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Abstract

The literature on short term forecasting suggests that there is room for improvement in forecast ability
considering a richer dynamic structure. To address this issue, multivariate factor models are combined with
MIDAS dynamics to perform short term forecasts. A dynamic factor model with mixed frequency is used,
where the past observations of high frequency indicators are included following the MIDAS approach. This
structure is able to represent in a richer dynamics the information content of the economic indicators and
produces smoothed factors and forecasts. The short term forecasting performance of the model is evaluated
against other models in a pseudo-real time experiment, also allowing for pooled forecast from factor

models.

(*) Routines are coded in Ox 3.3 by Doornik (2001) and are based on the programs realized by Tommaso Proietti for
the Eurostat project on EuroMIND: the Monthly Indicator of Economic Activity in the Euro Area. This paper represents
the authors personal opinions and does not reflect the view of the Bank of Italy and the Italian Department of Treasury.
! Italian Department of Treasury; corresponding author. MEF-Ministry of the Economy and Finance-Italy, via XX
Settembre 97, 00187 ROMA,; E-mail: cecilia.frale@tesoro.it.

2Bank of Italy and Italian Department of Treasury
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1 Introduction

The transmission of the recent financial crisis on the reahemy was partially under-
estimated by a number of forecasters. Both academia antutists are now thinking
about the ability of macroeconometric models in predictimg economy and in captur-
ing early signals of turning points. Actually the practideshort-term forecasting mainly
relies on two sets of instruments: bridge models and factwtets. Bridge models link
timely indicators with low frequency target variables, \wdees factors models extract a
common component by a set (eventually large) of sérids their standard formulation,
bridge and factor models have shown some limitation resjpetto mayor topics: the
disaggregation in time and the ragged-edge data problenchvi$a relevant issue for
real time forecasts.

Recently we have observed a flourishing of the literaturénese two approaches with
extensions in different directions, among which a prongdield of research is repre-
sented by mixed frequency models. The last are particulesdful to extract the infor-
mation content from high frequency indicators that are wsegdroxy for target variables
observed at lower frequency and eventually with a time lagis TS the typical require-
ment by economic forecasters day by day, so that the incrgasierest in the literature
on these models is well justified. Moreover, these modelaks® particularly suited as
a time series disaggregation tools, given that the targeahla is estimated at higher
frequency.

The mixed frequency literature has initially been devetbpsing state space factor
models, estimated via the Kalman filter. Most of the appidet exploit monthly se-
ries, like industrial production or confidence survey, tedict the quarterly GDP. This
approach has recently been followed by Mariano and Muraga@@3), Mittnik and
Zadrozny (2004), Aruoba et al. (2007), Camacho and Peren®(#2008) and Frale et al.
(2009). These models can also be used as a multivariateaiotirfe series disaggrega-
tion, as done in Frale et al. (2008), Harvey and Chung (20@6guro and Savio(2005).

A different approach relates to the recent literature onddi®ata Sampling Regres-
sion Models (MIDAS) proposed by Ghysels, Santa-Clara anéavimv (2002, 2006).
MIDAS mainly differ from mixed frequency factor models agyhare univariate, where
lag polynomials are used to combine high frequency indrsatath the low frequency
target variable. There is a small but fast growing literaton MIDAS models. Most of
the early applications refer to financial econometrics bete¢ has recently been a number

1On the comparison on the different models for short termipties see Barhoumi, Benk, Cristadoro,
Reijer, Jakaitiene, Jelonek, Rua, Rnstler, Ruth and Niehwgze (2008 ).



of papers on GDP and inflation.

Clements and Galvao (2007) suggest a MIDAS to forecast myodth quarterly macro
variables or to track daily survey expectations on US maar@bles (Ghysels and Wright
(2006)) . Monteforte and Moretti (2008) propose a MIDAS tedlct daily the monthly
inflation in real time. Finally, Marcellino and Schumach2008) use a MIDAS to deal
with an unbalanced large data-set and for estimating thettyo@DP.

