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Bpayvypovieg mpoPréyerg Tov tpaypotikov AEI ypnoiponoiovrog

OVVOUIKA VTOJEIYNATO TOPAYOVTOV

Hepidnyn

Ta vrodeiypota TapayovVImOV YPNCILOTOIOVVTOL EVPEMG OTN SOdIKAGIN TPOPAEYE®DY
tov mpaypatikov AEIT to tedevtaio £t Omwg amotvmmveton otn O1ebvr PBifAtoypaoio.
Kevipikég Tpdamelec war d1ebveig opyaviopol ypnoipomolovy 00 Kot TEPIGGOTEPO TO
SuvopKd LTOdElypaTo oTn JlEVEPYEWD. Ppayumpobesumv TPoPAEYEDV TNG OIKOVOUIKNG
OpaoTNPLOTNTOG.

Ta vrodelypata Tapayoviwv oyedalovial MGTE VO TPOCPEPOLV IO TKOVOTTOUTIKN
EIKOVO TOV TANPOPOPIDY TOV TAPEYOVTOL AtO HEYOAO apBd cLGYETILOLEV®OV OIKOVOUIKOV
petafAntav. H minpoeodpnon tov peydiov aptBpod autdv TovV OIKOVOUK®OV UETARANTOV
umopei va cuvoyisbei og Eva pikpd apBud mapaydvimv (factors). Ln cvvéyela, avtoi ot
TOPAYOVTEG AMOTEAOVV TV TNYN TOV TPOEPYOUEVOV CUCYETIGEDMV OAVALEGO GTIG OTKOVOUIKESG
UETOPANTES KO LTTOPOVV VO, EPUNVEVGOLVV, KOl KATA GLUVETELX VO TPOPAEYOLV, TNV TopEia TOV
mpaypotikov AEIL

AV 01 TapaTN POV LEVES OIKOVOKES LETAPANTEG emnpedlovTar Oyt LOVO amd TPEYOVGES
aAAG Ko oo TapeAB0VGES TIEG TOV KOVAV TOPAYOVTI®V TOTE YPNGUYLOTOLOVVTOL TO SUVOLKEL
VTOOELY LT, TTOPAYOVT®V TPOKELUEVOD VO, TEPTYPAYOLV TN SUVOUUIKY TOV TAPUTPOVUEVAOV
HETAPANTAOV. ZE 0VTH TNV TEPIMTOOT O1 TIHES TOV KOWVAOV TAPAYOVTI®V ALTOGVOYETICOVTOL Kot
Umopovv va mapactafodv e vrodeiypato avtonaiivopopmy davvcudtov (VAR).

Mo v extipnon tov VTodelyaTog YPNCILOTOIOVUE Vo GUVOAO dedopévav amd 100
petaPAntég g eAMANVIKNG owovopiag. Ortmg cuvnBileton oto vodeiypata wopaydviwv, ot
LETAPANTEG KOTNYOPLOTOON KAV GE TPELG OUAOES AVALOYOL LLE TOV TOUEN TTPOEAEVONG DGTE VOL
extiun0ei n enidopaon tov KAOE TOUEN GTN GLVOALKY|] OIKOVOUI0L. ZVYKEKPIUEVA, T TPMTH OLAdA
neplhopPdaver 33 deikteg otkovopkod KAMpatog ot Prounyoavio, TNV TOPAY®YY|, OTIC
KOTOOKEVEG, OTO EUMOPLO AOVIKNG KoOMOG Kou oty Koataviimon. H oegdtepn opdda
wepthapPdvet 32 petafANTEG Amd TOV TPAYLOTIKO TOREN TNG OIKOVOLIOG 0TS TO TPOYUATIKO
AEII kot t0 6LGTATIKA TOV, TNV KOTAVAA®GT] TOV VOIKOKLPLAV, TOV OEIKTN PLopnyovikng
TOPAYOYNG, TIG OQIEEIS TOVPIOT®VY, TNV OvePYid, TIC TWEC TMETPEANIOL, TNV TPOYUOTIKN
otafuopévn cvuvaAlaypatiky wwotiio. Télog, 1 tpitn opdda mepthapPavel 35 petafintég

amd TO VOUIGUOTIKO Kol YPNUOTOTIOTOTIKO TOUEN ONMMOC TS OMOJOGES TMV EAANVIKOV



OHOAOY®V, TNV TPOGPOPA YPNLOTOG, TOVG OEIKTEG TILMV KATAVOAMTH Kol TOPAY®YOV, TO
deiktn TGV Tov XpMpatiotnpiov AGnvov.

