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Abstract

Including disaggregate variables or using information extracted
from the disaggregate variables into a forecasting model for an eco-
nomic aggregate may improve the forecasting accuracy. In this paper
we suggest to use the boosting method to select the disaggregate vari-
ables which are most helpful in predicting an aggregate of interest.
We conduct a simulation study to investigate the variable selection
ability of this method. To assess the forecasting performance a re-
cursive pseudo-out-of-sample forecasting experiment for six key Euro
area macroeconomic variables is conducted. The results suggest that
using boosting to select relevant predictors is a feasible and competi-

tive approach in forecasting an aggregate.
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1 Introduction

The challenge of forecasting macroeconomic aggregate variables is gaining in-
creasing importance with the creation of European Monetary Union (EMU).
Many Euro area economic series are contemporaneous aggregates of disag-
gregate 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 ag-
gregate 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 disaggre-
gate variables first. The forecast of the aggregate variable is then computed
by pooling the disaggregate forecasts together. In this approach, the aggre-
gate 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 rank-
ing of these two approaches (Liitkepohl (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), how-
ever, 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 ana-
lytically 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 ag-
gregates with time-varying weights, Liitkepohl (2011) and Briiggemann and
Liitkepohl (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 disaggre-
gate 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 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 high-dimensional data and has proven to be very competitive in
terms of prediction accuracy (Biithlmann and Hothorn (2007)). Until now,
there are some applications in the macroeconometric forecasting literature.
Bai and Ng (2009) use boosting to pick out 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 fore-
casts. 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 boost-
ing 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 re-



lated 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 disag-
gregate variables, the predictors which are most relevant in predicting the
aggregate. In this paper, we investigate the properties of boosting as a selec-
tion 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 esti-
mates 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 variable, forecasting the disaggre-
gate 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 em-
pirical questions: First, does using disaggregate information or variables as
additional predictors in the forecasting model improve the forecasting perfor-
mance? Second, can boosting help to select the most relevant disaggregate
variables which can be incorporated in the forecasting model? In the em-
pirical 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 ag-
gregate.

The structure of the remaining paper is organized as follows. Section

2 describes briefly the commonly used forecasting models for an aggregate



variable. Section 3 outlines the boosting procedure, especially the compo-
nentwise boosting. The simulation study is discussed in Section 4. Section 5

describes the empirical analysis and Section 6 concludes.

2 Forecasting strategies for an aggregate vari-
able

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 y““ which can be defined as the weighted
sum of N disaggregate component variables x; = (14,...,2x,.). Thus, the

contemporaneous aggregation relationship can be written as

AGG _ 0.
Yy =WI =wW1T14 + ... - WNIN,

where w = (wy, ..., wy)" is the weighting vector with fixed values': w; > 0

and > w; = 1fori=1,...,N. The value of the aggregate variable h periods

ahead yt“ﬁG should be predicted. The optimal forecast at horizon h is the

conditional mean:

AGG __ AGG |, AGG |, AGG
yt—&—h\t - E[y +h |yt s Y1 5 7331,1?’ xl,t—la s 7xN,t) xN,t—lv .. ]

It is assumed that possible transformations are taken so that y, and x; are

stationary series.

AGG
thlt)

model for each forecasting horizon is estimated. Then the forecast is com-

To obtain the multi-period ahead forecast y a separate time series

puted directly by using the estimated model.

Univariate forecast of the aggregate

To forecast the aggregate, the most commonly used technique is the univari-

ate autoregressive model:

p
AGG __ AGG
Yy = Cp + § Y1 j—p + Et-
j=1

!Briiggemann and Liitkepohl (2013) investigate forecasting aggregate variables with
time-varying aggregation weights. This case is not considered in this paper.



p denotes the number of the lags of the aggregate variable y/\““. Using the
information set available until the period ¢, the parameters ¢, and «; (j =
1,...,p) can be estimated by the ordinary least squares method (OLS). The

estimated forecast of the aggregate variable can be computed as:
p
~AGG 4 ~ o AGG
Yirnt = Cn + Z Y15
j=1

This forecasting model does not take any disaggregate variables or in-
formation 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,...,xy the

univariate autoregressive model:

DPi
Ty = Ci,h+g QT 441—j—h + Eit,
i=1

wherei =1,..., N. p; denotes the lags of the disaggregate variable x; ;. Thus

N individual forecasts for N disaggregate variables can be obtained with the
estimated coefficients:
pi
Tigyne = Cin+ Z QijTigp1—j, ©=1,..., N.
j=1
Then these forecasts are aggregated using the weighting vector w to construct
the forecast of y/\¢¢:

~AGG __ A ~
Yirhjt = W1L1g4nft T oo T WNINt4h|t-

This forecasting method is referred to as FD in the following.