This paper deals with a mixed frequency factor model and ehyoatructure of the
factor based on MIDAS polynomial. This feature is new in tiberéture and enables to
exploit in a parsimonious way a larger number of lags of tlghHrequency indicators.
This is particulary useful in forecasting as it allows to ksifly take into account the cross
correlation between indicators and the target variablerddeer, the MIDAS polynomial
produces smooth factors, which is a desirable propertyiagily less volatile forecasts.

In the empirical application, with Italian data, the preutig performance of the Mixed
Frequency Factor Midas (in the following FaMIDAS) is comgauwvith univariate (ADL)
and multivariate (VAR) standard models and with two mixeegliency factor models
(with single and multiple factors). The results seem to sstjthat the FaMIDAS prevails
at larger horizons in real time forecasting. This is not s8ipg, as the factor produced
by FaMIDAS is smooth and thus less affected by the short rurabéity of the data.
Next Section sketches the model, while Section 3 deals vgitimation and data issues.
Section 4 reports the results of the forecasting exercideSaction 5 concludes.

2 TheModel

Standard factor models extract a common, unobserved, coenpdrom a set of time
series. In real time the series are observed with diffeneguency and delay therefore
a mixed frequency structure avoids the problem of tempaygtegation bias. Gener-
ally factor models data-sets are unbalanced (the so calgged-edge data) and thus a
mixed frequency model works as a bridge from frequent aneéltinmdicators toward
series which are aggregated and published with higher d&layforecast analysis, the
problem of ragged-edge data calls for an efficient and expise of the cross correlation
among variables, exploiting at best the (eventual) leagmger of the timely indicators.
This issue is solved in factor models including a lag (dyr@mstructure, as for exam-
ple imposing that the common factors follow autoregrespineesses. To improve this
basic framework a richer structure can be considered takingach indicator a larger
number of lags and restricting them according to a MIDAS esgion. All in all, the
idea is to combine the dynamic mixed frequency factor maetnique with the MIDAS
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regression applied to the lagged indicators.

This approach might be considered as an attempt to increadkexibility of the factor
model and thus to improve its ability to reproduce the undiegl structural economic
model in a framework that is substantially a reduced formmaster of fact factor models
are pure statistical models, with lack of economic intetggien. Therefore, including a
richer dynamic may be seen as an indirect way to capture tea/im of economic agents,
as for example their expectation formation process, whigghtrinduce an effect in the
correlation among time series.

In the following the two main ingredients of the model, and tmy in which they are
integrated, are presented.

2.1 Thefactor model with mixed frequency

There are many possibilities of linking a set of indicatoraikable at high frequency to
the target variable observed at lower time interval. Amdmgn the mixed frequency
factor model proposed in Frale et al.(2008) features aituisinal relevance, given that
it has been developed by Eurostat for EuroMIND, the MontNIRicator of the economic
activity in the Euro Area. In particular, this is a dynamictlar model that decomposes a
vector of N time seriesy,, with mixed frequency (e.g. monthly and quarterly), inteeon
(or more) common nonstationary componefit,and some idiosyncratieg, specific to
each series. Both the common factor and the idiosyncratilcsf autoregressive standard
processes as shown by the following representation:

Yy = 190ft+191ft—1+7t+st/67 tzlv"'vnv
P(L)Af: = ne ~ NID(0, 07), Q)
D(L)Ay, = é+mn;, n; ~NID(0,%,.),

where¢(L) is an autoregressive polynomial of ordewith stationary roots and (L)
is a diagonal matrix containing autoregressive polynosnadlorderp; (i=1 to N) . The
regression matri$s, contains the values of exogenous variables that are useddgoo-
rate calendar effects (trading day regressors, Eastgthefthe month) and intervention
variables (level shifts, additive outliers, etc.), and ¢hements of3 that are used for ini-
tialisation and other fixed effects. The disturbangeandn; are mutually uncorrelated
at all leads and lags.

