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SUMMARY: In the present paper we utilize the Generalized Dynamic
Factor Model proposed by Forni et al. [2002] to construct a short-term forecast of the real GDP in Bulgaria using a large data set of 140 indicators from
all sectors of the economy. A simple method is described for selecting a
smaller subset of data series that provides better forecasts. Even in this case
the number of variables used for the forecasts is still much higher than that in
the clasical multivariate time series models. The latest available observations
of the series with smaller publication delay are also exploited to capture the
most recent developments in the economy.
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1 Introduction
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The assessment of the current economic situation together with forming an expectation for the next few quarters ahead is an important input in the creation of medium
to long-term forecasts and in the decision making process
as a whole. Whereas mainly structural models are exploited for medium to long-term forecasts, researchers and
practitioners put more eorts in extracting and summarizing information from the great variety of sources available
nowadays for the short-run. Both nowcasting and shortterm forecasting require focusing on time series data that
can provide information on the current state of the economy and the number of potentially useful series can be
very large. Dynamic factor models have been successfully
applied in a number of papers to forecasting US, euro area
and country specic macroeconomic variables, including
Stock and Watson (2002), Marcellino etet al.
al. (2003), Schneider and Spitzer (2004) and Artis et
et al.
al. (2007). The main
characteristic of factor models is that they can exploit
information from large data sets, while in classical time
series models the number of parameters increases quickly
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with the number of variables modeled, so that usually only
univariate or small-scale multivariate models are considered.
One of the specics of modeling Bulgarian macroeconomic variables is that the number of observations is very
small because Bulgaria's transition to market economy
started in the beginning of 90's. The short history hinders
the use of traditional parametric econometric models and
can give additional advantage to dynamic factor models.
The dynamic factor approach is not new for the Bulgarian economy but is still relatively little explored. In
Vassileva (2006) a dynamic factor model is used to produce two indicators for the Bulgarian economy. The rst
one is developed to forecast the nominal GDP and the second  to summarize the current tendencies in the economy on monthly basis. The approach in the present paper diers from the one in Vassileva (2006) in that it is
focused on nowcasting and short-term forecasting of the
real GDP and in the methodology for selection of variables
and model specication.
The basic idea underlying dynamic factor analysis (as
in Sargent and Sims (1977) and Geweke (1977)) is that the
comovements in a large set of time series can be explained
by a small number of unobserved variables, called common
factors or common shocks. The models assume that each
time series in the panel can be expressed as the sum of
two orthogonal components. The rst one is a common
component, which should explain the main part of the

variance of the time series and is driven by the common
factors. The second one is a variable specic idiosyncratic
component.

Forni et
et al.
al. (2002) and Forni and Lippi (2001) prove
that their method gives a forecast that is a consistent estimator of the optimal h-step ahead forecast as both the size
of cross-section and the series length go to innity. How-

DISCUSSION PAPERS

In the present paper, we use the Generalized Dynamic
Factor Model (GDFM) of Forni et
al. (2002) to produce
et al.
a short-term forecast of real Bulgarian GDP from one to
four quarters ahead. As the rst estimate of the GDP for
the last quarter is available almost at the end of the next
one, the one-step ahead forecast of the output is practically equivalent to a nowcast  a forecast of the present.
Even if the ash estimate of GDP were used one still will
have to wait until the middle of the next quarter when all
short-term business statistics, surveys and nancial data
for the last quarter are already published. We have collected 140 real-activity, survey and nancial series with
monthly and quarterly frequencies. The latest observations of series with a smaller publication delay which are
available for the current quarter are used to produce a
nowcast of GDP. The latest available information is expected to be benecial to the forecasts for further periods
as well. To deal with a dataset with end-of-sample unbalancedness, i.e. when the latest observations for some of
the variables in the data set are missing, we use an approach similar to the one used by Altissimo et
et al.
al. (2001).
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ever, there are some results which indicate that increasing
the number of variables over a certain size does not improve, or even worsens forecasting results (Schneider and
Spitzer (2004), Bai and Ng (2002)). In this paper we use
a simple method for selecting a subset of all the variables
collected. The criterion for inclusion of a variable is based
on the relative performance of the model in a pseudo-real
time forecasting exercise with and without the given variable. We achieve better forecasting performance with a
data set smaller than the full data set of 140 variables.
The paper is organized as follows. The next two sections briey describe the GDFM and our data set. Section
Four explains the empirical application of the model. Section Five describes how the latest available observations
are exploited. Section Six concludes and outlines the directions for future work. Appendices A and B give technical
details and a complete list of variables.

2 The Generalized Dynamic Factor
Model
Dynamic factor analysis is based on the idea that the
D P / 86/2011

comovements in a large set of related time series can be
explained by a small number of common factors and each
time series can be decomposed as a sum of two orthogonal components.

The common factors of the dataset

drive the common component of each series and explain

8

the major part of the variance in the series. The second
component is a variable specic idiosyncratic term.

In

traditional factor analysis (Sargent and Sims (1977) and
Geweke (1977)), referred to also as exact factor models,
it is assumed that there is no cross-correlation among the
idiosyncratic components at any lead and lag. This assumption allows for identication of the models, but is
unrealistic for most applications. As an example how idiosyncratic terms can interact with each other, Schneider
and Spitzer (2004) describe the following situation. There
are two industries and each of their productions consists
of common and idiosyncratic components. If both of the
sectors are connected with an input-output relationship
then an idiosyncratic shock in one of them can aect the
idiosyncratic term in the output of the other industry and
this can happen with a lag. Thus, the assumption for uncorrelated idiosyncratic components appears unsuitable in
our context.
Forni et al.
al. (2000a) provide a generalization to these
models which allows for some contemporaneous and lagged
correlation between the idiosyncratic terms.

Stock and

correlation in the idiosyncratic components. One of the
advantages of the latter is its simpler estimator of the factors and that it requires only one parameter to be set 
the number of the factors. Thus, the chance for the model

DISCUSSION PAPERS

Watson (2002) also propose a model allowing for mutual

to be misspecied decreases. However, the former model
allows for richer dynamics when the factors are extracted.