Direct forecast using disaggregate information summa-

rized 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 z; = (z14,...,2y4) can be
summarized by a small number of » unobserved common factors F; and an

idiosyncratic part:
xt:AFt—i—et, t:17,T

A is a N x r matrix of factor loadings, F; is the r x 1 vector of common
factors and e; is an N x 1 vector of idiosyncratic components.

The forecast for the aggregate variable y/1““ by using factors as additional
predictors can be carried out in a two-step process. In the first step, principle
components of Z; are calculated as estimated factors. ; is obtained by
standardizing the disaggregate variables x; = (z14,...,2n,) 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 Z; 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 Z; 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:

p r pi
y9Y = e + Z QiYt1—i—h + Z Z @Fi,tﬂ—j—h + &
i=1 i=1 j=1
The h-step-forecast g)ﬁgﬁ can be then obtained with the estimated coeffi-
cients:
p T y2
?)ﬁfhﬁ = Cp + Z QY1+ Z Z Bi}:—’i,fﬁrlfj-
i=1 i=1 j=1

This forecasting model (referred to as FF1) has the advantage that it con-
siders information from both, the aggregate variable (through the lags of the
aggregate) and its disaggregate components (through the factors).

Since the target variable y/\“C is aggregated by using the disaggregate
variables, it may be interesting to check whether taking only factors ex-

tracted from the disaggregate variables into account is helpful for improving

7



the forecasting performance, thus the second model variant which has the

following form can be considered (FF2):

'
AGG
_Ch+E E 51 it+1—j—h T Et-

=1 j=1

The lagged values of the aggregate variable are not included in the forecasting

model. Only the estimated factors are considered as predictors.

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:

D N pi

AGG AGG

v; = ot > a5 DD Bimies—jon e
=1

i=1 j=1

= on+ Y zn + e

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
2. By using the boosting procedure the predictors which have the largest

contribution to the improvement of the model fit will be selected.

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(z;) for the target variable y;

as a sum of M estimated functions:

gt:fM( =fO 4+

M:

m=1

f© represents the initial function value. z; contains the (p +p; + - -+ + py)-

dimensional predictor variables which are stationary. Originally, Bithlmann



and Yu (2003) and Bithlmann 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 to be considered
as candidate predictors as well.> The estimated functions §(™ 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 §™ 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 v into the boosting algorithm to prevent overfitting.
v should be chosen small (0 < v < 1) so that the effect of the base learner
G 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 y;, the base learners
and the loss functions, different boosting algorithms are designed in liter-
ature. The well-known AdaBoost of Freund and Schapire (1996) can be
applied for binary classification. If the function of interest f(z;) is the con-
ditional mean f(z;) = E(y:|z:), the L1-Boosting or Le-Boosting can be used
based on the form of the loss functions. Different from the L;-loss, which
is not differentiable at some points, the Ly-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 L,-Boosting has

the form?:

1

Ly, f) = 5(% - f)2-

2Bai and Ng (2009) propose two methods to deal with the lags. In the component-wise
Lo boost, each lag of each variable is treated as a separate candidate predictor, while the

block-wise Ly boost treats each variable and all its lags as a group.
3This term is scaled by the factor 1/2 so that the negative gradient vector can equal

the residuals.



Componentwise L,-Boosting

The specification of the base learner ¢ is of great importance. The Lo-
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.

Componentwise L,-Boosting algorithm
1. Start with ft(o) =19y. Set m = 0.

2. Increase m by 1:

OL(yt,f)
of

evaluate at the estimate of the previous iteration ft(m_l):

ugm) =y — ft(m_l) fort =1,...,T (current residual).

e Regress ugm) on each predictor z(w)s—pn, k= 1,..., (p+pi+---+pn)

e Compute the negative gradient of the loss function — and

and compute SSR;) = Zthl(ut — z(k)i_hé(k))?
e Choose the predictor z(;«);—, which minimizes SSR.
o Set g™ = é(k*)z(k*),t—h'
e Update f(m = fim=1) 4 pg(m=1),

o Iterate step 2 until m = M.