The model is cast in a linear State Space Form and, assumahghh disturbances
have a Gaussian distribution, the unknown parameters tireadsd by maximum likeli-
hood, using the prediction error decomposition, perfortmgthe Kalman filter (see the



Appendix for the details of the state-space represenfation

The SSF is suitable modified to take into account the mixegluieacy nature of the
series. Following Harvey (1989), the state vector is augeteby an hoc cumulator
function which translate the problem of aggregation in time a problem of missing
values. The cumulator is defined as the observed aggregeties sit the end of the
season (e.g. last month of quarter), otherwise it contamgéartial cumulative sum of the
disaggregated values ( e.g. months) making up the aggoegaterval (e.g. quarter) up
to and including the current one.

Given the multivariate nature of the model and the mixedUesgy constraint, the
maximum likelihood estimation can be numerically compl&herefore, the univariate
filter and smoother for multivariate models proposed by Koap and Durbin (2000) is
used as it provides a very flexible and convenient devicedadhng high dimension and
missing values. The main idea is that the multivariate vegye, ¢t = 1,...,n, where
some elements can be missing, are stacked one on top of thetothield a univariate
time series{y;;,i =1,...,N,t =1,...,n}, whose elements are processed sequentially.

2.2 TheMIDASfor thelags combination

As well known in the literature of leading indicators, thdiaipating power of an eco-
nomic series for any target variable is purely an empirispke&t. Even more cumbersome
is the case of mixed frequency data, where the indicatoravaiéable at higher frequency
respect to the target, so that neither the autocorrelahafysis could help. An efficient
and suitable solution to this issue may be the applicatioth@MIDAS models, which
summarize and combine the information content of the indisaand their lags, with
weights jointly estimated.

Mixed DAta Sampling models have recently encountered aiderable success due
to their simplicity and good performance in empirical apations. To introduce them, as
in the seminal paper by Ghysels et al.(2004), suppbsea time series variable observed
at a certain fixed frequency and I&t"” be and indicator variable sampled m times faster.
A MIDAS regression takes the form:

Y, = By + B0, LY™)X™ + ¢,

whereB(0, L1/,) = Z’,jzo b(H, k)L*/™ is a polynomial of lag k and.'/™ is an operator
such thatL*/™ X" = X jme 1IN other words the regression equation is a projection of
Y; into a higher frequency series/™ up to k lags back.



Mainly the MIDAS structure involves two elements: the recitiation of different
frequency and the use of lagged values of the indicators.

In our application the MIDAS is applied only to exploit eficitly the lag structure
of indicators, whereas the time aggregation problem isesbimside the factor model
as shown in section 2(namely this is MIDAS with m=1). Thials better interpreta-
tion of the cyclical pattern of the economic indicators anthparability with benchmark
dynamic models.

As the weights structure is concerned, two main possigditiave been proposed in
the literature. First, a parametrization that refers to éntags:

exp(bhk + ...0.k7)
Zle (01K + ..0,k9)

b(k;0) =

Second, weights drown by a Beta distribution, such as:

bk 0y, 0,) = I Fi00:02)
EJ 1 f(k 617 62)
wheref(x,a,b) = % B(a,b) = ai%b andl'(a) = [~ el — z)z*da.

There is not a clear a priori reason for preferrlng one patdapa¢ion respect to the
other, and the choice should clearly be contingent to theares problem under analysis.
As rule of thumb it could be mentioned that the Beta functgiven its flexibility, seems
more suitable when the number of lags considered is largeeabehe simplicity of the
Almon weights might be preferable in the case of small nunolbéme lags involved.

Looking at the recent literature, Marcellino and Schuma@t®8) used the Almon
weights for the estimation of GDP in real time, whereas Moestd Monteforte (2008)
found the Beta transformation more appropriate for thevestton of inflation which in-
volves daily data and more than 20 lags.

2.3 TheFaMIDAS

This section presents how combine the dynamic factor modklmixed frequency and
the MIDAS structure of lags described in the previous sectio

Starting from model 1 let us partitioning the set of time sgyy;, into two groups,
y: = [¥1.,¥54)'s where the second block represent the target variableatvaiat lower
frequency. Now let introduce the MIDAS structure for thelhifgequency indicators so
thaty’, = [b(Ls. 0)x.]"

