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Abstract

The aim of this paper is to analyze the performaric@ternative forecasting methods to predict
the index of industrial production in ltaly from ento three-months ahead. We use twelve
different models, from simple ARIMA to dynamic fact models exploiting the timely
information of up to 110 short-term indicators, tbgualitative and quantitative. This allows to
assess the relevance for the forecasting pracfi@ternative combinations of types of data
(real-time and latest available), estimation meth@hd periods. Out-of-sample predictive
ability tests stress the relevance of more indisaito disaggregate models over sample periods
covering a complete business cycle (about 7 yearftaly). Our findings downgrade the
emphasis on both the estimation method and daiaioavissues. In line with the classical
“average puzzle”, the use of simple averages ddrradtive forecasts often improves the
predictive ability of their single components, mgiover short horizons. Finally, bridge and
factor-based models always perform significantlitdyethan ARIMA specifications, suggesting
that the short-run indicator signal always domigdkes noise component. On this regard, bridge
models can further increase the amount of signiheted to improve up to 30-40% the short-
run predictive ability of factor-based models anddrecast-encompass them.
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1. Introduction*

One of the main tasks of the economy watcher isxtoact reliable signals from high
frequency indicators and to use them to providediesion-maker with early pictures of the
state of the economic situation in the short-run.

The number of indicators on the evolution of ecoioactivity has gradually become very
large, spanning from quantitative, or hard, vagalfsuch as the industrial production index) to
gualitative, or soft, ones (such as survey datdholigh nowadays the statistical agencies
provide each month plenty of high frequency indicat their use entails a trade-off between
timeliness and statistical noise: quickly availaldata may provide signals of difficult
interpretation.

The index of industrial production (IPI, hencefgrth probably the most important and
widely analyzed high-frequency indicator, given thkevance of the manufacturing activity as a
driver of the whole business cycle. As soon asdritdex is published, extensive comments and
reactions of the business analysts witness itsvaate. Indeed, the IPI is one of the most
important indicators used to forecast the shorteuolution of the GDP in most countries (see
for instance Golinelli and Parigi, 2007, for an Egadion to the G7 countries).

However, the IPI itself is characterized by a digant publication delay, which limits its
usefulness and motivates the great efforts to coenliable and updated forecas8hortening
the delay of the first release is possible buhatéxpense of a greater degree of revision of the
early estimates. This leads to the usual probleasséssing the ability of alternative forecasting
methods using real-time data (see e.g. CroushateSgark, 2001, and Stark and Croushore,
2002; Diebold and Rudebusch, 1991).

The aim of this paper is to explore the real-timefgrmance of alternative ways to
forecast the monthly dynamics of the Italian IR&. idifferent forecasting methods, which

include the models as well as the estimation proesiand the possible choices of estimation

! paper presented at Euro Area Business Cycle Networkshop: “Using Euro Area Data: Issues and |ogilons
for Economic Analysis”, and at the 28\nnual International Symposium on Forecasting f# tnternational
Institute of Forecasters. We are grateful to Ma@éxarelli, Marco Lippi, Luigi Federico Signoriand workshop
and conference participants for helpful commentd smggestions. The views contained here are thbskeo
authors only and do not necessarily reflect thdgbeinstitutions for which they work. PRIN finang is grateful
acknowledged (R. Golinelli).

2 Following the legislation introduced in 1998, tt®untries in the euro area are required to delRedata with a
delay no longer than 45 days, necessary to coifdotmation from a large number of production ptaiitee
Ladiray and O’'Brien, 2003).



windows (Giacomini and White, 2006, p. 1549). Our foraeas methods are defined through
combinations of the following three sets of options

First, the degree of model complexity. If randommissthe main feature of the indicator
information content, simpler models may be mor¢asle. On the other hand, complex models
are to be preferred to reduce the noise due teagal information of each indicator. In this
case, two options are availablé: disaggregate models, entailing forecasting erttoais might
compensate at a more aggregate level (see e.g.r\Hand Hubrich, 2007);ii) factor-based
models, where a few predictors summarise the irdtion content of a large number of
indicators (the so-called common factors of therimfation set; see Stock and Watson, 2006).

Second, the estimation method. We apply both tlinary least squares (OLS) and,
given the disaggregate nature of the models gulthé seemingly unrelated regression (SUR)
procedures, in the attempt to obtain more efficipatameter estimates by accounting for
possible simultaneity of the random shocks to ckifié equations. In the context of the factor
models subii) the choice is between static and dynamic prinogoanponents and different
ways to select the appropriate number of factors.

Third, the length of the estimation window. The iclkeoof too wide a window may affect
the precision of the estimates (and so of the &m#s} because of the likely occurrence of breaks
(see e.g. Stock and Watson, 1996, and Clementddandry, 2002). As there is re priori
indication about the appropriate length of theneation window we consider three cases: a
window of seven years (chosen according to theageelength of the Italian industrial cycle), a
shorter window of four years and a longer one ofertban ten years.