In the first step of the componentwise boosting, the mean of the target vari-
able y; 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 gra-
dient 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

10



current residual which is just the difference between the actual data y, and
the fitted value up to that iteration ft(m_l). The deviation of the fitted data
in the previous step from the true data is then estimated by regressing uim)
on each of the (p + p; + - - + pn) candidate variables in turn. The variable

z,(;n) which produces the smallest sum of squared errors is selected and can

enter the next iteration with its fitted value éEZi))z((ZI))7t_h into the next step.
Thus, égzl))z((zl))tfh can be viewed as an approximation of the current resid-
ual u; in the iteration step m. Suppose the variable z« is selected in the
iteration step m, it will then receive less attention in the step m + 1 due to
ugmﬂ) =1y — ft(m) =1y — f(mfl) — VHA((ZZ))Z((Z?)J_M 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 v ensures that the improvement
through égzl))z((?))t_h takes only limited contribution to the updates. With
v = 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 be-
tween 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.

The algorithm terminates when the final iteration step 1y, is reached.

The estimate for the target variable v, is:

Mstop

a_ H(m) _(m)
Yp=Yy+v Z 0 ) 2 (k%) 4—h°

m=1

The forecast of the aggregate variable h-period ahead can be estimated as

follows:

Mstop
CAGG = n(m) _(m)
GRG = T+ ) 05z .
m=1
Key parameters

There are two key parameters which should be considered carefully when

applying the boosting algorithm: the shrinkage parameter v and the final

“However, it is absolutely possible that the same variable will be selected in the next

iteration step m + 1.
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iteration step mgp. As explained before, Friedman (2001) uses the shrinkage
parameter v (0 < v < 1) to ensure that the effect of the base learner é(k*) (k)
is weak so that the deviations from the true data can be modified in small
steps. Thus, if v is chosen large, then in each step the selected variable 2
will have larger contribution to the update with the value Vé(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 v is chosen too small, the change of the current residuals in
two steps ugmﬂ) — ugm) 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 v results in a larger number of optimal iteration steps
Mstop- LThe larger my;,, becomes, more irrelevant predictors will be considered
and selected. This leads again to the problem of overfitting. For the choice
of the shrinkage parameter v Friedman (2001) and Biithlmann and Hothorn
(2007) suggest to use a sufficiently small value like v = 0.1 based on empirical
evidence.?

For determining the optimal iteration number m,, Bithlmann and Hothorn
(2007) propose to use the corrected version of the Akaike Information Crite-
rion (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 form®:

L +df(m)/T

AIC:(m) = 1og(6{,,) + T )+ 2T

6(2m) is the estimated residual variance and df (m) are the degrees of freedom
in the iteration step m. The iteration step number which minimizes AIC.(m)

max

withm =1,..., m™* will be selected as the optimal iteration number M.

The main problem of this approach is that the true degrees of freedom are

For example, Buchen and Wohlrabe (2011), Wohlrabe and Buchen (2014) and Robin-
zonov et al. (2012) use the value of 0.1 for the shrinkage parameter, while Taieb and

Hyndman (2014) set the value of v to 0.2.
6The 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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unknown and should be estimated. Biihlmann and Hothorn (2007) suggest to
estimate df (m) by using the trace of the boosting hat matrix” 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 mg,, too large.®

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 (Biihlmann and Hothorn (2007)). When using the boot-
strap method to determine the mgy,,, 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 origi-
nal dataset into k roughly equal subsamples and uses £ — 1 of them as the
evaluation sample. The remaining one is retained for validation. In subsam-
pling 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.”

3.2 Forecasting an aggregate variable using disaggre-
gate variables selected by the componentwise Lo-
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

"Details are given in Bithlmann and Hothorn (2007).
8Based 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.
9Tt should be noticed that Buchen and Wohlrabe (2011) and Wohlrabe and Buchen

(2014) still use the resampling methods for analyzing time series data.
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and their lags:

P N p;

AGG AGG

v = o+ Y SO+ D D Bmion t
=1

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 dis-
cussed above. Then they are used as predictors to obtain the forecast of the
aggregate variable Q;‘_‘fhﬁ

The second variant (FB2) considered in this forecasting model focuses

only on the disaggregate variables and their lags:

N pi
AGG
Yy =cp+ E E BijTit1—j—h + Et.

i=1 j=1

The componentwise Lo-Boosting is used to select the most relevant predic-
tors. 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 informa-
tion set is used twice. So it may be interesting to investigate whether only
using information from the disaggregate variables provides a better forecast-
ing 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 op-
tional 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:

D N pi

AGG AGG

v =t > % )0 Bt on t e
i=1 =1 =1

"must have’ predictors

Thus with this variant we may check whether including additional selected
disaggregate variables or lags to the forecasting model AR can help to im-

prove the forecast accuracy. Taking into account the dependence structure

14



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:
yAGG — (AGG | Z azyé_Gle 4+ uAGE,

As a result, the estimated values of the coefficients &;(i = 1,...,p), the

ZAGG

constant ¢2¢“ and residuals 4““ can be obtained. Then each lag of the

disaggregate variables is regressed on the same lags of the aggregate variables:

Tit41—j—h = Cijp + Z aiyﬁﬁgifh + Uit+1—j—h,
i=1
where 7 =1,...,N and 7 =1,...,p;. With the estimated residuals for each
lag of the disaggregate variables we can use the componentwise Lo-Boosting

for the following model:

AAGG E E
=c+ /yz,]uzt-&—l —j—h + €.