The FaMIDAS results by the following equations:



[b(Lkﬁ)Xt] = Yofi+7,+S8, t=1,...n,

Yo
¢(L)Aft = T, Ty ~ NID(070’727)7
D(L)Av, = 6+, n; ~ NID(0, 3;-),

(@)

In this applicatiorb(Ly, 0) is the exponential Almon lag polynomiaEf:O w(k, )Lk

with
exp(01k + 02k?)

Zszo exp(O1k + O5k2?) '

For identification reasons, the weights sum up to 1 so that $ihee is fully compara-
ble. In particular, the relative size of the weights asdeddo the lags allows inferring
the leading or coincident power of the series. For exampbieaeasing pattern in the
weights vector, associated with the 1dgs, =, _1, z;_»...z;_1)’, might be considered as an
indication of a coincident relation between the indicatod ¢he target, while an increas-
ing pattern weights suggests a leading relationship.

As the maximum lag length is concerned, the target horizofoi@casting and the
economic meaning of the series could suggest the apprepruahber.

w(k,0) =

3 TheEmpirical Application

In this section we present the results as for the applicatfanodel 2 to the estimation
and forecasting of the Italian GDP at the monthly level.

We exploit the information of the most relevant monthly emonc indicators, available
earlier than the official statistics, to disaggregate, rasvand forecast the quarterly GDP.
Therefore an estimate of the unobserved monthly GDP is mddaiboth for the past (a
monthly indicator of the known quarterly GDP) and for theuhat It is worth to note that
the model is such that the monthly indicator is fully coresmgtwith the quarterly data, in
terms of time aggregation. Thus we obtain an indicator thathe used both in sample
as monthly measure of GDP and out of sample as leading imdicat

In particular, when the main goal is forecasting, the leggiower of the indicators
could be efficiently exploited by including in the model thiaigs. Instead of choosing a
priori which and how many lags to include, the MIDAS model l®sen to summarize
and combine the information of the dynamics.

A two steps estimation procedure is proposed for the faMIDRiISst, the anticipat-
ing power of the economic indicators is used efficiently byameof the recent class of
Mixed Data Sampling Regression Models (MIDAS). Secondyéselts are plugged in a
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dynamic factor model with mixed frequency (as in Frale et(2D08)), which links the
target variable (e.g. quarterly GDP) to composite seriagawe at higher frequency (e.g.
MIDAS linear combination of lags of the monthly economicicetors). Starting from
a trial, the procedure is run iteratively so that the weightthe MIDAS maximize the
Likelihood function associated with the factor model.

The GDP is estimated directly, leaving the bottom-up apgnro@stimation by ag-
gregation of sectorial value added andr components of demand) for future research.
Although the model is specified in level in order to easilyldgth the time constraint, the
results and the forecasting experiment are presented\vtigrate, which is the reference
measure for both policy makers and academics.

As the variable selection is concerned, a large set of inalisas considered, with se-
ries referring to different aspects of the economy. Thesenaainly official hard data,
such as industrial production, world trade, production &bgr; survey data, such as cli-
mate, expectation and PMI; financial data, such as spreadnangy (M2) and private
sources such as electricity consumption, traffic of trucks.

For the model selection process we follow the traditiongdrapch in the literature,
based on: statistical significance of the indicators, BI@ Akaike criteria for lag selec-
tion.

After some empirical robustness checks, the sample 1992009M4 has turned out
to be the best trade-off among representativeness of thplsaze, the availability of
long time series and the quality of the indicators.

Three benchmark models have been selected. The first motdFAT) is a dynamic
single factor model as in Frale et al. (2008) with 4 indicatdElectricity consumption,
Industrial production, German PMI, Business climate, dmslis intended as the baseline
model.

The second model (MIX2FAC) is a 2 factors model, as in Fralal.e(2009) includ-
ing more indicators: Industrial production of paper, wadrlade, Treasury lItalian yields
(10Y), money supply, motorway flows (of trucks). All indicas are shown in figure 1.