Finally, we assess the relevance of data revisibpscomparing the forecasting
performance of models, estimation methods and ssswpkh both latest-available and real-time
data (see Kozicki, 2002, for a discussion on thesequences of data revisions).

The models used in this paper are listed in Tablehg order with which they have been
reported follows the historical development of ttedian IP1 short-term forecasting analysis
characterised by an increasing number of indicatohe old single bridge model§OSBMY
were specified as single equations with only a feicators: electricity consumption,
temperatures and a trend (possibly nonlinear). &lsgecifications were subsequently updated
with additional indicators, thanks to their growimyailability, resulting inupdated single
bridge model§USBM) and, more recently, tHaal single bridge model§~SBM). All these

® The precise meaning of “bridge model” will be givin Section 2. At this stage, “bridge” qualifiedels

embodying the researcher’s specific indicator sieles from a large data set.



models are estimated as they were originally prepddetails about the different specifications
are reported in the Appendix) to show the changeteir forecasting performance due to the
different data sets and time spans.

Table 1
THE MODELS USED IN THIS PAPER *

A. Univariate models
ARIMA Univariate ARIMA model

B. Dynamic single-equation models with few indicators
OSBM Old single bridge model based on electricagsumption, temperature and trend
USBM Updated single bridge model (with just few mandicators than OSBM)
FSBM Final single bridge model (with additional icators with respect to USBM)

C. Dynamic multiple-equation models disaggregated in subsectors 2
ASGR Aggregation of sectoral annual growth rates
ASLWE Aggregation of sectoral levels excluding dreergy sector
ASWL Aggregation of sectoral levels using the affiaveights of the statistical agency

D. Unstructured empirical indicator approaches
FA-ARDL Average of bivariate autoregressive digitéd lags model forecasts
SW-D Direct h-step (multistep) forecasts of thdistiactor model
SW-S Sequential one-step forecasts of the statiorfanodel

FHLR-F Generalised dynamic factor model with fixete to determine the factors number
FHLR-O  Generalised dynamic factor model with opticréteria to determine the factors number

(%) Further details are in the AppendiX) The sectoral forecasts of these models are aggredgo obtain the IPI
(®) Each ARDL forecasting model uses the informatiéonly one indicator of the whole data set.

Thanks to the availability of timely informationehP1 modelling issue may be tackled at
a more disaggregate level, by specifying differequations for different manufacturing sub-
sectors, such as those producing consumption, e intermediate and energy goods
(sectoral bridge models). The aggregate IPI priegistare then obtained with three different
“aggregator” functions (for the details see the émpgix).

Alternatively, the large number of timely time s=sican be exploited in forecasting
through an “unstructured empirical indicator apptda(Klein and Sojo, 1989), where no
accounting/economic relationship is postulated betwthe indicators and the variable to be
forecast. We apply two procedurés:simple averages of (wheren = 110 is the total number

of indicators in our data set, see the Appendix)ftiPecasts fronn bivariate autoregressive



distributed lags (ARDL) models; arfi) approximate common factor models, both staticdlSto
and Watson, 2002a and 2002b) and dynamic (Fatrai, 2000 and 2005).

The paper is organised as follows. In Section 2 dlassify the models in Table 1
according to the quantity of information used. #ect3 illustrates the main methodological
issues in modelling and forecasting with indicatthrs Italian IPI in real-time. In order to list
pros and cons of alternative IPI forecasting meshate generalise the decomposition of the
forecast error to account for both real-time datd @ne timing of the indicator updates. Section
4 is devoted to the analysis of the out-of-sampgldgomance (from one- to three-months ahead)
of the modelssub A, B and C in Table 1 in predicting the IPI. Senti5 deals with the IPI
forecasting ability over the same horizons of thetwuctured empirical indicator models listed

at point D of Table 1. Section 6 discusses and samses main findings.

2. Alternative modelling approaches exploiting infomation sets of different size

The problem of extracting reliable signals from thifyequency indicators is not new.
Klein and Sojo (1989) suggest two alternative wayslassify the literature.

The “bridge model” approach (BM henceforth; seenfgoB and C in Table 1) estimates
the dynamic relationship between the IPI (eithegragate or disaggregate) and a number of
pre-selected indicators. In this analysis bothlfleand the indicators are characterised by the
same monthly frequency and the “bridge” qualifioatrefers to the link between the dependent
variable and the host of indicators used for foséing? The out-of-sample bridge forecasts are
obtained by filling right-hand side explanatory icators with their values (if known), or with
indicator extrapolations when such data are noilabla. With disaggregate BM, the aggregate
IPI forecasts are obtained by aggregating (in adtitve ways) the predictions for each sub-
sector.