9

D P / 86/2011

10

This is a very desirable feature of the model and is exploited here not only with a view to capturing the lagged
relationship between the variables but also for treatment
of the end-of-sample unbalancedness, i.e. when the latest
observations for some of the variables in the data set are
missing.
The model utilized to develop a framework for shortterm forecasting of real GDP in Bulgaria is the Generalized Dynamic Factor Model of Forni et
et al.
al. (2002). This
et al.
model elaborates the work of Forni et
al. (2000a) and Forni
and Lippi (2001), where the GDFM is introduced. Their
estimator of the components is based on a two-sided ltering of the observable variables and exploits past, present
and future observations. This feature causes problems for
the estimation at the end of the sample and is highly undesirable in forecasting. Forni et
al. (2002) exploit the
et al.
dynamic techniques developed in Forni et
al. (2000a) to
et al.
obtain an estimate of the cross-covariance matrices of common and idiosyncratic components at all leads and lags
and then, under some additional restrictions for the structure of the model, they obtain a consistent estimator (for
both cross-section and time dimensions going to innity)
of the optimal linear predictor of the common component.
This estimator exploits only past and present observations. In Section 2.1 we present the model with some of
its main features and in Section 2.2 we briey describe the
estimation procedure.

2.1 The Model

(1)

xit = χit + ξit
= bi1 (L)u1t + bi2 (L)u2t + . . . + biq (L)uqt + ξit

DISCUSSION PAPERS

Let XnT = {xit , i = 1, . . . , n, t = 1, . . . , T } denote the
observations in a data set of n time series at periods of time
t = 1, . . . , T . We assume that XnT is a nite realization of
a real-valued stochastic process X = {xit , i ∈ N, t ∈ Z},
where for any n ∈ N, the n-dimensional vector process
{xn = (x1t , . . . , xnt ) , t ∈ Z}, n ∈ N is weakly-stationary,
with mean 0n and nite second order moments Γnk =
E[xnt , xn,t−k ], for k ∈ N. In practice this assumption cannot be veried for a particular dataset. The common way
to try to fulll it is by transforming the data so that the
trend and the seasonality be removed.
The GDFM suggests that each variable xit , i = 1, . . . , n
can be represented as the sum of two, mutually orthogonal,
unobserved components: the common component, χit , and
the idiosyncratic component, ξit . The common component
is driven by q-dimensional vector of common factors ( q is
typically much smaller than n). These factors are the
same for all variables in the panel but loaded with dierent
coecients and lag structure.
More precisely,

= bi (L)ut + ξit ,

where L is the lag operator, and ut = {(u1t , . . . , uqt ) , t ∈
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Z
Z}

is the vector of common factors and is orthonormal

white noise, and the processes

1, . . . , n, t ∈ Z}

Z
{ut , t ∈ Z}

and

{ξit , i =

are mutually orthogonal, hence the com-

mon and the idiosyncratic components are mutually or-

∞
k
bij (L) =
k=0 bij,k L , i = 1, . . . , n, j =
n × q square-summable lters, called factor

thogonal; and

1, . . . , q

are

loadings.
The eigenvalues of the spectral density matrix of the
variables show what share of the total variation in the
data set can be explained by a particular factor. If

λnk (θ)

k -th largest eigenvalue at frequency θ of the spectral
matrix Σn (θ) of {xnt , t ∈ Z}, then

is the

λni (θ)
n


λnj (θ)

j=1
gives the contribution of the
total variance at frequency
prove that there exists a
cess

{ut , t ∈ Z},

i-th common
θ. Forni and

q -dimensional

factor to the
Lippi (2001)

white noise pro-

satisfying the assumptions of the model
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if and only if it holds that

λnq (θ) → ∞, as n → ∞, θ-a.e. in [−π, π] and there
exists Λ ∈ R such that λn,q+1 (θ) ≤ Λ, for any θ ∈
[−π, π], and any n ∈ N.
With some oversimplication this condition ensures
that: 1) each common factor aects innitely many items
of the cross-section as
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n increases; and 2) a limited amount

of cross-correlation among the various idiosyncratic components is allowed. So, this condition relieves the condition for orthogonality of the idiosyncratic components in
the exact dynamic factor model.
The same condition also suggests a criterion for choice
of the number q of the common factors. If we set


λin =

θ∈[−π,π]

λin (θ)dθ,

i = 1, . . . , n,

to be the aggregated eigenvalues over all frequencies, then
for large n, we expect that the rst q aggregated eigenvalues are sizably bigger then the (q + 1)-th one, i.e. there is
a substantial gap between λqn and λq+1,n .

χnt = Bn (L)[A(L)]−1 ut ,

DISCUSSION PAPERS

et al.
Forni et
al. (2000a) prove that under certain assumptions, the model (1) is identied in the sense that the
components χit and ξit are uniquely determined. They
also construct a consistent nite-sample estimator of the
components but using a two-sided lter. The modicaet al.
tion proposed in Forni et
al. (2002) makes the model more
appropriate for end-of-sample estimation and forecasting,
and requires a more restrictive structure of the factor loadings. It is assumed that the common components χnt follow a V ARM A(S, s) structure of the form

where Bn (L) = B0n + B1n L + . . . + Bsn Ls is a n × q matrix
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polynomial  in the lag operator L of order s, with Bsm = 0,
for some m; and A(L) = I − A1 L − . . . − AS LS is a q × q
polynomial of order S and S ≤ s + 1.
For xed k, Bkn are nested for n ∈ N, so if we add more
series to xnt and the number of series n increases, the
factor loadings of the old series won't be changed. This
together with Bsm = 0, for some m implies that Bsn =
0, for n ≥ m and guarantees that at least one of the
factors is loaded with its s-th lag at some of the common
components.
Actually the dynamic model (1) can be rewritten in a
static form: for
ft := (f1t , . . . , fqt ) = [A(L)]−1 ut

and r := q(s + 1), Ft = (ft , . . . , ft−s
) is a r × 1 vector of,
as they are referred to later, static factors. The model for
xnt becomes

xnt = Bn (L)ft +ξnt = B0n ft +. . .+Bsn ft−s
+ξ nt = Cn Ft +ξnt ,

with Cn = (B0n B1n . . . Bsn ) - n × r matrix of coecients.