To cOvolo OedOUEVEOV OV YPNGLLOTOIEITOL KOADTTEL TNV TEPIOS0 OO TO TPMTO
tpipnvo tov 2000 £mg Kot TIg o TPOSPATES Tapatnpnoels. Kopla myn tov dedopévmv givar
n EAMinvuay Zratiotikn Apyn kow o OOXZA. Kamoteg petafAntég mov Nrav dtobéoiueg o
unviaio GuYVOTNTO LETUTPATNKOAY GE TPIUNVIOi0 AaUPAvovTag To HEGO OPO TOV TPIUNVOL. XN
GULVEYELN TPAYHOTOTOMONKE MoK 010pBwon Tov petafAntdv, yio 6ceg HeETOPANTEG dev
ntov emoykd dopbopéveg, ue ypriion tov eiktpov TRAMO/SEATS. T v e&dletyn
TPOPANUATOV  OTAGIUOTNTOG, Ol TPOYHOTIKEG KOL Ol OVOUOOTIKEG HETAPANTEC €xovv
petatpanel e pvOUoLg HETAPOANG VD Ol PETAPANTEG TOV EMTOKIOV KOl TOV OEIKTOV
OKOVOIKOV  KAHOTOG o mpdteg dwpopés. Téhog, €ywve kavovikomoinon OAMvV TV
HETAPANTOV pE apaipeon TOL SelypoTikoh HECOV Kot Sloipecn He TN OSLYHOTIKY TUTIKN
amoKAoN.

H xatnyoplomoinon tov petofAntodv ce Tpelc opddeg emrpémet T duvatdTnta
eKTiUMoNG ¢ €midpaong tov KAabe topén oTn GVVOAIKY, owovopio. H extipmon tov
TapayovIev Kabe opddag yiveton pe v pébodo tov kupiov mapoaydvtov (Principal Factors)
Kabmg kot pe ™ pébodo twv kupinv cvvictwomv (Principal Component Analysis).
CUVEYELL EKTILMVTOL OPOpeTIKG vrodetypota pe egaptnuévn petafint) to pubud
peyébuvong tov mpaypotikod AEIT ko aveEdptnreg petaffANTEG S1popovg GLVOVAGHOVS TOV
mopayoviov mov Exovv eayfel kabmg emiong Kot SUPOPETIKEG YPOVIKES VOTEPTCELS TV
Tapoyévtov Kot tov  puBuod peyéBuvvong tov mpoypatikov AEIL  Xvykekpyéva,
ypnowonomdnkay €mg kot 4  YPOVIKEG VOTEPNOCELS KOl VTOAOYIGTNKAV KPLTHpLaL
TANpoedpNoNg 6nmg to Schwartz i) to Akaike. H enthoyr Tov KaToAANAOTEPOV VITOSETYLOTOG
£yve oOUQOVO, LLE TN LKPOTEPT TIUT TOL KprTnpiov Schwartz.

211 GLVEKELD XPNOLOTOMONKE TO EKTIUNUEVO VTOJEIYHO YL TIG TPOPAEWYELS TOL
pLOuov peyéBuvong tov mpaypatikov AEIL Me Bdon avtéc tig mpoPAéyelg extipunniay ot

enoykd dropOBwpéveg Tinég Tov mpayuatikod AEIT.



1. Introduction

Macroeconometricians face a peculiar data structure. On the one hand, the number of
years for which there is reliable and relevant data is limited and cannot readily be increased
other than by the passage of time. On the other hand, for much of the postwar period statistical
agencies have collected monthly or quarterly data on a great many related macroeconomic,
financial, and sectoral variables. Thus, macroeconometricians face data sets that have
hundreds or even thousands of series, but the number of observations on each series is
relatively short, for example 20 to 40 years of quarterly data.

Factor models have received substantial coverage in the literature in recent years (see,
e.g, Stock and Watson, 2010; Bai and Ng, 2008b). Central banks and other international
organisations are using them increasingly for short-term forecasting of GDP. The models are
used in static form (for example at the Federal Reserve [Fed], under the impulse of the studies
by Stock and Watson, 1999, 2002a, 2002b) or in dynamic form (at the European Central Bank
[ECB], following the studies by Doz, Giannone, and Reichlin, 2011, 2012; Giannone, Reichlin
and Small, 2008; at the Bank of Italy with the Eurocoin indicator developed by Altissimo et
al., 2001, 2010).