The “empirical indicator model” approach (point D Table 1) is analyzed in two
alternative ways. With the first approach eachha&rt indicators in the data set is used in a
bivariate ARDL regression and the IPI forecast lisamed as the average of thdorecasts.
With the second, the IPI forecasts are computedutiir the principal components of the
indicators in the data set (factor-based models, Heviceforth). The main advantage of this

approach is to exploit not only the information tor of the single variables but their

* The BM approach has been mainly used to forec&¥® @nd the term “bridge” means the link between the
quarterly GDP and the indicators, which are gehem@ailable at higher frequency; see Trehan (19392),
Parigi and Schlitzer (1995), Kitchen and MonacoO@0) Sedillot and Pain (2003), Runstler and Sed{#®03),
Baffigi et al. (2004), Klein and Ozmucur (2005) and Golinelli &atigi (2007, 2008).



covariance as well, without incurring in the “curdedimensionality” as in unrestricted vector
autoregressive models (see Stock and Watson, 2010én updated survey).

It is important to realise that in the BM approdlch choice of the most suitable indicators
depends on a lot of statistical testing procedarss on the researcher’s skill and experience
(see Golinelli and Parigi, 2007), while FM autornaliy weights each indicator according to
their signal-to-noise ratfo In other words, BM allows more flexibility in thepecification
strategy at the expense of lower automation (sdm&iloand Parigi, 2008 for early attempts to
automate BM specifications). In this context bofipr@aches (bridge and empirical indicator
models) require a number of modelling settings. (@bput the estimation method or the sample

size) which, in turn, imply alternative choices hwiifferent effects on the forecast error.

Let y' denote the/" vintage of the IPI, i.e. the time series to beefaist, where the time
periodt = 1, 2, ...,T+v is measured in months (the sub-period from T i® common to all the
vintages)’ Let h denote the forecast horizom% 1, 2, 3 in our case) and the information set

to forecast the IPI vintagegiven by indicators and lags available at time

The h-step ahead forecast of the IPI vintageobtained from the use of an estimated

v+m

model, is defined asnod;,.., (IT+V+m,3‘V), where 2" is the vector of the estimated parameters

of the specificationmod;,,,, (.); T+v is the starting point of the forecast (the lasteslation

of the vintagev); the indexm means that some monthly indicator observationsrigeto the IPI
forecasting horizon, as they are are availableiegatthan the IPI. Whem < m, all indicator
observations are already known (the so-called nsivcase); wherh > m, the indicator

observations have to be forecast frono mthrough auxiliary model®

~v+h +h

&1wvsn (the forecast error of thestep ahead forecast of' .., ) can be decomposed into

three components in order to explain the role playg the modelling choices to account for

® Though originally used to extrapolate cyclical ditions (see Zarnowitz, 1992, and Altissirabal, 2001), FM
may also be used to forecast single variables, asctihe GDP or the inflation rate (see Marcellgtal, 2003,
Cristadoroet al, 2005, Schumacher and Breitung, 2006, Altissehal, 2007, and Cristadoret al, 2007).

® The claim of neutrality and generality of factarsed models is questioned by Boivin and Ng (20@52006),
who stress the relevance for the assessment ofidkel forecasting ability of both the size/compositof the data
set and the way the factor-based forecasts araufated.

" Each vintage gives the modeller a snapshot of the data availatil+v.

8 with ARMA or VAR models the IPI forecasts are ajsd‘pure forecast”, as these models exploit ontygkl

information (i.e.m = 0 by definition).



both the real-time nature of data and the partailability of monthly indicators over the

forecasting horizon:

~v+h v+h | v+m | v+m | v+m

8T+v+h = [yT+v+h - E(y‘\l'/+v+h | T+v+m )] + [E(y‘\l'/+v+h| T+v+m ) - mOd\r,+v+h( T+v+m!Z9V )] +

+ [ rnOd\T/+v+h(I ¥:T+m 129\/ ) - mOd\r/+v+h(|‘|\'I:\T+m !19\, )]

(1)

The first component in squared brackets on thet-hghd side of (1) — i.e. the deviation
between the actual realisation of the future vietagh and the (unknown) conditional
expectation function for vintage — includes idiosyncratic elements, such as futamdom
shocks and data revisions, that cannot be forecast.

The second component arises from the usenoff, ., (.) to approximate the unknown

conditional expectation functioithis misspecification bias may be reduced by maouglthe
conditional expectation function with complex madg@le. with many parameters).

The third component is due to the difference betwgmpulation and estimated
parameters. Its size is related to the number dmpeters to be estimated and to the length of
the estimation sample.

The forecast error due to the last two componeniedel misspecification and estimation
- is linked to a double trade-off: a) compleersussimple models; b) longersus short
estimation samples. On one side, the use of longpkes may bias estimates and forecasts,
because of the likely presence of heterogeneity sincttural change; on the other, the low
number of degrees of freedom — either becauseodiete data or too many parameters or both -
may affect the precision of estimates and foredasts e.g. Pesaran and Timmermann, 2007).