D P / 86/2011

2.2 The Estimation of Components
The procedure for estimation of common and idiosyncratic components of the variables consists of two main

Each element of Bn (L) is a scalar polynomial in L and Bkn is
n × q matrix of coecients premultiplying the variables in lag k .
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Secondly, the r-dimensional unobserved space spanned
by the static factors is estimated by the space spanned
by linear combinations of the observations. These lin-
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parts . Firstly, using the dynamic techniques in Forni
ξT
et
et al.
al. (2000a), estimates ΣχT
n (θ) and Σn (θ) of the spectral density matrices of χnt and ξnt are constructed. From
these spectral matrice estimators, the matrices ΓχT
nk and
ξT
Γnk of the common and idiosyncratic auto-covariance matrices for all lags k are obtained by applying an inverse
Fourier transformation. The estimates of ΓξT
nk have a nonzero o-diagonal elements, as the dierent idiosyncratic
terms are allowed to be correlated in all lags k . However Forni et
et al.
al. (2002) gives some empirical evidence that
forcing to zero the o-diagonal entries of the estimated
ΓξT
n0 improves forecasting performance when the number
of the series n is large with respect to the number of observations T . The explanation provided for their results
is that the computation of ΓξT
n0 brings some spurious large
covariances, even when the true covariance is zero. They
argue that when n increases, the error obtained estimating ΓξT
n0 increases much faster than the error of ignoring
the true covariances and setting them to zero. Moreover,
they show that replacing ΓξT
n0 with any symmetric positive
semi-denite matrix with bounded eigenvalues does not
aect the consistency obtained. In our application of the
model we also set to zero the o-diagonal entries of ΓξT
n0
before computing the eigenvectors.

For further details see Appendix A.
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T
1T
rT
ear combinations Wnt
= (Wnt
, . . . Wnt
) are such that

the variance in their common part is the biggest for a
given idiosyncratic variance. The weights for these combinations are achieved as a solution of the generalized
χT

ξT

eigenvalue problem of Γn0 and Γn0 .

Thus, time series

are weighted according to their signal-to-noise ratios,

i.e.

the ratio between the variance in their common and idiosyncratic terms. This gives additional advantages of the
model in a situation when there are sizable dierences
in the common-to-idiosyncratic variance ratios, which we
take to be the case. For example, we expect the idiosyncratic variances in survey data to be much higher than in
structural business statistics because of the source of data.
The same holds for the index of industrial production in
`Mining and quarrying' compared to `Manufacturing' because of the sizes of the sectors. However, the survey data
is expected to contribute to forecast accuracy because it
is designed to be leading for the rest of the indicators and
this justies its use.
T
The space spanned by Wnt
is a consistent estimator

of the space spanned by the static factors, as n, T → ∞.
T
Hence Wnt
can consistently approximate any point in the

common-factor space, including the common components
D P / 86/2011

χnt , as n, T → ∞.
Since the idiosyncratic components are orthogonal to
the common components, χnt can be approximated by

T
projecting the data XnT on Wnt
. Similarly, forecasts of

the common components ( k -leads ahead) are obtained by

16

T
projecting χn,t+k on Wnt
.

Forni et
et al.
al. (2002) argue that, under certain conditions,
the frequency domain approach by Forni et
al. (2000a),
et al.
which they use for their predictor, can provide a substantial improvement over the predictor proposed in Stock
and Watson (2002) based on static principal components.
The improvement can be expected when the various crosssectional items dier signicantly in the lag structure of
the loadings. The methodology, which we use to deal with
a dataset with end-of-sample unbalancedness (described
in Section 5) results in applying the model to a dataset
with a signicant dierence in the timing of the variables.
T
It should be stressed that Wnt
is a consistent estimator
for some basis of the space spanned by the factors, not for
the factors themselves. The identication of the common
factors and the coecients of the lter Bn (L) calls for
further informational and economic assumptions and is
thoroughly discussed in Forni et
al. (2007).
et al.

! 6DA ,=J=
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From a theoretical point of view, all available relevant
variables should in principle be included in the data set as
the GDFM is proved to give a forecast that is a consistent
estimator of the optimal h-step ahead forecast as both the
size of cross-section and the series length go to innity.
However, as explained in Forni et
et al.
al. (2000b), in practice
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it is not recommended to include variables which have
small commonality and large idiosyncratic components,
since the latter could survive aggregation and be wrongly
interpreted as additional common factors. Schneider and
Spitzer (2004) and Bai and Ng (2002) give evidence that
forecasts based on a small dataset can outperform such
based on a bigger one.
To nd the balance between the large data set that
can be benecial for the forecast and the inclusion of variables which can worsen the results we employ a two-fold
strategy.

First, we collect a comprehensive data set.

It

combines more reliable variables like national account data
and price indices with indicators with possibly bigger measurement errors and smaller common-to-idiosyncratic ratio.

These could be variables from business surveys and

production indices and they usually have smaller publication delay and give earlier indications on the latest economic developments. Second, we apply a criterion for selecting a smaller or optimal subset of the full dataset. We
base our criteria on the relative performance of the model
in a pseudo-real time forecasting exercise, described in Section 4.3.
Thus, our data set for Bulgaria comprises 140 monthly

D P / 86/2011

and quarterly series.

We include national accounts data

(real and nominal GDP and its components), labour market variables, industrial production and industrial and trade
turnover, price indices (CPI, HICP and raw material prices),
survey data (consumer and business surveys),

18

external

trade data, monetary aggregates and interest rates, among
others. To make the frequencies of the series into the data
set equal, we choose to aggregate the monthly series to a
quarterly frequency. In order to achieve stationary series
the following transformations have been made. A fourthseasonal dierence was applied to series with pronounced
seasonality and then for all series a rst dierence was
taken. The initial range of the data set is from 2000 Q1 to
2009 Q2 and after this treatment the sample includes 33
observations. Finally, the series were taken in deviation
from the mean and divided by the standard deviation to
obtain results independent of the units of measurement.
A complete list of the variables and their transformations
is reported in Appendix B.