Factor models offer several advantages over classic tools. First, they can incorporate
information provided by a large set of variables and summarise it in a small set of factors,
which will then serve as explanatory variables in a standard regression model. Second, factor
models can be adjusted if observations are missing at the end of a period. This is a valuable
property for the short-term economic analyst, who is constrained by the availability of short-
term indicators (release times are fairly short for balances of opinion in business and consumer
surveys and for financial variables, longer for real variables such as the industrial production
index and manufactured-goods consumption). When one uses a factor model does not need to
develop auxiliary models to predict missing observations or to use different models depending
on the month of the quarter in which the forecast is prepared, that is, depending on the
information available to the analyst.

In the recent period, the ECB has been using two concurrent approaches to prepare
short-term forecasts of euro area growth in the previous, current and following quarters. Both
approaches are used twice a month: mid-month after the release of real indicators such as the
IPI; and then at the end of the month after the release of business and consumer tendency
surveys and financial data.

The first approach rests on the combination of forecasts drawn from about ten standard

calibrations (Riinstler and Sédillot, 2003; Diron, 2008). The second approach is based on
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dynamic factor models introduced at the ECB (and at the Federal Reserve) in keeping with
the method presented by Giannone, Reichlin and Small (2008). Whereas the first approach
relies on relatively few monthly indicators (up to 15 in Diron, 2008), the information set in
the second approach comprises 85 monthly indicators, real indicators, financial indicators,
and indicators derived from business and consumer tendency surveys. A Kalman filter is used
to calculate missing factor observations due to the missing months of the monthly indicators.
The factor model is estimated using the two-stage estimation method (PCA and Kalman filter)
proposed by Doz, Giannone and Reichlin (2011). In this context, Banbura and Riinstler (2011)
measure the variables’ contribution to forecasts and apply the results to the short-term GDP
forecast for the euro zone.

Our study describes an application of dynamic factor models to the forecasting of
Greek GDP growth in the following quarters. We use a database of about one hundred
variables such as survey variables, real indicators, monetary and financial variables, and
international indicators. An out-of-sample assessment shows that the quality of the forecasts
supplied by our factor models is satisfactory, although longer-term forecasts are fragile.

Our paper is organized as follows. Section 2 describes the factor models in their static
and dynamic forms, as well as the associated estimation and forecasting methods. Section 3
presents the data used in our study and examines the forecasting performance of factor models

tested on their sample base and on an out-of-sample basis.

2. Factor models and their use in forecasting

This section gives a concise description of factor models in their static form and their
dynamic extension. We go on to discuss alternative methods for estimating the models. We
conclude by reviewing the methods that can be used to construct a forecast based on the

prior estimation of a factor model.

2.1. Factor models
2.1.1. Static factor models

Factor models are designed to supply a parsimonious representation of the information
provided by a large set of variables when these are correlated. Factor models assume that the
observed variables can be described in terms of a small set of latent, unobservable variables
called “factors” or “common factors” and that these latent common factors are the source of
the correlations between the observed variables. In the static framework, there are two types

of factor models: 1) exact factor models, in which the factors explain the entire correlation
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between variables; and, 2) approximate factor models, which are suited to cases where the
number of observed variables tends toward infinity and where the factors explain most of the
correlations between variables (the residual portion being negligible).

More formally, with N the number of variables studied, T the number of observations

available for each variable and x, the observation of variable i at instant t, the exact model

with r factors (f; ) | iswritten as follows:

=1,..,

X = 44 +ﬂ11f1t +j12 f2t +"'+ﬂ1r fn +€,
fori=1..,N,t=1..Tand r<N. Thatis, in matrix form:

X =u+Af,+e, t=1..T

with % = (X, %y ) and € =(&,,...ey) N-dimensional vectors, f, =(f,,...f,) a r-

dimensional vector and A a (N,r)-dimension matrix. The following assumptions hold:
E(e)=0, E(f)=0, E(etet')=D=diag(d1,...,d,\,), E(ftft')=0v(t,r),t:tr,
E(etet'):o V (t,7), t=7, | representing the r-dimensional identity matrix and

(dy,....dy )' a vector of N positive parameters to be estimated.
In what follows, we shall focus on the case where #=0 and work with variables

mean-centred beforehand. When r is very small compared with N, the model does indeed yield

a parsimonious representation of the covariances between x, variables.