In this paper we approximate the conditional exgigm function with alternative mixes
of the trade-offs discussed above. Regarding theei®f the simple/complex trade-off, we use
the univariate ARIMA model (point A in Table 1),tednative single-equation BM for the
aggregate IPI (with only a few indicators, point Bjultiple-equation disaggregate BM (with a
large number of indicators, point C) and the urcdtmed empirical indicator approach, based on
a very large data set of indicators (point D). Bitgmeters are estimated with OLS and SUR

techniques. In the case of FM we use both statit dymamic estimators. The possible bias
arising from the non-constancy of th2'parameters is dealt with rolling estimates with
different windows.

The forecast errors obtained from different foréogs methods, i.e. combinations of

different models with alternative estimators owdtimng samples of different size, are compared
by using the Giacomini and White test (2006, GWdaéorth). The null hypothesis implies that



alternative forecasting methods are equally aceusathe forecast target datev+h using the
available information set at tinletv+m.? The GW test is particularly suitable for our arsigy
because is valid under very general data assunsp{ionluding non-constant data generating
processes, as typical in the context of forecastiitly indicators) and for both nested and non-
nested models (e.g. single-equation BM clearly ®dRtMA specifications) estimated with

different techniques, over different samples, wittised and unrevised dafa.

3. The traditional bridge framework and its out-of-sample performance

In order to set up an empirical framework to minais close as possible the IPI
forecasting activity in real-time using the BM, weed three main ingredients. First, a real-time
data set representing the data availability at givgn date in the past; second, alternative
modelling strategies covering the wide range ofttade-offs described above; third, a realistic

forecasting practice merging timely availabilityinflicators with the empirical models.

The real-time data sefThe real-time data set includes monthly datatlier Italian 1PI
and its sub-sectors based on the economic destinattithe products as well as quantitative and
qualitative indicators selected on the basis oir ttediability and timeliness (see the Appendix
for more details). 60 IPI vintages cover the ped®80-2007; the data set of the 30 indicators
selected for our BM is not organised in vintagesaose Italian raw indicators are never revised.
All the models are estimated in levelsof raw data; quantitative variables have been
mechanically adjusted for trading day variatibh®esides the motivations of Wallis (1974)
seminal work, we have decided to use raw data lsds@ause they are directly available and

avoid filtering problems that are exaggerated ai-tene data sets?

® Under the null hypothesis the GW test is disteiouas g with q degrees of freedom, where q is the dimensio
of the test function. With q=1, as in our papedyanconstant is considered; with g>1 other vagaldre used in
order to help distinguishing between the forecastgpmance of the two methods.

19 Other similar tests, such as Diebold and Mariat®9§), are not normally distributed for nested nedsee
West, 1996) and in presence of data revisionshisn$ee Clark and McCracken, 2007).

1 The choice of levels instead of logarithms follofaam the results in Marchetti and Parigi (2000} dras been
confirmed by pre-processing with the program TRAIRKIN Osborret al. (1999).

2 More specifically, if x is the raw variable the adjustment is given I;Q/:: X, tdbase/tdt’ wheretd,.se is the

average monthly number of trading days in the lyase (2000 in our case) atd] is the number of trading days in
montht (see Bodo and Signorini, 1987, and the appendBoitioet al, 1991, for more details).

13 with monthly USA series, Ghysegt al. (2002), find that monetary policy rules based aw data have more
predictive power than those based on seasonallsed data. Swanson and van Djik (2007) note Heaséasonal

adjustment process - highly non-linear - weakerdittkage between first available and final data.



The set up of the econometric moddlke BM are specified following the general-to-
specific modelling approach over the period 199803.1 (details about the specifications can
be found in the Appendix). The specifications agptiixed in order to avoid the arbitrariness of
ex postsearches with data that are known to the modéiteran alternative approach, see
Golinelli and Parigi, 2008). The models are reraated at each step over the 2003.2-2007.12

forecasting horizon by considering three windowsliéferent size: 48, 84 and 138 months.

The out-of-sample exercises emulating the real-fionecasting practiceThe out-of-
sample performance is assessed through a numidereafsting exercises designed to mimic
the typical behaviour of practitioners. Forecastifgity is often analyzed withpseudo ex-ante
exercises using latest available data, while aifeatf our analysis is the use of real-time data in
both estimation and forecasting. In this, we folldve common practice - motivated by the
assumption that the statistical information impW#erough revisions - of using fully updated
data-set prior to each prediction being made (sa®aGiet al, 2007, for a different point of
view). IPI predictions one- two- and three-monthsad from vintage are compared with the
corresponding first IPI releases published, respelgt one, two and three months later: the
historical data to compute the forecast errorspaogided by vintages+1, v+2 andv+3, as in
equation (1)* Alternatively, these experiments may be condudigdusing only the latest
vintage of data, i.e. the best-quality data as #mapody all the revisions.