4 Forecast Evaluation
4.1 Overview
In this section we describe the application and the performance of the model presented in Section 2 for forecast-

formance of the model with full data set of 140 variables
and the selected smaller subset in our pseudo-real time
forecasting exercise.
Let

Ỹ
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ing the Bulgarian real GDP. We also test the relative per-

be GDP at constant prices from 2000 Q1 to

2009 Q2. After the transformations described in Section
3 we obtain seasonally adjusted series in rst dierences

19

Y = (1 − L)(1 − L4 )Ỹ and normalized series y = Y σ̂−μ̂ ,


T
1
2
where μ̂ = T1 Tt=1 Yt , σ̂ =
t=1 (Yt − μ̂) and T
T −1
denotes the sample size. The series y is the variable we
are modeling together with the other normalized series.
Since the common and the idiosyncratic components,
say χy and ξy , in the decomposition of the transformed
GDP y are orthogonal at any lead and lag, they can be
forecast separately. In view of the orthogonality or only
weak cross-correlation between the idiosyncratic components of distinct cross-sectional items, Forni et al.
al. (2002)
propose that the forecast of ξy be based on standard univariate or low-dimensional multivariate methods. However, the results from the pseudo out-of-sample exercise in
D'Agostino and Giannone (2006) suggest that the idiosyncratic components are actually highly unforecastable. The
authors conclude that the common factors, constructed to
explain the maximum amount of cross-sectional variance
of the panel, are also able to capture all the predictable

We choose to
ignore the idiosyncratic terms and our forecast of y is obtained as a forecast of the common component χy .

D P / 86/2011

dynamics of the key aggregated variables.

In addition, the parameters specifying the model have
to be chosen. These parameters are the number of common factors q and the order s of the factor loading Bn (L).
One possible test for choice of the number of factors is
based on the aggregated eigenvalues in decreasing order
λ̄jn of the spectral density matrix of the panel ! . It sug! λ̄

20

jn

is the sum of the j-th eigenvalues of the spectral density

Figure 1: Share of the total variance explained by rst 15
common factors

DISCUSSION PAPERS

gests that q should be chosen so that the gap between λ̄qn
and λ̄q+1,n is more substantial than the dierences between
the other consecutive eigenvalues. Figure 1 displays the
aggregated eigenvalues λ̄jn . We cannot nd a substantial
gap between any two consecutive eigenvalues except peret al.
haps for the rst and the second. Forni et
al. (2000a) remark that setting the number q bigger than its true value
cannot have dramatic eects on estimation. As Table 1
shows, the rst three common factors explain more than
70 per cent of the total variability and the fourth common
factor would add only 9 percentage points to the total
variance explained. Furthermore, this suggests that if the
model is estimated with, for example, 3 common factors,

matrices calculated in 13 frequencies, equally spaced in the interval
[0, 2π] (see Appendix A).
21

then one can expect the variance of
per cent of the variance of

y.

derived, the predicted value for
a coecient

χy

to be around 70

So a forecast for

χy

Y

to be

should be scaled with

ρ bigger than the standard deviation of Y , σ̂ .

In our application the model is specied by the parameters

q, s

and

ρ

and they are also determined according to

the out-of-sample forecasting performance of the models.
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Table 1: Variance explained by rst 15 common factors
Common factor

Share

Cumulated variance

1

0.42

0.42

2

0.18

0.60

3

0.12

0.73

4

0.09

0.82

5

0.06

0.88

6

0.04

0.92

7

0.02

0.94

8

0.01

0.96

9

0.01

0.97

10

0.01

0.97

11

0.01

0.98

12

0.00

0.98

13

0.00

0.99

14

0.00

0.99

15

0.00

0.99

4.2 Forecasting Exercise
We evaluated the forecasting performance of a number
of models which dier in their specifying parameters 

22

the number of dynamic common factors

q,

the maximal

s and the scaling parameter ρ. We
consider four forecasting horizons h from one to four steps
order of factor loadings

ahead and for each of them we choose the optimal set of
parameters

(qh∗ , s∗h , ρ∗h ).

We set the parameter

q

to vary in

the range from 1 to 4. That means that up to 79 per cent
of the total variability (for the full data set) is explained
by the common factors. For

s

we test values from 1 to 4.

The upper bound of 4 corresponds to the assumption that
none of the common factors is leading with more than one
year for any of the observable economic indicators. We
search the value for our scaling parameter
of values

R

around an approximate value

the standard deviation of
of

Y

ρ in a wide grid
"

of the ratio of

and the common component

y.
For each dierent combination of variables we esti-

mate the forecasting performance in 17 rolling windows.
First, we estimate the model specied by given values
of

q

and

s

using observations from 2001 Q1 to 2005 Q1

(2005 Q1 is nearly the middle of the sample) and compute

observations are added, from 2001 Q1 to 2009 Q2. As a result we achieve one vector of out-of-sample forecasts
"

We take R as a grid of values around ρ̂ =



n

j=1
q
j=1

λj
σ̂
λj

yτ +h|τ

DISCUSSION PAPERS

h = 1, 2, 3, 4-step ahead forecasts yτ +h|τ at time τ =2005
Q1 of yτ +h . We then reestimate the model using one additional observation and compute yτ +h|τ for τ =2005 Q2 and
h = 1, 2, 3, 4. This is repeated 17 times until all available

.
23

for each combination of forecasting horizon
factors

q

h,

number of

and maximal lag of the factor loadings

s.

Furthermore, we add back the variance and the mean

yτ +h|τ , τ = 2005Q1, . . . , 2009Q2 to produce
our non-normalized variable Yτ +h :

to the forecast
a forecast for

Yτ +h|τ = yτ +h|τ ρ + μ̂.
Yτ +h|τ already depends on the choice of the
scaling parameter ρ. The forecast accuracy of the model
is measured by RM SE(h, q, s, ρ) which is the root mean

The forecast

squared errors between the observed transformed GDP

Yτ +h

and its forecast

RM SE(h, q, s, ρ) =

Yτ +h|τ :

1
17 − h





2009:Q2



(Yτ +h − Yτ +h|τ )2 .

τ =2005:Q1

For a given data set and forecasting horizon we choose
the model with minimal RMSE. It is specied by the parameters

(qh∗ , s∗h , ρ∗h )

which are such that:
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RM SE(h, qh∗ , s∗h , ρ∗h ) =
min RM SE(h, q, s, ρ) : q, s = {1, 2, 3, 4},ρ ∈ R ,
for
The measure

h = 1, 2, 3, 4.

