between 0.98 and 1.01, followed by YED, while the aggregate YER and
LTN are less persistent. Generally, the persistence for the aggregate variable remains quite
stable over the time. However, a sudden increase in the estimated AR(1) coefficients for
the real GDP growth in 2009 is observed due to the impact of the global financial crisis
on the real economy in the Euro area.
The plotted AR(1) coefficients for real GDP growth across countries are shown in Figure
3.A.2. For the EMU member countries, there is a clear difference in persistent properties.
Some countries like Belgium, France, Greece and Portugal have relative highly persistent
real GDP growth series, while much lower persistence is observed for the other countries.
Especially the real GDP growth in Germany displays very low persistence (ranging from
-0.015 and 0.13) which indicates low serial correlation with its own past. Similar results
can be found in Figure 3.A.3 for different countries GDP deflator infaltion. However,
there are more countries with highly persistent GDP deflator.
Checking the graphs in Figure 3.A.4, we find that almost all Euro area countries exhibit
high persistence in CPI. It should be emphasized here that the aggregate CPI is highly
persistent as well. This result is in line with the findings reported in the econometric
literature concerning the inflation persistence in the Euro area, for example Altissimo
et al. (2006) and Benati (2008). In contrast, as shown in Figure 3.A.5, the countries’
LTN are less persistent and we have also observed fairly low persistence in the aggregate
long-term interest rate.
Thus one main conclusion from the persistence check emerges. The aggregate CPI and the
CPI in the member countries exhibit all very high persistence, while the aggregate LTN
and the countries’ LTN show lower persistence. Furthermore, for both variables, there
is not much variation in the persistence across countries. This might be the reason why
combining the 12 country-specific forecasts by using the aggregation weights can provide
more precise forecasts of the aggregate CPI and LTN.14 In contrast, for the variables real
GDP and GDP deflator, much more variation in the persistence parameters is observed.
Thus simply combining the country-specific forecasts with the aggregation weights can
not help to improve the forecasting performance for these two variables.
Based on the consideration above we select only the forecasts of those countries for com14

This finding is not against the results in Hubrich (2005) which forecasts the Euro area HICP by aggregating forecasts of subcomponents. In her paper, if “core" inflation (without the subcomponents unprocessed food and energy prices) is considered, then combining subcomponents forecasts leads to more
precise forecasts than forecasting the aggregate by using only its past information.
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Table 3.4.5: Relative MSFEs of combination with countries selected according to persistence
YER
w
wselect
1.017 0.875
0.973 0.920
1.021 1.008
0

h=1
h=2
h=4

YED
w
wselect
1.251 0.836
1.385 0.894
1.280 0.871
0

Note: The table shows relative MSFEs of combination with countries selected according to persistence.
The benchmark is the univariate autoregressive model (AR(4) with an intercept) for the aggregate variable.
Univariate AR(2) models with an intercept are used for forecasting the disaggregate variables. The relative
MSFEs are computed for out-of-sample recursive forecasts over the period from 2003Q1 to 2011Q4. w0
refers to the AWM aggregation weights. wselect refers to the combination method where only countries
with highly persistent data are considered for combination.

bination which have highly persistent data for the variables real GDP and GDP deflator.
For real GDP, the forecasts of Belgium, France, Greece and Portugal are combined with
their original aggregation weights, while the forecasts of the other countries are not considered for the combination. For the variable GDP deflator, the data in Belgium, France,
Greece, Italy, Netherlands, Portugal and Spain are highly persistent and therefore their
forecasts are used for combination. The results of the forecasting comparison are reported
in Table 3.4.5. We find that compared to the benchmark and w0 , using selected countries’
forecasts for combination can indeed lead to sizable smaller MSFEs and therefore to a
better forecasting performance. Therefore, one tentative conjecture from our empirical
results is that the underlying persistence of the data seems to play a role for the relative
forecasting performance.15 Since Table 3.4.3, 3.4.4 and 3.4.5 use the same benchmark, by
comparing them we note that for real GDP, using wselect does not necessarily lead to an
improvement in the forecast accuracy compared to using wLS2 or the estimated weights
suggested by the shrinkage method to combine the forecasts of Germany, France and
Italy (Table 3.4.4), while for the GDP deflator, using wselect beats any other combination
methods.

3.5

Conclusion

This paper investigates whether using different combination weights when combining the
country-specific forecasts is beneficial in forecasting Euro area macroeconomic aggre15

A simulation study is also conducted. The aim is to investigate whether the persistence of the data
can effect the performance of forecast combination. However, the simulation results cannot support our
empirical findings in Section 3.4.5.
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gates. Usually, the aggregation weights which are used to produce the aggregate variable
are considered as combination weights. In this work, some widely used combination
weights such as equal weights and the LS estimators of the weights are analyzed. Furthermore, we apply a combination method designed for hierarchical time series and the
shrinkage method to derive combination weights which use the information of the original
aggregation weights. The empirical analysis yields some interesting results.
First, when forecasting the Euro area aggregate real GDP and GDP deflator, some gains
can be achieved by using more flexible combination weights as for instance the LS
weights and the weights suggested by the shrinkage method, because these methods are
more flexible and can adapt to changes of the DGPs during the crisis period for real GDP.
They are also more appropriate to take the large differences in inflation rates of member
countries into account. For forecasting the aggregate CPI and long-term interest rate, using the aggregation weights to combine the country-specific forecasts beats the forecast
of the aggregate variables based on their own past information at all considered horizons.
Using the LS combination weights and the weights derived from the shrinkage method
help to improve the forecasting accuracy of CPI and LTN in some cases.
Second, selecting only forecasts of the three largest EMU countries Germany, France
and Italy for combination helps to improve the forecast precision in some cases, mainly
because of their economic importance in the Euro area. In these cases, information from
additional countries is not adding additional information beneficial for forecasting.
Third, if the aggregate and the country-specific data exhibit different persistence, then
selecting only forecasts of those countries with highly persistent data for combination
seems to improve the forecast accuracy. Future research may investigate the role of the
underlying persistence in the data for the relative performance of the combination methods
in more detail.
Fourth, the combination method designed for hierarchical time series does not take the
actual data into account and cannot change the relative weights of the disaggregate components. Therefore, in our application, it performs quite similarly as forecasts using the
original aggregation weights. Improvements regarding these issues can be considered for
future research.
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Plots of the persistence of the data

Figure 3.A.1: Persistence of the aggregate variables

Note: Recursive estimated AR(1) coefficients with 95% confidence intervals.
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Figure 3.A.2: Persistence of 12 countries data for YER

Note: Recursive estimated AR(1) coefficients with 95% confidence intervals.
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Figure 3.A.3: Persistence of 12 countries data for YED

Note: Recursive estimated AR(1) coefficients with 95% confidence intervals.
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Figure 3.A.4: Persistence of 12 countries data for CPI

Note: Recursive estimated AR(1) coefficientswith 95% confidence intervals.
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Figure 3.A.5: Persistence of 12 countries data for LTN

Note: Recursive estimated AR(1) coefficients with 95% confidence intervals.
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