Given the publication calendar of the Italian IBHe one month-ahead forecast of the
index is computed by assuming that indicator oleteyus are completely known (nowcast
case). The two-step ahead IPI forecasts requirdiayxmodels to extrapolate the indicators;
more specifically, univariate ARIMA models are ustm forecast all indicators but the
electricity consumption and the temperatures, fbictv we use as a proxy the data in the first
fortnight of the month to be forecast (already knoat the time of the prediction). Finally, for
the three-month ahead IPI predictions, all indicatghould be extrapolated, one month ahead
for electricity consumption and temperatures, twanths ahead for the others (this is similar to
a pure forecast exercise). Overall, the IPI forec@&xploit a decreasing amount of known
indicators, from the case (one month ahead) whiemdicators are known to the one (three
months ahead) when all have to be extrapolatediteslegree.

% For example, the first regression based on the4Trefling window uses the first IPI vintage to esdte the
parameters over the period 1996.2-2003.1. The attiommodels are then used to forecast the sechind,and

fourth IPI vintage, respectively one- two- and thstep ahead.
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It is usually found that the average of differendbdel predictions is associated with a
better performance - as measured by a lower roahrequared forecast error (RMSE) - than the
single predictions, probably because of some fofrmigspecification in models (see Hendry
and Clements, 2002, and Stock and Watson, 2004 Yhéfefore consider three simple averages
of: the three single-equation BM forecasts; thee¢haggregate multiple-equation sub-sector
forecasts; and the six previous alternative IPédasts> This raises to nine the total number of
IPI forecasts with BM (one, two and three monthsaat).

Although the estimates refer to raw data, the tesoh the different forecasting
performances are presented on the basis of seaadpasted data (SA, henceforth), to avoid
uninformative seasonal volatility (the results lthea raw data are however qualitatively similar
and are available upon requests). More specific#itly SA forecasts have been obtained by
applying at each step of the forecasting horizentRAMO-SEATS® procedure (with the same
parameter set used by Istat, the Italian natiomalistical institute) to the IPl raw series
augmented by the corresponding one, two or threetimahead forecasts.

Tables 2-4 of this section report the main resalisut the forecasting ability of the
different models on the basis of the RMSmifferent columns in the tables refer to differen
combinations of alternative modelling options: irgl window sizes, estimation methods and
types of data (real-time or latest available); etént rows refer to the models listed in Table 1
sub points A-C. The lower part of each table reptitée outcomes of the GW test on the equality
between the predictive ability of the best perfaxgnmodel (chosen on the basis of the lowest
RMSE in each column) and that of the other mod&tsoss columns, the GW test compares the
RMSE of forecasting methods based on the same mualelwith different samples and
estimators, while it is not applicable to comparetimds forecasting different types of data (i.e.

real-timevs latest-available), as the IPI measures vary.

Table 2 about here

!> More complex forecast combination techniques aesgnted in Altavilla and Ciccarelli (2007).

' TRAMO (Time Series Regression with ARIMA Noise,dding Observations, and Outliers) performs estonati
forecasting and interpolation of models with migsobservations and ARIMA errors, in the presenceudfiers.
SEATS (Signal Extraction in ARIMA Time Series) panhs an ARIMA-based decomposition of an observex ti
series into unobserved components (see Gomez anav®ia 2001a and 2001b, for references on TRAM@ an
SEATS).

7 Other typical statistics (i.e. the mean error; thean absolute error; the percentage of timestieasign of the
IPI growth rate is correctly predicted; the peregpet of times that the forecast error of each madsmaller in

absolute value than that of benchmark time seriedeth deliver qualitatively similar results.
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The forecasting performance one month ahead isseden Table 2. In the first column
(baseline) the modelling activity assumes the ti@uakal settings of the literature: a window size
of about seven years, OLS estimates and the latesiable data. The main results are three.
First, a better performance of the IPI forecastmgthods based on coincident indicator
observations, which halves the RMSE of the ARIMAd®lo Second, a better performance of
the aggregation of sectoral forecasts over thdesieguation BM (the RMSE improvement is in
the 20-90% range). Both these findings are stedibyi significant according to the GW test.
Thirdly, the “average puzzle” at work: simple awga tend to outperform the best of their
components, as shown by the lowest RMSE of theativeererage in the last row of the table.

Different window sizes (both shorter and longerpliyna worse forecasting performance
for almost all models, though not uniformly. Theluetion in the window size damages more
the aggregation of sectoral forecasts, presumabbalse there are more parameters to be
estimated than in single-equation BM. In this cahtehe overall average is still the best
performer. On the other hand, the increase in tihdaw size induces a bias, presumably due to
parameter shifts in single-equation BMs (e.g. longene spans negatively affect the
explanatory power o&d hoctrend components). It is worth noting that whearayes in the
window size markedly worsen the BM performance, itbgults of the overall averages also
significantly worsen, i.e. the average puzzle mm&r works.