=1 =1

Using the results from this boosting step the forecasting value for the resid-

~AGG ~NAGG s

uals ;55 can be computed. The estimated forecast g\~ is obtained by:

~AGG _ AAGG AGG ~AGG
Yivne = Cp T E QY- i T U h)ye

4 Simulation study

In this section a simulation study is conducted which aims at 1) investi-
gating whether the componentwise Ly-Boosting can select the disaggregate
components of an aggregate variable correctly and 2) investigating whether
the componentwise Lo-Boosting can select the most relevant predictors of an

aggregate variable among a lot of candidate predictors.!°

10For the componentwise Lo-Boosting we use the add-on package mboost of the statis-
tical software R (version 2.15.2). Other programs for forecasting analysis are written in
Gauss 12.
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In this study 50 variables zy4,...,x5, with t = 1,...,T are generated

by stationary AR(1) processes without constant:
Tig = OG5 -1 + 5i,t = ]., Ce ,50,

where the coefficients «; for ¢+ = 1,...,50 are uniformly distributed random
numbers strictly between 0 and 1 and the residuals ¢;, are i.i.d. standard
normal distributed random numbers. Hence, all the variables z;; for i =
1,...,50 are stationary and independent.

Three variables x;;, xo, and x3; are used as relevant disaggregate com-
ponents 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)".
For each simulated time series the first 50 values are discarded to avoid the

starting-up impact. Then the aggregate variable y/A%“ is computed as'':

Y% = 0.221; + 0.329, + 0.523,.

At first we investigate whether using the componentwise Lo-Boosting
method can indeed help to select the true disaggregate variables 14, 2o,
and z3; among a lot of candidate variables, where the corrected AIC is used
to find the optimal iterations number mg,, and the shrinkage parameter is

max

chosen as v = 0.1'2. m 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 Lo-Boosting for the
disaggregate components, we find that the true disaggregate components x; 4,
x9; and x3, 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

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.
120ther 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 mop.
The main results are similar.
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the aggregation structure of y/\%“. If yA9Y is aggregated by using only the

variables 1, =2, and x3;, then these three variables are correlated with

y;“GG. Since all the generated series xi4,..., x5 are independent, so the
other irrelevant variables x44, ..., 250+ should not be correlated with y{‘GG.
In the first iteration step of the componentwise boosting, using the mean
of the aggregate variable % as the initial value, the current residuals uﬁm:”
can be calculated as:
ugmzl) _ yflGG _ gAGa

= 0.221, + 0329, + 0525, — 5.

Since y4%¢ is a constant value, thus the correlation coefficients between

yA9Y and the variables should be equal to the correlation coefficients be-

tween u§m21) and the variables. The results for the correlation coefficients

between u,Em:” and the considered variables in Table 1 indicate that with an

increasing 71" the correlations between y/'““ and its disaggregate components

T14, Toy and xg, converge to their real values which are significant different

from zero, while the correlations between y//““ and irrelevant variables go

towards zero. With T = 2000, the mean of the absolute value of the correla-

tion coefficients from 5000 simulation runs between the current residuals in

the first iteration step uim:” and the true disaggregate variables are 0.335,

0.479 and 0.766. For three arbitrarily chosen irrelevant variables s+, 225,

and x4, these values are around 0.027, which indicates that xg;, x5 and
Z46, are asymptotically uncorrelated with u§m:”.

The variable which is mostly correlated with uim:” should provide the
best least squares fitting for uﬁm:”. In our simulation example, the variable
x3; which has the largest correlation coefficient!? is then selected in the first

step and can enter with its fitted value éémzl)(wg’t into the second iteration.
m=1) _

The fitted value for the aggregate in the first step is obtained as: ft(

yAee 4 VéémZI)l’g,t. In the second step, the variable x5, will be less weighted

13The variable x5 ; 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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in u{™=? because of:

m=2 F(m=1
U o0 i
_ yzéxGG _ gAGG _ ng())mzl) Tay
= 0221, +0.329, + 0.523, — g% — yéémzl)xg,t
= O.2ZL’1¢ + 0.333'27,5 + [05 — I/éz())mzn]l'g’t — ’gAGG.
Hence, compared with the correlations with u§m:1), in the second iteration

step 3, is less correlated with u§m22) and the other two true variables z; ;

and x9, have relatively larger correlation coefficients with uﬁm:”, while the
irrelevant variables are still not correlated with ul(tm:2) and therefore cannot
contribute to the fit of u{™=>.