In this static model, the r common factors are not auto-correlated. We can further
assume without loss of generality, that they are not correlated with one another and have unit

variance. The term, e, called the specific or idiosyncratic component, represents the share of
variable x, that is not explained by the common factors. As the e, disturbance terms are

uncorrelated two by two, the entire correlation between observed variables is provided by the
factors.

The factor weights (i,j ) measure the covariances between the observed variables i and

the common factors j. The variance of each variable can thus be written as:

V(x)= A +d
j=L



The term ),”.2 represents the share of the variance of x,, explained by factor j. The term

r

ﬂ,u.z is the total share of the variance (communality) captured by the r factors. In addition,
j=1

the variance-covariance matrix of the vector of observed variables is written as

V(x)=AA'+D and as D is diagonal, the covariances between the observed variables are

explicitly expressed in terms of factor loadings. Thus, the variance-covariance matrix of x, is

expressed in terms of the N(r+1) parameters of A and D instead of depending on N(N+1)/2
parameters if we do not assume the existence of a factor model. Note that the model is

invariant to change of scale, so that decomposing the variance-covariance matrix of X is

equivalent to decomposing its correlation matrix.

In the approximate static model, one no longer assumes that the idiosyncratic terms
are uncorrelated two by two. It is merely assumed that in the correlation between the observed
variables, the share due to the correlation between the idiosyncratic terms is negligible

compared with the share due to the common factors. If one continues to write E(etet') =D

(with a non-diagonal matrix D), one assumes that when the number N of observed variables
tends toward infinity, the matrix D remains bounded whereas the matrix AA’ is unbounded.

Consequently, as V(xt)zAA'+D, the share of the correlation between variables not

explained by the factors can be regarded as negligible.

2.1.2. Dynamic factor models

Dynamic factor models aim to provide a parsimonious description of the common
dynamics of the observed variables (or of the co-movements of the observed variables). These
models generalize static models (exact or approximate) in two ways. First, the common factors
are auto-correlated. Their dynamics are typically modelled in VAR form or in some cases, in
vector autoregressive moving average (VARMA) form. Second, the observed variables can
be influenced by the factor’s contemporary values, but also by their lagged values. In both
cases the model can be reduced, via suitable notation changes, to a form close to that of static
factor models.

Examining the framework of exact dynamic factor models we may assume that the

factor dynamics are correctly represented by a VAR(p) model and still using x, = (x1t v Xyt )'

to denote the vector of observed variables, one can define an initial class of models in which



factors are included only via their contemporary values. These models have the following

form:

X =A,f +e

p
ft ZZA ft—l + &
=1

where &, is white noise and e, is a process whose components are uncorrelated two by two

and are uncorrelated with the factors.
The factor may operates not only on a contemporary basis but also with its lags, that
is, in the context of a model of the form:

X =Af+. .+ A +e

p
ft :ZA ft—l + &
I=1

As with static models, the scope of application of dynamic models may be extended
by introducing approximate dynamic factor models when the number N of observable

variables tends toward infinity. In this type of model, we allow the components of vector e,

to be correlated with one another, but we assume that the share of the observable variables’
dynamics due to the idiosyncratic components is negligible by comparison with the factor-

related share.

2.2. Estimation of a dynamic factor models

The framework of approximate dynamic factor models is the standard choice for
analyzing macroeconomic data. Various methods for estimating these models have been
proposed in the literature. For a full survey of the methods, see Bai and Ng (2008b), and Stock
and Watson (2010).

The method most commonly used is principal component analysis (PCA), first
proposed by Stock and Watson (2002a). This method is applied to a static factor model (or a
dynamic factor model converted to static form). Under the assumptions usually made in the
specification of the approximate factor model, PCA is shown to yield convergent estimators
of the model’s parameters and an approximation of the factors that converges toward their
true value when the number N of series studied and the number T of observations tend toward
infinity.

However, other estimation methods have been proposed to allow factor dynamics to
be taken into account. Forni et al. (2000, 2005) propose an estimation method based on the
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analysis of the spectral density of observations. Doz, Giannone and Reichlin (2011, 2012)
have proposed a pseudo-maximum likelihood estimation method and a two-stage estimation
method based on the Kalman filter.