The effect of SUR estimates is a significant wonsgrof the performance of the three
simple averages, maybe because the statistical exmsapon effect of the errors is somehow
already taken into account at the estimation level.

Finally, the “vintage effect” (last column of Tab®) does not appear to affect the
forecasting methods ranking that emerges from @btseline results, where the latest available
data are used. This suggests the virtual irreleyaicthe real-time issues in the context of
monthly IPI revisions when all indicators are nevised. Consistently with the structure of the
forecasting models, only the RMSE of the aggregatiosectoral forecasts worsen by more than

5% probably because the amount of the revisionsi® pronounced at disaggregate level.
Tables 3 and 4 about here

The extension of the forecasting horizon to twob{&a3) and three months (Table 4)
implies (not surprisingly) an increase of the RMS3Be shorter window and the data revision
effects seem to disappear, probably because theyttebe overshadowed by the unpredictable

shocks occurring over the forecasting horizon.
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Two main changes with respect to the one-step atesel deserve some comments. The
best performer is no longer the simple averagéefifferent forecasts. At longer horizons, the
predictions from single equation models deteriorsttarply, thus raising the RMSE of the
overall average. The performance of the disaggeegaidels worsens less, suggesting that,
among the large number of indicators used in tladetiing approach, there might be some with
leading properties. The implication is that whedigators are forecast with auxiliary models, it
could be advisable to exploit a larger informatsen. Next section will deepen this point.

Another interesting finding is that the worseningtlee baseline RMSE related to the
expansion of the window size is permanent andelated to the chosen forecasting horizon; the
GW tests always reject the null of equal perforneaotthe models using the baseline settings,
independently of the forecasting horizon. Thisas$bly due to the increasing risk of forecast
biases because of the presence of trending leveiswt any structural relationships (excluded
by definition in the BM approach).

4. The construction of factor-based models and assng their IPI forecasts

Forecasting with approximate factor models is Ugwarried out in a two step process:
firstly, factors are estimated from all availablelicators; secondly, the variable of interest is
forecast by projecting it onto the space spannetthégstimated factors.

In order to define more precisely the first stegt,§ be a stationary process from the
dimensional co-stationary vector X = i{x...Xnd. After suitable transformation and

standardisation,;xcan be seen as the sum of two orthogonal and bsergable components:
X = Xip & 2)
xit is driven byq shocks, common to all variables whig is a variable-specific shock, only

mildly correlated across theés. After imposing a factor structure to the comnmmponent,
equation (2) can be re-written as follows:

ul

X =B (L)W, +& =[b*(L)...0 L]0 ... | +&,
u!

3)
whereU, is the ¢x1) vector of staked shocks and the elemeng(b) are polynomials of order
sin the lag operatok.® Equation (3) is called the dynamic representatibthe factor model.

Considering each lag as a distinct factor, equgBpran be written as (static representation):

'8 Some of the coefficient of the j-th polynomid(lt) may be zero.
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X, =bt ' +..+b M +...+bl .. +b W +¢, = [bilo,...,bg] .| =
ug

=N [F +¢&, 4)
where/l; andF; are r-dimensional vectors. The relationship betwibe two representations is
given byr = q (s+1), wherer is the number of static factoigjs the number of dynamic factors
ands is the number of lags of the latter.

The factorsk may be estimated according to two main stratelggesed respectively on
representations (4) and (3) of the model (2): taticsand the dynamic approaches. With the
former, the estimates of the factors are the spatiwipal components of the covariance matrix
of the data (see Stock and Watson, 2002a and 2@¥¥henceforth); with the latter, the factors
are estimated by dynamic principal components @Gemi et al.2005, FHLR henceforth).
While both approaches provide a consistent estimhtbe space spanned by the factors, the
dynamic one is more efficient, as it explicitly staters the dynamic nature of the shocks.

The second step of the process consists in foragaste variable of interest h-steps
ahead. Predictions can be obtained through eitlparametric regression (static approach) or a
non-parametric procedure (dynamic approach) or xuma of the two (see Boivin and Ng,
2005, and D’Agostino and Giannone, 2006).

Factors are estimated with a data set of up todLEhtitative and qualitative indicators
covering different sectors of the economy (moreitketare in Table A2 of the Appendix). All
series have been pre-processed, so as the datn$mtms to the theoretical conditions (such as
stationarity) needed for estimation of factor med&iven the staggered nature of the releases
of different series, all indicators with missingselbvations for the latest months have been
shifted in time so as to have a balanced p&hel.