RM SEh∗ := RM SE(h, qh∗ , s∗h , ρ∗h )

is used to

assess the forecasting performance for a given data set.
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4.3 Selecting an Optimal Subset of the
Data Set
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The criterion which we use to compare the dierent
subsets of the data set is their corresponding RM SEh∗
dened in the previous subsection. For each forecasting
horizon, we would idealy be able to compare RM SEh∗ for
all possible subsets of the full data set of 140 variables
and to choose the one with the smallest RM SEh∗. Unfortunately, this calls for too many calculations and is not
feasible. Instead we proceed as follows.
In the rst step we sort the data set according to the
contributions of the variables to the performance of the
model. Let Xn = (y, x1, . . . , xn) be our complete data set,
so n = 139, and let Xnj = (y, x1, . . . , xj−1 , xj+1, . . . , xn )
denote the set without the j -th variable. We estimate
RM SEh∗ for Xnj , say RM SEhj , for j = 1, . . . , n and sort
the variables xj , j = 1, . . . , n in decreasing order according to RM SEhj . Thus we use the performance of the set
Xnj as a measure of the importance of the variable xj for
our forecast. Obviously the bigger RM SEhj is, the more
important xj is.
s
=
Once we have sorted the variables in the set, Xnh
(y, xhs1 , . . . , xhsn ), in the second step we start to exclude
variables from the end of the sorted data set one by one.
s
We calculate RM SEh∗, say RM SEhν , for each subset Xnhν
=
(y, xhs1 , . . . , xhsν ), ν = 20, . . . , n. We choose ν to vary from
20 to n, because there are some limitations for the mini-
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mal number of variables in the set#. Finally our optimal
s
subset we choose is the set Xnhν
with minimal RM SEhν ,
denoted, respectively, by Xnhopt and RM SEhopt.
We repeat this procedure for every forecasting horizon
h = 1, 2, 3, 4. In Table 2 we report, for each h, the number of variables in the optimal subset Xnhopt, the optimal
set of parameters and RM SEhopt, as well as RM SEh∗ for
the full data set. In this table we also show the relative
improvement of the optimal subset on the full data set.
As Table 2 shows, the size of the optimal subsets varies
widely among the horizons from 31 variables for forecasts
one step ahead to almost the full data set of 138 variables
for two steps ahead forecasts. However, a signicant improvement in the performance is seen only in the one step
ahead forecast where the RM SE opt is 33 per cent less than
the RM SE ∗ for the full data set. Although the RM SE opt
for the other horizons is still smaller than RM SE ∗, the
improvement there does not seem signicant.
The optimal subsets for the dierent forecasting horizons are indicated in Appendix B. The conclusion that can
be made is that the subsets are quite dierent in respect
to the included variables and a clear pattern for including
or excluding of variables cannot be drawn. However, it
should be noted that for all horizons there are representatives of the main groups of indicators like labour market,
price indices, production and turnover indices, external
For example if we want to estimate
we need at least r variables in the set.
#
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r = q(s + 1)

static factors

Table 2: Forecasting performance, using a balanced data set
h=1 h=2 h=3 h=4
Number of variables
31
138
62
86
Parameters
q∗
2
2
1
2
2
4
1
4
s∗
ρ∗
RM SE opt

2.6σ̂

in levels
as a part of

RM SE ∗ -full

RM SE ∗ –- full

data set

data set

in levels

3.6σ̂

7.4σ̂

2.3σ̂

151 986 208 230 254 894 258 075
0.67
0.99
0.91
0.96
225 909 210 818 279 072 269 587

trade and consumer and business surveys from the four
dierent sectors (construction, industry, retail trade and
services). This provides one justication of the use of factor models and shows that potentially useful information
is contained in a very wide range of data.
Figure 2 and Figure 3 show correspondingly the normalized and non-normalized output ( yτ and
best predictions

yτ +h|τ

and

Yτ +h|τ ,

for

Yτ ) and their
h = 1, 2, 3, 4. As it

can be expected the t of the series is better for the forecasts with shorter horizons.

However, the graphs show

correctly matched in many of the data points even in the
longer forecasting horizons.
In order to obtain forecast

Ỹτ +h ,

we use the predictions for

Ỹτ +h|τ for the real
Yτ +1 , . . . , Yτ +h :

GDP
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that the direction of the changes in the predicted series is

Ỹτ +h|τ = Ỹτ − Ỹτ −4 + Yτ +1|τ + . . . + Yτ +h|τ + Ỹτ +h−4 .
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Thus, the forecast for the level of GDP at constant
prices in the second quarter of 2010, for instance, depends
not only on the four-steps ahead forecast for the transformed GDP

Yτ +4|τ

in 2010 Q2 and the last observation

of GDP in 2009 Q2 but also on the forecasts three-steps
ahead for 2009 Q3, two-steps ahead for 2009 Q4 and onestep ahead for 2010 Q1. As a consequence the results for
the longer horizons worsen not only because of the smaller
predictive power of the model at these horizons but also
because of the accumulation of errors of the forecasts for
the previous quarters. The results are shown in Figure 4.
As a next step growth rates could be calculated. However,
again for the longer horizons the accumulated error worsens the results. A possible way to sidestep this problem is
to model directly the growth rates or the rst dierences
of the logarithms of the variables.

Although additional

work on this topic would be worthwhile, the preliminary
results show much smaller commonality among the series
in the data set when such transformations of the series are
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done.