the current residuals in the iterations, it will be selected by boosting. The

As long as x3; is mostly correlated with

selection of the same variable in different iteration steps leads to an improve-
ment 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 1m0y
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 y2¢¢ and therefore not correlated with the current residuals
in the iterations.!*

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 boost-
ing iteration. However, this variable can still be selected by boosting. This
is because the relevant variables which are already selected in the former
iterations will be less weighted in the current residuals ugm) of the later iter-
ations. Thus the disaggregate variable which is originally weakly correlated
with y/A¢¢ 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

MHowever, if Mstop 15 chosen too large, then ugm) will be so small that even irrelevant

variables can be selected.
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number of iteration steps.!®

Note that for this simulation experiment the corrected AIC always selects
Mstop = 100 and in our simulation for applying the corrected AIC the 1,4,
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 true and fitted data can
be more precisely corrected. To be more clearly, by examining an arbitrarily
selected simulation example with 7" = 100, the boosting method requires
only 17 iteration steps to identify the three true disaggregate variables x; .,

x94 and xz,. With these 17 iteration steps, the estimated relationship is:
gAeY = —0.024 4+ 0.01921; + 0.11129; + 0.37623;.

If the maximal possible iteration numbers m™** is set as 100, then the cor-
rected AIC suggests mgio, = 100 as well. With 100 iteration steps these true
disaggregate variables are still selected, however, with another estimated re-

lationship:
gA¢Y = —0.001 + 0.19121; + 0.290x9; + 0.493z5,.

If m™ is set as 200, then the corrected AIC selects mg,, = 200 and the

boosting method provides the following estimated relationship:
gA¢Y = —0.00004 4 0.1997z 1, + 0.29989, + 0.4998x3,.

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
y\9Y is aggregated by w14, 29, and x3; which are stationary AR(1) series,
we can expect that zy,_1, 22,1 and x3,_; can be used as reasonable predic-

tors for forecasting y/'““. Furthermore, the sum of three stationary AR(1)

15Tn 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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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 y/1¢¢ as
predictors makes sense as well. Now, from the group of the candidate pre-
dictors y{l_ciG and xj4-1,...,%504—1, Wwe check wether yﬁqG, Ti4-1, Toag—1 and
x34—1 can be detected by using the componentwise Lo-Boosting.'® Note that
this simulation setup also mimics the empirical forecasting exercise in the
later section.

Table 2 shows the selection rates from 5000 simulation runs for the rel-
evant predictors yg‘f’IG, Z14-1, T24—1 and xz,1. Three irrelevant candidate
predictors xg 1, To54—1 and x46,—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.

First of all, it can be seen that the lagged values of y!““ are selected
most often. If the sample sizes are larger than 100, in more than 90% of

all 5000 simulation runs y/15¢ is selected by boosting. The selection rate of

y;“_CiG does not depend heavily on the number of iterations. Even a very small

number of iterations m,, = 20 results in a selection rate of 79.8% for y1G¢
by 7" = 100, while with 80 iterations the selection rate increases slightly to
80.9%. For other sample sizes, similar results can be observed.

Compared to y/15¢, a relatively poor selection rate of the relevant predic-
tors x14-1, 241 and x3;_; can be observed in Table 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 less than 90% even
for T = 2000. This is due to the selection of the variable yAG“ which is
aggregated by 141, x2,—1 and x3, 1. If y;‘EG is not used as a candidate
predictor, then z;; 1, 2,1 and 3, ; have a much more larger chance to
be selected!?.

For the irrelevant variables which should not be considered as predictors

for forecasting y/'¢“, relatively large selection rates can be observed in Table

16In the simulation study, we also included more lags in the candidate group. The results

are quite robust.
1"Detailed results are not presented here, but are available on request.
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2, especially if the corrected AIC is used to determine mg,,. For example,
considering mg,,1 which is suggested by the corrected AIC using m™** =
100, from 5000 simulation runs the variable x5, 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
Tos4—1 in 27.3% of all 5000 simulation runs. When increasing m™** to 200,
using mgp2 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 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 Biithlmann and Hothorn (2007), thus the corrected AIC always
overestimates the true mg,, which leads to overfitting. In Figure 1, the m,
estimated by using the corrected AIC criterion for 200 simulations runs for
different sample sizes are plotted. The left column shows the results of M1
which is determined by using the corrected AIC, when m™" is set as 100,
while the right column plots 1,2 based on m™* = 200. It can be seen
that if m™* is set as 100, then in many iteration runs the corrected AIC