The third model is a factor-MIDAS model (faMIDAS) with thersa indicators of
MIXFAC but MIDAS combination of their lags up to 4. Alternaé lags length have been
evaluated accordingly to the horizon of the target fore¢astximum 6 months ahead)
and the economic meaning of the indicators.

Summing up, MIXFAC is the baseline model, involving bothvayr and national ac-
count data. In MIX2FAC more soft indicators are included #mel second factor allow
capturing financial swings, as it comes up ex-post. FinadingifaMIDAS it is possible
to consider up to four lags of the economic indicators of MAKE



The estimated maximum likelihood parameters are listedhietl, whereas the esti-
mated weights for the MIDAS model are reported in figure 2. dntipular, the analysis
of the MIDAS scores reveals an increasing parabolic patigrimo the second lag and
then reversing. The series of industrial production hasttaper weights path, which is
coherent with the general sense of relevance of this sermgtoring the pattern of GDP.

In addition, figure 3 shows the estimated GDP in monthly ghorates and the com-
mon factors for the three models. It is clearly visible ttet MIDAS estimation produces
smoother forecast, which is from one side reasonable cernsgithat it makes a sum over
time lags and from the other a good desirable property. Manethe confidence bands
of the forecasts, shown as fan charts in figure 4, reveal ticatiitude of the prevision is
smaller in the MIDAS model than in the other mix-frequencsnializations. The follow-
ing figure?? gives a more detailed insight of the forecast precisionwaingthe standard
error of the forecasts for the three models versus a stadakdmodel. It is clear that
the classical approach is outperformed by the mix frequeacgmetrization, especially in
short term horizon. The MIXFAC model seems preferable farsterm forecast (up to 1
quarter-ahead) , the MIDAS for longer prevision (up to 2 ¢girahead), and MIX2FAC
in a sort of intermediate case between those two. Moredweinspection of the spectral
density of the estimated monthly GDP for the MIDAS and MIXEAghown in figure
5, suggests that the MIDAS structure is able to capture leguencies fluctuations and
therefore might perform better for longer horizons forésas

As matter of fact the forecasting performance analysis efttinee models requires a
rolling (or recursive) experiment, which is accomplishedhe next section.

4 Forecasting evaluation

In this section the three models under analysis are compaspect to their forecasting
ability, with a rolling experiment in a window of the lates¥33 years up to the end of
20072. The rolling exercise is made in real time, so as to mimic thkeyl of different
indicators, which has been proved to be relevant for theecbssessment of the best
model. Therefore the forecasting evaluation is made wistirtition of the month of
the prevision inside the quarter (e.g. first month, seconthiod), which corresponds
to a different information set. It is worth to stress that Keman filter is particularly
suitable for this issue given that it solves endogenoustypitoblem of the unbalanced

2We prefer to take the year 2008 outside the experiment talatait the exceptional conditions of the
economic crisis invalidates the conclusion. In additidriirae of writing data from 2008 upwards are still
preliminary and subject to revision.



sample produced by the different delay of publication of menthly indicators. It is

interesting to find, looking at the results reported in tahlehat MIXFAC outperforms

the other two models for short term forecasts with small imfation sample. On the
contrary, MIX2FAC seems to perform best for nowcasting witedium information set

(second month of the quarter) while the FaMIDAS makes the&iviorecasting error for
the prevision 1 quarter-ahead. This last empirical evidanght reinforce the idea that
the FaMIDAS expiloit efficiently the correlation of the lagistture of the indicators with

the target variable.

Since the seminal paper by Bates and Granger(1969), it iskwelv that combining
different models can get to a smaller forecast error thatcsiely a single specification.
Stock and Watson (1999) presented a detail analysis of tieedst improvement by us-
ing pooling forecast for a huge set of macroeconomic indisan the US, whereas Mar-
cellino (2004) proposed a similar exercise for the Euro AMareover Kuzin et al (2009)
compared the ability of forecasting the Germany GDP overnynspecifications, includ-
ing MIDAS and factor models, concluding that the empiricablence provides support
for pooling rather than single models. The general ideaasttie combination of differ-
ent specifications, by averaging, mitigate the measureerenit of each specific model.
Therefore, the pooling forecast is particularly suitableew the combined models show
a significant heterogeneity.