28

Figure 2: Transformed and normalized real output and its
best predictions 1, 2, 3 and 4 steps ahead, using a balanced
data set

Figure 3: Transformed real output and its best predictions
1, 2, 3 and 4 steps ahead, using a balanced data set
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Figure 4: Real output and its best predictions 1, 2, 3 and
4 steps ahead, using a balanced data set
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5 Using the Last Available Observations

30

The method described in Section 2 and applied in Section 4 has the feature that if at time T we want to produce
a forecast for time T + h, then we need observations for
all variables until time T , i.e. we need a balanced data
set. In the context of forecasting GDP this means that
one-quarter ahead prediction for T + 1 can be made no
sooner than 6 weeks after the end of the period T , when
the ash estimate for Bulgarian GDP is published for T ,
or 10 weeks if we want to use the rst estimate of GDP for
period T . So, because of the publication delay, our forecast for T + 1 is made in the middle or almost at the end
of period T + 1. This, in combination with the need for a
balanced data set, creates the disadvantage that informa-

tion published during the rst 6 (or 10) weeks after the
end of period T cannot be exploited. Since almost all of
the variables have smaller publication delay (the surveys
are published at the end of the same month, ination is
available half month later, etc.) the eects of this delay
can be very substantial.
Altissimo etet al.
al. (2001) propose a method for treatment
of an unbalanced dataset. In this section we exploit a similar idea for a dataset with observations available up to 2
weeks after the rst release of the GDP for 2009 Q2. The
method exploits the property of the GDFM to take into
account the leading and lagging relations across series by
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means of principal components in the frequency domain.
We shift series with available observations for the next period in the data matrix backward so that the latest available observation for each series can now be obtained at
time T. For example, if a given variable is available up to
period T + 1, it will be shifted back one period so that
the last observation to be for period T and the rst observation will be deleted. So, instead of the variable itself
we will use its lead. For variables with monthly frequency
which are available for only one or two months of the next
quarter this transposition is done before their aggregation
to quarterly frequency. The GDFM is designed to be able
to capture correctly the time structure and relations in
the data set reconstructed this way. The rest of the procedure is the same as the one described in Section 4. It
should be noted that all the results are dependent on the
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cut o date for the data, which determines exactly which
additional observations are included in the data set.
The one step ahead forecast in this case is a prediction
for the GDP for the current quarter taking in account all
available new information and is practically equivalent to
a nowcast. Table 3 reports the number of the variables in
the optimal subsets at the dierent horizons and the optimal model specifying parameters. Surprisingly the maximal lag of the factor loadings s for forecasts one and two
steps ahead is smaller for the unbalanced data set, which
includes the last available observations, than for the balanced one. One possible explanation could be that some
Table 3: Forecasting performance, using the last available observations
h=1 h=2 h=3 h=4
Number of variables
107
24
56
62
Parameters
4
3
2
1
q∗
1
1
2
4
s∗
ρ∗
RMSE opt

2.8σ̂

as a part of
as a part of

RMSE ∗
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4.2σ̂

112 588 170 256 194 158 198 068
0.72
0.68
0.72
0.72
0.74
0.82
0.76
0.77
0.50
0.81
0.70
0.73

RMSE ∗

157 298 249 302 268 663 275 614
0.70
1.18
0.96
1.02

- full data set

in levels
as a part of

6σ̂

RMSE ∗ for full data set
RMSE opt for balanced data set
RMSE ∗ for full balanced data set

in levels
as a part of

3.2σ̂

for full balanced data set

of the variables which have been shifted backwards in the
reconstruction of the data set are in fact leading for GDP
and this increases the commonality between variables in 0
or ±1 lag.

Considering the results of the model with the full data
set, the inclusion of the last available observations reduces
the root mean squared error signicantly but only for onestep ahead forecast. The improvement for this horizon is
30 per cent (measured as RM SE ∗  full data set as a
part of RM SE ∗ for full balanced dataset), while for the
other horizons the performance remains broadly the same.
According to the selection of variables the results seem
signicantly better than the results from the balanced data
set. The dierence is that now improvement (measured as
RM SE opt as a part of RM SE ∗ for the full data set) is
observed not only for the rst horizon but for all of them
and is around 30 per cent.

variables.
Predictions are shown in Figures 5, 6 and 7. A comparison between these gures and the analogous gures for
the predictions with balanced data set (Figures 2, 3 and 4)

DISCUSSION PAPERS

When selection of variables is done for both data sets,
the one with included last available observations surpasses
the one with balanced data set in all forecasting horizons.
The root mean squared error improvements vary from 18
per cent for two-steps ahead forecast to 26 per cent for onestep ahead forecast. An interesting nding is that while
for a forecast one-step ahead, the method for inclusion
of the last available observations contributes for a better
performance with or without selection of an optimal subset, for longer forecasting horizons an improvement is not
observed for the full data set but only after selection of
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conrms the conclusion for improvement in the accuracy
of the forecasts.
As a whole both methods applied here  rst for selection of variables, and second for dealing with unbalanced data set which includes the last available information, bring an accumulated reduction of the root mean
squared error in the forecasts up to 50 per cent for the
forecast one-step ahead. For the longer horizons the improvement is smaller but still signicant  19 per cent for
two steps ahead, 30 per cent for three steps ahead and 27
per cent for four steps ahead (Table 3, RM SE opt as a part
of RM SE ∗ for full balanced data set).
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Figure 5: Transformed and normalized real output and its
best predictions 1, 2, 3 and 4 steps ahead, using the last
available observations
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Figure 6: Transformed real output and its best predictions 1, 2, 3 and 4 steps ahead, using the last available
observations

Figure 7: Real output and its best predictions 1, 2, 3 and
4 steps ahead, using the last available observations
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6 Conclusions
In the present paper we apply the GDFM to produce
nowcasts and short-term forecasts of real Bulgarian GDP
from large data set. A method for selection of model specication and a dataset based on the pseudo out-of-sample
performance of the model is proposed. The selected subsets for the dierent forecast horizons still contain variables from all economic sectors and the forecast remains
based on a very wide range of information.
Also a simple method, which exploits the dynamic
properties of the GDFM, is used for including the latest
available observations of series with smaller publication

D P / 86/2011

delay. The results show improvement of the chosen measure of the model performance and we can conclude that
our methodology successfully exploits information in the
recent observations of the series. Thanks
Thankstotoboth
bothdata
data
subset selection and the inclusion of the latest available
information, a reduction of up to 50 per cent of the root
mean squared error of the forecasts is obtained.
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The specics of the Bulgarian economy and in particular the short time span of the dataset have a negative
impact on the stability of the model specication and variable selection over time. However, there is a scope for a
further examination of the properties and the results of
the model over time. The transformation of the data series also is a potential area for improvement of the results,
although the initial examination of some of the alternatives does not give encouraging results.