chooses the maximum number m™*

as Meiep, especially when a large sample
size T = 2000 is considered. However, using m™** = 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 if smaller
numbers of iterations mg,, = 20, 40, 60 and 80 are used. As expected,
a smaller mg,, leads to sparse models. For large sample sizes 7' = 1000
and T" = 2000 the irrelevant variables are selected in less than 60 simulations
runs with mg,,, = 20. However, the selection rates for the relevant predictors
T14-1, To4—1 and xg,; 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 predic-

tors for this aggregate, boosting selects most likely the lagged values of the
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aggregate itself and the relevant disaggregate predictors have always much

more larger chance to be selected than the irrelevant predictors.

5 Empirical Analysis

We now apply the the componentwise Lo-Boosting on the Euro area aggre-

gate variables and evaluate the forecasting performance of this method.

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, 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 Busi-
ness Cycle Network!®. 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 1995, 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 as-

signed to countries like Luxembourg and Finland.

Bhttp://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.
19Weights used in aggregation: Belgium 0.039, Germany 0.305, Spain 0.102, France

0.210, Ireland 0.011, Ttaly 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.
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The individual member countries’ time series data for the same period
from 1970Q1 to 2011Q4 are taken from the OECD quarterly national ac-
counts database.?® Twelve eurozone countries are considered. (Greece, which
joined the EMU in 2001, is also included.) All the series are seasonally ad-
justed 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 (1) processes.?! To ensure the sta-
tionarity the first differences of the variables enter the forecasting models. To
estimate the common factors, the first differences of the series are standard-
ized to have zero mean and unit variance. For the time series with missing
observations which are listed in Table 4, the expectation-maximization (EM)
algorithm proposed in Stock and Watson (2002a) is applied to construct a

balanced panel?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
and Section 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,

20The data are obtained via Thomson Reuters Datastream 5.0.
21The results for the unit root tests are available on request.
22 A list of variables with missing observations can be found in Table 4 in Appendix.
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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 forecasting value and its actual value e;,,, =
g){ﬁﬁ — y{2GC. 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
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

230nly one lag or more than two lags for the factors are also considered in our experi-

ment. The main results do not depend on the choice of the number of factor lags.

24



Lo-Boosting to select the most relevant predictors, the shrinkage parameter v
is set to the commonly used value of 0.1 (Bithlmann and Hothorn (2007))2.
Four lags for the aggregate variable and two lags for all disaggregate variables
are considered®®. 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 mgy, is likely to select
irrelevant predictors, however, by reducing mg,, the true predictors will also
have less chance to be selected. Therefore, in this empirical study the crucial
parameter mg,, 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.?® Regarding the effect of the

xT

maximum iteration number m™** on Mgy, we consider m™* = 100 and

m

m™** = 200 for the forecasting comparison.

5.3 Empirical results

Detailed results from the forecasting comparison for all the considered macroe-
conomic aggregate variables are presented in Table 3. 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 hori-
zons h = 1,2 and 4 are considered. The estimation periods start at 1970Q1
and the forecasting evaluation covers the periods from 2003Q1 to 2011Q4.

24By choosing v less than 0.1, the corrected AIC chooses in most cases Mg, = 100 if
m™e* = 100.

25Results for the other choices of the lag length are similar.

26We have also tried smaller mgy,, 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 1, 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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The smallest MSFE ratio for each variable and forecasting horizon is in bold.
Table 3 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 ex-
ample, 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 forecasts
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 disag-
gregate information or disaggregate variables in the forecasting model. This
depends mainly on the forecasting problem and the variables which are inves-
tigated. 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 per-
formance compared to the factor approach. Furthermore, in Table 3 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
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which uses only factors as predictors and the second variant of the boost-
ing 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 3 indicates that
even if the aggregate variables are constructed by aggregating the disaggre-
gate 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 forecast-
ing 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 =2and h = 4, for CPl 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 forecasting 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 mg,, determined by the corrected
AIC is a key parameter which has an impressive effect on the forecasting

results. If ™

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
Mstop2 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.

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
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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 per-
formance of the componentwise Lo-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 vari-
able 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 predic-
tors, 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 disaggre-
gate information summarized in the factors or using disaggregate variables
selected by boosting as additional predictors may provide more accurate fore-
casts. Moreover, it is shown that using boosting to select disaggregate vari-
ables 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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Table 1: The mean of the absolute value of the correlation coefficients from
5000 simulation runs between the current residuals u; of the first three itera-

tion steps and the true disaggregate and the irrelevant variables, respectively.