The application presented above matches this requiregigan) that the models differ
in terms of components (number of factors and lags), as weibathe best horizon of
forecast. In the bottom panel of table 2 we report the RMSHEahtime for the pooled
model with equal weights, which show that the combinatiorthef three models, the
MIXFAC, MIX2FAC and MIDAS is preferred to each of them singuly. In fact the
forecasts produced by the pooling of different models cassghe single models, with
only few exceptions for which anyway the RMSFE is very closdhte smallest. This
result is coherent with the theory of pooling forecasts dnd tprovide evidence on the
robustness of the empirical application. Although it hasrbehown (see for example
Drechsel and Maurin (2008)) that the weighting system migfitience the results, we
leave this issue for future research.

5 Conclusions

With the aim of improving forecasting performance, two prsimg direction of research
are combined. The dynamic mix frequency factor models aedMIDAS structure,
the latest is used in order to efficiently exploit the containtimely and high frequency
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macroeconomic series. A factor model with mix frequencyadaproposed, where some
relevant economic indicators are used to disaggregateraaicpa target variable which
is observed with smaller time frequency. In order to effiienapture the leading power
of such indicators, a MIDAS structure, based on lags of timeesmdicators, is specified
in the common factor. In the empirical application the modeht we call FaMIDAS,
is tested versus standard univariate and multivariate fepoieluding mixed frequency
factor models. Overall the MIDAS produces smoother estasédr the disaggregate tar-
get variable and better forecast in a longer horizon. Inoi@esduce forecast variability
pooling methods are proposed. Results for this applicatoorirm some evidence in the
literature that pooling forecasts are more stable thanigioss from single models.
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Appendix: The State space representation and temporal
aggregation

Model (1) described in the previous section could be eagilitem in the state space form
(SSF) as follow. Consider the standard way to recast in SSénargl ARf) process

A(L)Ax; =y With ¢(L) = (1 — ¢ L — ¢ L? — ... — ¢, LP):

/
Xt = €1 10, O = Tyoyu_1 + Hr,

where
1
1 €. T : I,
o = Xi 7 TX: elp @ 7T¢: . p—1
Xt 0 T¢ ¢p—1
bp o

andx; = Tyx; | +epn, H=[1,€] ] e, =[1,0,...,0]".

This representation holds for the common factor and for @okyncratics, therefore
the model could be obtained applying the previous reprasientto all components and
combining them stacking the single elements in the stat®vee = o',/ ,,...,al ],
in the vector of errorg; = [, 77 ,, ..., ny,]" and in the system matrices of the measure-

ment equation:

Z=|0y,:60, :0:diage, ,...,e, )|, T=diagT;T,,...,T,,), 3)
H =diagH;,H,,,....H,,).
Finally, the SSF of the complete model results:

Vi = ZOét + Stﬁ, oy = TOét_l + Wb + HEt, (4)

whereW is a time invariant matrix that selects the duftfor the appropriate state
element of the idiosyncratic component.

The temporal aggregation problem is solved following thiatetyy proposed by Har-
vey (1989). The set of indicatorgy, is partitioned into two groupsy; = [y ;, ¥,
where the second block gathers the flows that are subjectrtipamal aggregation. In
addition, the high frequency indicators are summarized MIRAS structure, such as
¥ho = [b(Li, 0)x.)'