7 Appendix A: Technical Details
Our estimation starts with computation of the sample
T
covariance matrix ΓTnk of XnT and Xn−k
, for k = 0, 1, . . . , M .
We use it to estimate the spectral-density matrix of XnT via
discrete Fourier transformation of the two-sided sequence
ΓTn,−M , . . . , ΓTn,0 , . . . , ΓTn,M , where ΓTn,−k = ΓTn,k . Precisely,
ΣTn (θh )

M
1  T
=
Γnk wk e−ikθh ,
2π k=−M

T
ΣχT
n (θh ) = P̃n (θh )

⎧ T
⎪
⎨ λn1 (θh )
⎪
⎩

0

...

0
λTnq (θh )

⎫
⎪
⎬
⎪
⎭
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where the frequencies are equally spaced in the interval
2πh
[0, 2π], i.e. θh = 2M
, h = 0, . . . , 2M , and wk = 1 −
+1
|k|
, k = −M, . . . , M are the weights corresponding to
M +1
the Bartlett lag window of size M . We choose M = 6,
which is close to the proposed in Forni etet al.
al. (2002) value
1/3
of [T ] + 1.
Further we perform the dynamic principal decomposition. For each frequency of the grid ( i.e. for h = 0, 1, . . . , 2M )
we compute the eigenvalues λTnj (θh) and their associated
eigenvectors pTnj (θh), j = 1, . . . , n of ΣTn (θh), where λTnj (θh)
are sorted in decreasing order, i.e. λTn1(θh) ≥ . . . ≥ λTnn(θh).
We put PTn (θh) = (pTn1 (θh), . . . pTnq (θh)) and QTn (θh) =

(pTn,q+1
(θh ), . . . pTnn (θh )) . The spectral-density matrices of
the common and idiosyncratic components are dened as
PTn (θh )
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and

T
ΣξT
n (θh ) = Q̃n (θh )

⎧ T
⎪
⎨ λn,q+1 (θh )
⎪
⎩

0

..

0
.

λTnn (θh )

⎫
⎪
⎬
⎪
⎭

QTn (θh ),

where the tilde denotes complex conjugation and transξT
position. We obtain the covariance matrices ΓχT
nk and Γnk
of the common and idiosyncratic components LE= the inverse discrete Fourier transformation:

ΓχT
nk

M

2π
=
ΣχT (θh )eiθh k
2M + 1 h=−M n

ΓξT
nk =

M

2π
ΣξT (θh )eiθh k
2M + 1 h=−M n

The aggregates which we use to approximate the commonkT
T
factor space are of the form Wnt
= Znk
Xnt , where the
T
weights Znk
are dened as the solution, for 1 ≤ k ≤ r of
the generalized eigenvalue problem
T
Znk
= Arg max aΓχT
n0 ã

s.t.

aΓξT
n0 ã = 1
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T
aΓχT
n0 Z̃nm = 0
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for 1 ≤ m ≤ k, 1 ≤ k ≤ n

T
Thus the vectors Znj
, j = 1, . . . , n are the generalized
eigenvectors, associated with the generalized eigenvalues
ξT
T
ηnj
of the couple of matrices (ΓχT
n0 , Γn0 ).

Our estimate for χi,T +h is
χnT
i,T +h

=



T
T T
T −1 T
T
ΓχT
nh Zn (Z̃n Γn0 Zn ) Z̃n Xn


i

,

where ZnT = (Zn1T  , . . . , ZnrT ).
Analogously,


χT T
T T
T −1 T
t
Z̃
χnT
=
Γ
Z
(
Z̃
Γ
Z
)
X
,
n0 n
it
n n0 n
n
n
i

for t ≤ T

is our estimate of the common components χit.
The model is implemented in Matlab on the basis of
codes published by M. Forni
(http://www.economia.unimore.it/forni_mario/matlab.h
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40

16

12
13
14
15

11

10

8
9

1
2
3
4
5
6
7

Quarterly data

Gross domestic product, value at constant prices
Gross domestic product, value at current prices
Consumer survey - nancial situation relative to 12 months ago
Consumer survey - nancial situation over the next 12 months
Consumer survey - general economic situation over the last 12 months
Consumer survey - general economic situation over the next 12 months
Consumer survey - consumer price developments over the last 12
months
Consumer survey - ination expectations over the next 12 months
Consumer survey - unemployment expectations over the next 12
months
Consumer survey - preference for making major purchases (for durable
goods, etc.) - assessment of the present situation
Consumer survey - expectations for making major purchases (for
durable goods, etc.) over the next 12 months
Consumer survey - possibility to save at present
Consumer survey - expectations for saving over the next 12 months
Consumer survey - current nancial situation of the household
Consumer survey - expectations for car purchases over the next 2
years
C
i f h
h
h
2

Variables

88 Appendix
Data
list
Appendix B:B:Data
List
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1

1
1
1
1

1

1

1
1

2
2
1
1
1
1
1

Transf.

-

-

-

-

+
+
-

h=1

+
+
+
+

+

+

+
+

+
+
+
+
+
+
+

h=2

Variables used for
ahead prediction

steps

+
+
+

-

+

-

+
+
-

h=3

h

+
+
+

+

+

+

+
+
+
+
+
+
+

h=4

18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43

17

16

Variables
Consumer survey - expectations for house purchases over the next 2
years
Consumer survey - expectations for purchases related to home improvements over the next 12 months
Consumer survey - condence indicator
LFS-employment
LFS-unemployed
Labour productivity
Unit labour cost, nominal
Final individual consumption, value at current prices
Final collective consumption, value at current prices
Exports of goods and services, value at current prices
Imports of goods and services, value at current prices
Gross xed capital formation, value at current prices
Change in inventories, value at current prices
Final individual consumption, value at constant prices
Final collective consumption, value at constant prices
Exports of goods and services, value at constant prices
Imports of goods and services, value at constant prices
Gross xed capital formation, value at constant prices
Change in inventories, value at constant prices
Exports of goods, EUR
Imports of goods, EUR
Exports of services, EUR
Imports of services, EUR
Current account, EUR
Net inow of FDI
Government Expenditures, cash basis
Government Revenue, cash basis
Value added tax, cash basis
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1
2
1
2
2
2
2
2
2
2
1
2
2
2
2
2
1
2
2
2
1
2
1
1
1
1