Tig Toy T34 Tt | Tosy | Tagy | ALV
T = 100
W™=V [ 0.328 [ 0.484 | 0.779 || 0.116 | 0.118 | 0.116 | 0.116

W™= [ 0.345 | 0.506 | 0.760 || 0.115 | 0.118 | 0.116 | 0.116
W™= {1 0.363 | 0.528 | 0.739 || 0.115 | 0.118 | 0.116 | 0.116

T = 500

W™=V [0.329 | 0.477 | 0.774 || 0.054 | 0.054 | 0.054 | 0.054

w2 [ 0.348 | 0.500 | 0.756 || 0.054 | 0.054 | 0.054 | 0.054

W™= {1 0.366 | 0.521 | 0.737 || 0.053 | 0.054 | 0.053 | 0.054
T = 1000

W™D 10.332 [ 0.481 [ 0.767 | 0.038 [ 0.039 | 0.038 | 0.038
W™= [ 0.349 | 0.504 | 0.749 || 0.038 | 0.039 | 0.038 | 0.038
m=31"0.367 | 0.525 | 0.730 || 0.038 | 0.038 | 0.038 | 0.038
T = 2000
W™D 110335 | 0.479 | 0.766 || 0.027 [ 0.027 | 0.028 | 0.027
W™= 11 0.352 | 0.501 | 0.748 || 0.027 | 0.027 | 0.028 | 0.027
W™= 1 0.370 | 0.522 | 0.729 || 0.027 | 0.027 | 0.027 | 0.027

Note: The true disaggregate variables are x+, T2 and x3;. g, Tos: and xse, are
arbitrarily chosen from 47 irrelevant variables. The mean of the absolute value of the
correlation coefficients from 5000 simulation runs between u; of the iteration steps m =1,
m = 2 and m = 3 and all irrelevant variables are reported in average in the last column.
ATV refers to the average of all irrelevant variables. The sample sizes are chosen as T' = 100,

500, 1000 and 2000.
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Table 2: The selection rates for relevant and irrelevant candidate predictors.

AGG

Yi1o | Tig—1 | Tog—1 | X34—1 || T8i—1 | Tasi—1 | Tagt—1 | ALV
=100
Mestop = 20 0.798 | 0.258 | 0.309 | 0.354 || 0.071 | 0.074 | 0.070 | 0.073
Megtop = 40 0.806 | 0.367 | 0.378 | 0.396 || 0.172 | 0.166 | 0.171 | 0.168
Megtop = 60 0.808 | 0.435 | 0.428 | 0.421 || 0.242 | 0.233 | 0.245 | 0.239
Mestop = S0 0.809 | 0.486 | 0.472 | 0.447 || 0.300 | 0.290 | 0.301 | 0.294
Msiopl = AIC, || 0.810 | 0.511 | 0.499 | 0.462 || 0.334 | 0.328 | 0.335 | 0.330
Msop2 = AIC, || 0.812 | 0.562 | 0.555 | 0.511 || 0.407 | 0.396 | 0.409 | 0.404
= 500
Mestop = 20 0.946 | 0.365 | 0.371 | 0.401 || 0.016 | 0.021 | 0.023 | 0.020
Megtop = 40 0.954 | 0.596 | 0.512 | 0.461 || 0.107 | 0.116 | 0.111 | 0.111
Mestop = 60 0.955 | 0.667 | 0.579 | 0.490 || 0.190 | 0.191 | 0.191 | 0.197
Mestop = 30 0.955 | 0.713 | 0.622 | 0.506 || 0.261 | 0.262 | 0.256 | 0.267
Mstopl = AIC, || 0.955 | 0.738 | 0.653 | 0.521 || 0.312 | 0.315 | 0.310 | 0.318
Mstop2 = AIC, || 0.956 | 0.772 | 0.699 | 0.553 || 0.402 | 0.404 | 0.396 | 0.408
= 1000
Mestop = 20 0.960 | 0.384 | 0.390 | 0.391 || 0.009 | 0.012 | 0.010 | 0.010
Mestop = 40 0.970 | 0.662 | 0.572 | 0.465 || 0.078 | 0.078 | 0.075 | 0.081
Mestop = 60 0.971 | 0.734 | 0.661 | 0.499 || 0.164 | 0.158 | 0.166 | 0.170
Mestop = 30 0.971 | 0.770 | 0.707 | 0.517 || 0.242 | 0.236 | 0.244 | 0.246
Mstopl = AIC. || 0.971 | 0.792 | 0.738 | 0.529 || 0.297 | 0.291 | 0.297 | 0.302
Mstop2 = AIC. || 0.972 | 0.824 | 0.781 | 0.561 || 0.407 | 0.394 | 0.394 | 0.406
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Table 2 (continued)