The two-stage estimation method is fairly simple to implement. It has the added
advantage of easily adjusting to missing values; one of the main problems faced by short term
analysts, as noted earlier. The two-stage method was used, for example by Giannone, Reichlin
and Small (2008) to forecast US and euro area GDP, and by Angelini et al. (2008), and
Banbura and Riinstler (2011) to prepare a short-term forecast of euro area GDP.

It is important to stress here that PCA implementation requires a balanced data sample.
This imposes a severe constraint on short-term forecasting. If we truncate the sample at the
last date for which all the data are available, we deprive ourselves of a part of the existing
information.

By contrast, with the two-stage method proposed by Doz, Giannone and Reichlin
(2011), we can calculate the best approximations of factor values at each date, taking into
account all the information available. Assuming normal disturbances, we know that the
Kalman filter and smoother allow us to obtain for a given parameter value, the optimal
approximation of the latent variables on the basis of the full information available on the
observable variables. The two-stage method seems to be particularly well suited to short-term

forecasting.

2.3. Use in forecasting

The estimated factors may be used for forecasting important macroeconomic

variables. Assuming that y, stands for quarterly GDP growth, we may estimate the following

model by means of Ordinary Least Squares (OLS):
Yi =a+Zﬂiyt—i +Z7/j ft—j +&
i=1 j=0

The dynamic framework of the model relies on the estimates of factor dynamics obtained

when estimating the factor model. If the factors confirm a model of the form
p
ft =ZA ft—l + &
1=1

we can obtain recursively a forecast f. ,, at date T using the estimated values of the A

matrices and the factors. This type of approach is applied by Giannone, Reichlin and Small
(2008), Angelini, Banbura and Riinstler (2008), and Banbura and Riinstler (2011).



2.4. Choice of model specification

Bai and Ng (2002, 2007) offer criteria for choosing the number of factors. In their
2002 paper, they introduce an initial series of criteria suited to static factor models while in
their 2007 paper, they propose a second series of criteria to determine the number of dynamic
factors.

In practice, these criteria are used in three stages. First, use one of the six criteria (Bai
and Ng, 2002) to determine the optimal number of factors in a static setting. Second, estimate
a VAR on these factors and choose the VAR order (p*) so as to minimize the standard AIC
or BIC criterion. Third, apply the Bai and Ng (2007) criteria to the variance-covariance matrix
or the correlation matrix of the VAR (p*) residuals to obtain the optimal number of dynamic
factors g*.

Several studies show that in practice, the use of the Bai and Ng (2002, 2007) criteria
can entail the choice of too few factors, undermining forecast quality; see for example,
Barhoumi, Darné and Ferrara (2010) for an application to the French GDP forecast, and
Schumacher (2007) for an illustration concerning German GDP. A possible explanation is that
the choice of factor model specification is totally unrelated to the variable to be forecasted.

Schumacher (2007) proposes an alternative to the information criteria so as to compare
the results obtained. The alternative consists in choosing the number of factors that minimizes
the Root Mean Square Error (RMSE) criterion in the GDP growth regression on the factors.
The RMSE criterion also determines the choice of order p of the VAR process on the factors.

3. Use of dynamic factor models to forecast Greek GDP growth
3.1. Data

We use a dataset of 100 variables. Like most studies of GDP forecasts derived from
factor models, we have chosen three groups of variables:

e survey balances: The main balances of Greek business tendency surveys used to
construct the synthetic (or business climate) indicators in manufacturing, services, the
building sector and the retail trade, plus the main balances of the consumer tendency survey;

e real variables: Real GDP and its main components, household consumption of
manufactured goods and its components, new car registrations, building starts and building
permits, the industrial production index and its components, labour market variables, tourist
arrivals, real effective exchange rate of euro, oil prices;

e nominal variables (monetary and financial): Interest rates, yield-curve slope, stock

market indexes, monetary aggregates and price indexes;
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Many short-term analysts base their forecasts on survey variables and as they become
available, on real variables: in particular the industrial production index, household
consumption of manufactured goods, building starts, building permits and customs data for
foreign trade. The survey balances group includes 33 variables, the real variables group 32
variables and finally, the nominal variables group 35.