An ad hoccumulator variableys ,, is defined so that it coincides with the (observed)
aggregated series at the end of the larger interval (e.gteqieotherwise it contains the
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partial cumulative value of the aggregate in the seasogsrf@nths), as follow:

0 t=0(r—1)+1, 7=1,...,[n/d]

c C _ _|_ , = .
Yo ¢ty2,t 1T Y2 & {1 otherwise,

The cumulator is used to replace the second block of the merasmt equation and to
augment the state equation as follow:

« _ | O t_
at - c 9 yt -
Yo

The final measurement and transition equation are therefore

b(Lk, Q)Xt
yg,t

vi =Z"a; +S,8, of =T'aj_, + W'B+H, (5)

with system matrices:

7 — Z;, O T
0 Iy,

T o])w*:[ W 7H*:[I °

Z,T 1 Z>W + S,
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Table 1: Maximum likelihood estimated factor loadingy$¢ 1990M1-2009M4 )

MIXFAC MIX2FAC FaMIDAS

Factor1 Factor 2
Business Climate | 0.44 ** -0.61* -0.02 0.09 **
Electricity 0.01 -0.03*  0.01 0.05 **
PMI Germany 0.35* -0.46* -0.12 0.06 **
IP 0.44 ** -0.53*  0.10 0.06 **
GDP 0.16 ** -0.17*  0.01 0.02 **
PMI(-1) -0.22
IP(-1) 0.67 **
IP paper -0.14*  0.03
World trade (CPB) -0.74*  0.17
Italian BTP 10y -0.03 -0.37**
M2 0.24*  -0.02
Traffic of trucks -0.17* 0.01

** means significant at 5%, * at 10%.

Business Climate is provided by ISAE; Electricity is the rtidyp consumption of
electricity provided by TERNA; PMI Germany is the Purchasandger Index for
Germany in manufacturing and services; IP paper is the tndlgroduction of paper
and cardboard; World trade is the indicator of trade prodixgethe CPB- Netherlands
Bureau for Economic Policy Analysis; Money supply includasrency and deposits;
Motorway flow refers to trucks and is provided by Autostrade
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Table 2: Rolling forecasting experiment for three competihodels: RMSFE by month
of the quarter, horizon of prevision and window length.

5 years (2003-2007) | 4 years(2004-2007) | 3 years(2005-2007)
VAR Qi1 Qr Qi1 | Qi1 Q. Qi | Qir Q. Qe
Month 3 0.43 0.43 0.41 0.43 0.40 0.36
ADL Qi1 Q. Qupr | Qi1 Q. Qe | Qior Q. Qi
Month 1 0.31 0.42 0.30 0.42 0.30 043
Month 2 0.40 0.45 0.40 0.46 0.41 0.50
Month 3 0.34 0.45 0.33 0.46 0.33 0.50
MIXFAC Qi1 Qr Qi1 | Qi1 Q. Qi | Qir Q. Qe
Month 1 0.24 034 022 032 023 035
Month 2 0.31 0.37 0.30 0.37 0.31 0.39
Month 3 0.27 0.34 0.25 0.33 0.24 0.34
MIX2FAC Qi-1 @t Qi1 | Q1 Q. Qi | Qi1 @ Qi
Month 1 0.24 0.36 022 032 022 0.36
Month 2 031 0.35 0.29 0.33 0.30 0.34
Month 3 0.34 0.36 0.30 0.34 0.29 0.35
FaMIDAS Qi1 Q. Qupr | Qi1 Q. Qe | Qimr Q. Qi
Month 1 0.32 0.36 0.32 0.35 0.36 0.37
Month 2 034 031 035 0.33 037 034
Month 3 0.34 0.33 0.34 0.35 0.36 0.35
Poolingequal weights | Q;—1 Q¢ Qi1 | Qi1 Q@ Qi | Qi1 @ Qe
0.21 0.33 0.20 0.30 0.21 0.33
0.30 0.33 0.29 0.32 0.30 0.33
0.28 0.32 0.26 0.31 0.24 0.32

Note: The best values among the models (except for the gaire underlined. The
VAR is estimated on a balanced quarterly sample.
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Figure 1. Monthly Indicators and Quarterly GDP- Italy
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Figure 3: Estimated Monthly GDP (growth rate) and commotoiafor the three models
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Figure 5: Spectral Density of the Monthly GDP (in monthlygtb rate)
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