YS9 | wip1 | Togo1 | Tago1 || Tsio1 | Tosgo1 | Tageo1 | AIV
T = 2000

Mestop = 20 0.974 | 0.398 | 0.396 | 0.395 || 0.003 | 0.004 | 0.003 | 0.004
Megtop = 40 0.984 | 0.742 | 0.627 | 0.480 || 0.056 | 0.053 | 0.053 | 0.053
Mestop = 60 0.985 | 0.808 | 0.727 | 0.525 || 0.138 | 0.128 | 0.146 | 0.137
Megtop = 80 0.986 | 0.833 | 0.771 | 0.543 || 0.216 | 0.210 | 0.218 | 0.215
Mstopl = AIC, || 0.986 | 0.854 | 0.799 | 0.558 || 0.278 | 0.273 | 0.278 | 0.279
Mstop2 = AIC, || 0.986 | 0.876 | 0.835 | 0.582 || 0.407 | 0.399 | 0.410 | 0.406

Note: y;“_ﬁG, Z1,4-1, T2,+—1 and x3 1 are relevant predictors. xg;—1, To5+—1 and T46:—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. Ml = AICc is determined by using the corrected

AIC, when m™®* is set as 100. mgop2 = AICc is determined by using the corrected AIC,

when m™%* is set as 200.
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Table 3: MSFEs of different forecasting models relative to the first forecasting

model AR
FD FF1 FF2 FB1 FB2 FB3 ‘ FB1 FB2 FB3
(Mstopl) ‘ (Mstop2)
YER
h=111010 0.833 0.825 | 0.907 0.907 1.000 | 0.877 0.858 0.993
h=210972 0.964 0975 | 0.961 0.963 0.980 | 0.946 0.944 0.971
h=411020 0.970 0.993 | 0.931 0.942 0.930 | 0.924 0.938 0.912
CPI
h=11]0.965 1.002 1.008 | 0.974 1.010 0.916 | 0.959 0.998 0.903
h=210943 1.008 1.019 | 0.931 0.937 0.972 | 0.906 0.920 0.971
h=410970 1.015 1.085 | 0.967 0.993 1.020 | 0.953 0.988 1.006
YED
h=11]1254 0.890 0.896 | 0.908 0.982 0.944 | 0.967 0.974 0.920
h=21]1371 0.985 1.084 | 1.124 1.313 1.022 | 1.149 1.319 1.010
h=411264 1013 1.065 | 0.958 1.013 1.285 | 0.941 1.001 1.259
EER
h=110994 1.004 1.014 | 0.955 0.957 0.989 | 0.952 0.954 0.986
h=21099 1.008 0.981 | 0.924 0.925 0.980 | 0.924 0.924 0.979
h=411010 0.992 0990 | 0.975 0.977 0.982 | 0.972 0.972 0.979
STN
h=11]1.041 1.013 0.999 | 0979 1.017 0.987 | 0.965 1.007 0.981
h=21]1.029 1.021 1.031 | 0.991 1.000 0.995 | 0.985 0.988 0.994
h=4 11017 0.992 1.023 | 0.989 0.999 0.975| 0.989 1.000 0.967
LTN
h=11]0980 1.004 1.053 | 0.919 0.907 0.977 | 0.868 0.883 0.966
h=210.963 1.046 1.055 | 0.934 0.950 0.944 | 0.921 0.936 0.926
h=410987 1.139 1.121 | 0.888 0.896 0.916 | 0.881 0.889 0.881

Note: Mgiopl is determined by using the corrected AIC, when m

max

is set as 100. mgt0p2

is determined by using the corrected AIC, when m™%* is set as 200. The smallest MSFE

ratio for each variable and forecasting horizon is in bold.
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Table 4: List of variables with missing observations for some countries

Countries Series | Periods with missing observations
Greece EER 1970Q4-1994Q4
STN 1970Q4-1994Q4
LTN 1970Q4-1994Q4
Ireland YER 1970Q1-1989Q)4
CPI 1970Q1-1975Q4
YED 1970Q1-1989Q4
EER 1970Q1-1989Q4
STN 1970Q1-1989Q4
LTN 1970Q1-1989Q4
Italy STN 1970Q1-1970Q4
Spain STN 1970Q1-1976Q4
Luxembourg | LTN 1970Q1-1993Q3
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Figure 1: The optimal iteration number estimated by using the corrected
AIC for 200 simulation runs for 7" = 100, 500, 1000 and 2000.
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