1

Transf.
1
+
+
+
+
+
-

-

-

h=1

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

+

+

h=2

+
+
+
+
+
+
+
+
+
+

-

-

h=3

+
+
+
+
+
+
+
+

-

+

h=4

42

64
65
66

63

62

61

59
60

54
55
56
57
58

46
47
48
49
50
51
52
53

44
45

Monthly data
Unemployment rate (%)
Job vacancies over the last month
Share of long-term unemployed in the total number of unemployed
Business climate in the euro zone
Index of Fuel and Non Fuel Commodities (1995=100)
Index of Non-Fuel Primary Commodities (1995=100)
Edibles Index (1995=100)
Food Index: Cereals, vegetable oils, protein meals, meats, seafood,
sugar, bananas and oranges
Index of Beverages, Coee, Cocoa, and Tea
Index of Industrial Inputs (1995=100)
Index of Agricultural Raw Materials (1995=100)
Metals index
Commodity Fuel (energy) Index, 2005 =100,
= 100,
includes
oil
includes
CrudeCrude
oil
(petroleum), Natural Gas, and Coal Price Indices
Average Petroleum Spot index of UK Brent, Dubai, amd West Texas
Turnover Indices in 'Wholesale and retail trade; repair of motor vehicles and motorcycles'
Turnover Indices in 'Wholesale and retail trade and repair of motor
vehicles and motorcycles'
Turnover Indices in 'Wholesale trade, except of motor vehicles and
motorcycles'
Turnover Indices in 'Retail trade, except of motor vehicles and motorcycles'
Industrial Production Indices
Production Indices in 'Mining and quarrying'
Production Indices in 'Manufacturing'

Variables
Capital expenditure, cash basis
BNB ocial reserves
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2
1
2

1

1

1

1
1

1
1
1
1
1

2
1
1
1
1
2
1
1

Transf.
1
1

+
+

-

-

+

-

-

+
+
-

-

h=1

+
+
+

+

+

+

+
+

+
+
+
+
+

+
+
+
+
+
+
+
+

+
+

h=2

+
-

-

+

+

+
-

+
+
+
+
+

+
+
+
+
+
+

+

h=3

+
+

-

+

+

-

+
+
+
-

+
+
+
+
+
+
+

-

h=4

80
81
82
83
84
85
86
87
88

78
79

77

76

72
73
74
75

68
69
70
71

44
67

Variables
g
C i l Indices
di in 'Electricity,
hb i
Production
gas, steam and air conditioning
supply'
Industrial Turnover Indices
Turnover Indices in 'Mining and quarrying'
Turnover Indices in 'Manufacturing'
Turnover Indices in 'Electricity, gas, steam and air conditioning supply'
Construction survey - current business situation
Construction survey - current situation of production activity
Construction survey - order-books level, total
Construction survey - orders received over the last month compared
to the previous month, total
Construction survey - orders received over the last month compared
to the previous month, civil engineering
Construction survey - orders received over the last month compared
to the previous month, building construction
Construction survey - number of clients with delayed payments, total
Construction survey - expected business situation over the next 6
months
Construction survey - Future production tendency
Construction survey - Selling price expectations
Construction survey - employment expectations
Construction survey - composite business climate
Industry survey - present business situation
Industry survey - present production tendency
Industry survey - order-books level - total
Industry survey - order-books level - dometic
Industry survey - order-books level - export
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2
1
1
2
1
1
2
2
1

1
2

1

1

1
1
1
1

2
1
2
2

Transf.
21

+

-

-

-

+
+
-

+

+

h =+1

+
+
+
+
+
+
+
+
+

+
+

+

+

+
+
+
+

+
+
+
+

+

h =+2

+
+
+
+
-

+
+

+

-

+
+

+
+
+

-

h=3

+
+
+
+
+
-

+
+

-

+

+
+
+
+

+
+

-

h =+4

44

113

110
111
112

109

89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108

Variables
Transf.
Industry survey - stocks of nished goods
1
Industry survey - future business situation
1
Industry survey - future production tendency
1
Industry survey - price expectations
1
Industry survey - price increase
1
Industry survey - composite business climate
1
Industry survey - composite condence indicator
1
Industry survey - insucient domestic demand
2
Industry survey - insucient foreign demand
1
Industry survey - competitive imports
1
Industry survey - shortage of labour, including skilled
1
Industry survey - lack of appropriate equipment
1
Industry survey - shortage of energy
2
Industry survey - nacial problems
2
Industry survey - unclear economic laws
1
Industry survey - uncertainty of the economic environment
1
Industry survey - others constraints
1
Industry survey - no constraints
1
Retail trade survey - current business situation
1
Retail trade survey - current situation of the competitive pressures in
1
the sector
Retail trade survey - current situation of the volume of stock of n1
ished goods
Retail trade survey - current situation of selling prices
1
Retail trade survey - current increase of selling prices
1
Retail trade survey - expected business situation over the next 6
1
months
Retail trade survey - expected volume of orders to suppliers, total
1
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-

+
+
-

-

+
-

h=1

+

+
+
+

+

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

h=2

-

+
+
-

+

+
+
+
+
+
+
+
+

h=3

+

+
+

+

+
+
+
+
+
+
+
+
+
+
+

h=4

y p Variables
pp ,
44 Retail
C i trade
l survey
di - expected
h b ivolume of orders to domestic suppliers
114
115 Retail trade survey - expected volume of orders to suppliers abroad
116 Retail trade survey - sales expectations over the next 3 months
117 Retail trade survey - selling price expectations over the next 3 months
118 Retail trade survey - selling price increase over the next 3 months
119 Retail trade survey - employment expectations
120 Retail trade survey - demand constraints
121 Retail trade survey - supply constraints
122 Retail trade survey - constraints related to competition
123 Retail trade survey - constraints related to uncertainty
124 Retail trade survey - constraints related to the work-force
125 Retail trade survey - other constraints
126 Retail trade survey - no constraints
127 Total income of households - in pecuniary form
128 Total income of households - total
129 Total expenditures of households - in pecuniary form
130 Total expenditures of households - total
131 Headline CPI
132 Headline HICP
133 Employees
134 Wages
135 Claims on non-government sector
136 Monetary aggregate M3
137 Monetary aggregate M1
138 Currency outside MFIs
139 Monetary aggregate M2 (M1+Quasi-money)
140 Interest rate on the inter-bank money market, BGN
Transformation code:
1 xit = (1 − L)Xit
2 xit = (1 − L)(1 − L4 )Xit
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