Although the “unstructured” nature of FM seems atipg because it reduces the risk of
misspecification, the appropriate number of factbes to be chosen. In early empirical
applications, the number of factors was usuallgaded on a judgmental basis by considering
the percentage of the cumulated variance of theixnait observations explained by the first
eigenvalues, and/or the marginal increase in theepéage of total variance explained by ife
eigenvalue. More recently, formal optimality critehave been proposed, which are based on

the trade-off between goodness of fit and over+patarisation (see Bai and Ng, 2002 and

19 Letk be the number of missing observationsigfat the end of the sample so that at time T tresiavailable

observation is;r. ; then the variable , used in estimation, is related tdy the relationshipz, = X;_, .
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2007, Amengual and Watson, 2007, and Hallin andd,i®2007). As it is not clear which
criterion delivers the best results in forecastinghis paper the models are estimated according
to both the early judgmental and the optimal cater

All the models are first estimated over the perd®@$6.2-2003.1 (84 months, the same
window size as for the BM baseline) and are usetbtopute from 1 to 3 step-ahead forecasts
starting from 2003.2. At each step the estimatiordew is shifted by one observation at a time,
selection criteria are re-computed, parameterdactdrs are re-estimated and new forecasts are
computed® As for the BM case above, we also run the samecémting exercise with shorter
and longer window sizes (48 and 138 months respygliand with real time data (in this case
results are basically the same as with latest @vaildata as in the previous section).

Table 5 reports the main results about the FM fs®ieg ability in terms of the RMSE.
Along the rows, we compare the (benchmark) ARIMAdelp two forecast-averaging models
(FA-ARDL) and four different FMs. The two FA-ARDLofecasts have been obtained by the
simple average of forecasts from the bivariate r@gi@ssive distributed lags models of the IPI
on all the indicators (110) and excluding the irelexf the IP sub-sectors (8B)for a similar
approach, see Stock and Watson (1999) and Kitcheéfveonaco (2003).

Table 5 about here

The static factor models differ according to thee@@asting equation. In one case, the h-
step ahead forecasts, dRl are expressed as a direct function of both tbfa and the IPI i
and earlier (SW-D); in the other the h-step foreca®btained by iterating sequential one-step
forecasts (SW-S). Two generalised dynamic factodehdorecasts are reported, according to
the selection criterion adopted to determine thealmer of factors: fixed “cut-off” rule (FHLR-
F) and optimal criteria (FHLR-O), respectively. Tioeecasts from the FHLR-F procedure have
been computed by considering alternative estimatiowlow sizes.

In line with the previous empirical literature, thherecasting performance of all the
models in Table 5 is better than that of the berarkranivariate ARIMA model at all horizons:
the accuracy gains range between 5-18% and 22-85%A-ARDL and FM respectively. FM
forecast are always associated with statisticaliypicant accuracy gains, without relevant
differences between the static and the dynamicosges. Moreover, within both classes of

FM, the outcomes appears to be independent frorm th& specification of the forecasting

“The SA levels of the historical-plus-forecast I®irdata are obtained with the TRAMO-SEATS procedure
21 |n the case of the 110 bivariate models, the 86sindicators in Table A2 are released at the sameas the IPI

and so are not used simultaneously but lagged ernedo
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equation and the optimality criteria. The averagezte however works even in the FM case:
the effects of using alternative estimation windsiees are less pronounced and asymmetric
with respect to the BM case. The FM forecastingjtsghworsens with shorter windows (because
of less efficient factor estimates), while it isslzally unchanged in longer ones, suggesting that
the joint use of many indicators should help prévmgnthe insurgence of breaks. These findings
remain broadly unchanged when the data set isatestrto the 30 indicators included in the BM
of the previous section (results are not reportedavailable upon request), thus showing the
irrelevance in this case of the Boivin and Ng (20€8/eatsabout oversampling indicators from

specific groups.

5. Discussion

The alternative IPI forecasts from bridge to fadtased models are compared in Table
6. Along the rows five alternative forecasting nueth are reported for each prediction horizon
(from one- to 3-months ahead): ARIMA, the averafesiagle-equation BM, the average of
multiple-equation BM, the average of FM and theralleaverage of bridge and factor models.

The first two columns report the RMSEs and thdiosawith respect to the ARIMA model.
Table 6 about here

The picture is quite clear-cut: short-term inforroatalways matters. Both bridge and
factor-based models always perform significantlytdreover ARIMA, suggesting that in both
approaches the short-run indicators signal domgntiie noise, independently of the different
methods used to extract it. In this context, Bivhdigantly outperform in efficiency FM. In the
first case the researcher can increase the amésignal extracted from the available indicators
and improve up to 30-40% the factor-based model RM®iough FM are appealing because of
their ability to cope with many variables and tgtcee the business cycle component of the
target variable, they fail in fully anticipatingehhighly idiosyncratic part characterising the
short-term dynamics.

Table 6 also reports the Fair and Shiller (1990) &+Statistics for the null that the
forecast of the model in the row contains no infation relevant to future IPI realisations
already not in the model in the column (i.e. thedelmn the row is encompassed by the model
in the column). According to this test ARIMA foresta are generally encompassed by models
based on indicators: the FS t-statistics in the IMR’ row are never significant, contrary to
those in the “ARIMA” column. The parsimonious uderalicators leads BM to outperform all

other forecasting approaches, as their FS t-statisiways reject the null against all other
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forecasts. Among alternative BM, the multiple-equatapproach is the best performing in
terms of the FS test: the parsimonious (i.e. wastrictions) exploitation of 30 indicators allows
the IPI predictions to contain all relevant infotioa.