Our data set covers the period from the first quarter of 2000 until the second quarter
of 2017. The estimates reported in this study were prepared with the series published in early
September 2017. All series were downloaded from Eurostat and OECD databases. Some
variables that published monthly have been converted to quarterly frequency by taking the
mean of each quarter. Some series were seasonally un-adjusted so, using the TRAMO/SEATS
filter we proceed to seasonal adjustment of all the series. In order to avoid stationarity issues
we log-differentiate the real and nominal variables and take first differences for the survey

variables as well as for the interest rates. Finally, we standardize all the variables.

3.2. Estimation of the dynamic factor model

The classification of the variables in three groups allows the estimation of impact of
each sector on the whole economy. For this reason we estimate the following dynamic factor
model for the Greek GDP:

yt:a+z,8iytii+2y?f£j+2]/;\‘ ftE'j—i-Z}/jsfij—i—et (1)
i=1 j=0 j=0 j=0

where %, f" and f° are the factors from the real, the nominal and the survey group of

variables correspondingly.

We estimate the factors from each group of variables using the PCA as well as the
Principal Factors method discussed above. Table 1 shows the cumulative proportion of the
variance of each group that explained by a specific number of factors (k).
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Table 1: Cumulative proportion of variance

Principal Component Analysis Principal Factors
Nominal Nominal
Number of Real and Survey Real and Survey
factors (k) sector financial sector sector financial sector
sector sector
1 25.90% 27.02% 32.05% 45.68% 40.26% 45.78%
2 38.03% 42.69% 46.82% 66.93% 63.53% 66.67%
3 45.79% 53.52% 55.41% 79.97% 78.40% 78.74%
4 52.08% 59.64% 61.17% 90.54% 87.00% 86.80%
5 58.18% 64.68% 66.66% 100% 93.64% 94.21%
6 63.13% 69.57% 70.98% 100% 100%
7 67.63% 73.61% 74.57%
8 71.47% 76.83% 77.92%
9 74.86% 79.85% 80.87%
10 78.10% 82.48% 83.40%

Then, we estimate model (1) using various combinations of the estimated factors as
well as various lags and compute the Schwarz information criterion. We choose this model
with the minimum value of the Schwarz information criterion. According to this value, we
use the factors extracted by the Principal Factors method. Specifically, we use one lag of the
real GDP growth, the levels of the two first factors of the real sector as well as the levels of
the first factor of the other two sectors. Namely, the parameters of model (1) are n=1, m=0
, kF=2, k™ =1 and k® =1. Using these parameters the estimated model follows (standard

errors are included in brackets):

y, =0.0124—-0.087y, , +1.231fF —0.517 f % +0.276 f," +0.04
(0.105) (0.07)  (0.126) (0.109) (0.114) (0.118)

After that, we estimate the following VAR (2) model for the estimated factors:
fi=Af +Af ,+e&
where f, :(flﬁ, f,e, fiy, )’. So, we can obtain recursively forecasts f. ., f;,,; forthe

third and fourth quarter of 2017, at date T. Then, we use the estimated model (1) in order to
obtain real GDP growth forecast for the third and fourth quarter of 2017. Using this forecasted

value we estimate the forecasted seasonally adjusted real GDP value for the corresponding
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quarters. So, we have the forecasted values of the seasonally adjusted real GDP series that are

shown in Table 2.

Table 2: Forecasted growth rate of real GDP
2017
Quarter Q1" Q2" Qs Q4
With respect to the corresponding
) 0.4% 0.8% 0.3% 2.1%
quarter of the previous year (y-0-y)
Annual growth rate 0.9%

Note: * denotes realized values

4. Conclusion

This study has examined the performance of a tool based on dynamic factor models
for forecasting Greek GDP growth over short horizons. Such models allow the inclusion of
information provided by a large variable set, summarized into a small set of factors. In their
dynamic form, the models allow a time dependence of factors and a dependence of observed
variables on contemporary and lagged factor values. If some indicator values are missing, we
can adjust the associated estimation methods, avoiding the need for auxiliary models.

Several approaches could be explored for improving these results. The choice of
different sets of initial variables seems to yield different forecast qualities. Ahead of factor
construction, it might therefore be worth applying the variable selection methods
recommended by Boivin and Ng (2006), and more recently Bai and Ng (2008a). The use of
these methods by Caggiano et al. (2009) and Schumacher (2010) does show a gain for the
GDP forecast, and Charpin’s application on French data (2009) of the method proposed by
Bai and Ng (2008a) yields encouraging results. Moreover, the introduction of non-linearities
in the specification has thus far been relatively little explored in the context of factor models

and could also be a major source of improved performance.
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