Overall, the findings in Table 6 lend support te guperiority of the BM approach in
terms of forecasting performance. This seems at adth the results reported in a similar,
recent paper by Angelini et al. (2008) which shdwattFM outperform BM in predicting the
euro area GDP short-term evolution. Angehial exercise is however quite different from the
one presented in this paper. In their quarterlgdasting analysis a crucial factor is the accrual
of monthly information over the reference quartehjch is exploited by FM, but not by BM.
More specifically, in Angelinet al the BM include only a few quantitative indicatousually
available with a longer delay, and, contrary to Elslnnot exploit more timely information, such
as that contained in survey variables. The only sagh information could be exploited in the
BM approach is through the (monthly) auxiliary misdased to extrapolate the quantitative
indicators. Given that in the nowcast case the Bkdasting performance becomes similar to
the FM one, the comparison in Angelini et al. may $een as a test of the forecasting
performance of the auxiliary models. On this regaul paper may be seen as an analysis of
alternative auxiliary models for the predictiongpfarterly GDP, which may be used during the
reference quarter, from the beginning when no médion is available on monthly indicators
(pure forecast case), till when all indictors arsown (nowcast case), considering the
intermediate cases when only some monthly indisadog released.

Overall, “horse races” and more general comparisddifferent forecasting methods
may lead to a better understanding of the advastagel disadvantages of the alternative
approaches. Bridge models generally provide veegipe forecasts which are also very easy to
interpret. Indicators that appear to be not linkednly loosely linked to the target variable are
ignored. This has two positive implicatior{§: BM predictions enable to “tell the story” of the
forecast on the basis of the evolution of the exgiary indicators. This is a very important
feature in periods characterised by deep and rapahges, when it is needed not only to
guantify the relevance of specific events, butrderstand their origin as well (recent advances
on this topic in the field of FM are shown in Bandband Runstler, 2007)iY BM data sets are
smaller and less costly to update. The claim th#h WM all relevant information is used
because nothing is a priori discarded implies thatdata sets behind FM are potentially very
large, including indicators from many sources, witry different characteristics and quality
standards.
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However, building BM is more difficult and arbitsarrequiring a number of subjective
choices — entailing crucial trade-offs — about thedel specification and the size of the
estimation sample. We have shown that the IPI &mtscfrom multiple-equation models are
often significantly better than those from singtp:ation models, especially at longer forecast
horizons, suggesting the likely presence of soradihg indicators in the information set used
by multiple equations. In addition, BM forecastipgrformance appears to be sensitive to the
size of the estimation sample, as their RMSE wasemen both shorter and longer estimation
samples are used. Instead, FM appears to be taidifected by the choice of the length of the
estimation sample. This confirms the results inlitegature about the greater stability of FM
forecasts, probably due to the large informatidn se

In the light of the discussion above, it emerges the two broad classes of approaches
appear to be fundamentally complementary, as ttengths of the one correspond to the
weaknesses of the other. Factor-forecasting pedoce is less efficient because it cannot pre-
select the “best” indicators from large data seid & is less interpretable. This weakness
however reduces the risk of omitting important jres, allows to exploit new information as
soon as it becomes available, prevents uncertalmyt modeller’s skill/experience and delivers
forecasts that are less prone to regime-shift biaBeus, the true challenge for future research is
to find how such pros and cons of the two approsamay be fruitfully merged by the

forecasting practice.
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Appendix — The Italian data set and bridge modelspecification

IPI vintages IPI data are issued by the Italian StatisticaéAgy (Istat). The first available vintage
of aggregate IPl spans over the 1953.1-2001.1 gheditowever, since the first vintage of
disaggregate IPI sub-sector data spans over the.1-:2803.1 period, our real-time data-set for
both aggregate and disaggregate IPI data is ma@® ohonthly vintages: frorv = 1 (1980.1-
2003.1) tov = 60 (1980.1-2007.12). During the 2003-2007 peritalian IPI did not experience
any benchmark revision, as the year 2000 is theedamse year of all our vintages. Therefore,
statistical revisions are the only source of reaktchanges affecting IPl updates in our exercises.
In this paper we will use the following labels:

IPI index of industrial production (total manufachy sector, i.e. aggregate IPI)
ConPI index of industrial production (consumpti@ods sub-sector)

IntP1 index of industrial production (intermediajeods sub-sector)

InvPI index of industrial production (investmentogis sub-sector)

EnePl index of industrial production (energy subtsg

The data set of BM indicatar$he 30 indicators in our data set are not aviElabthe same initial
period. However, all of them span the common 1920@7.12 period. In order to prevent the loss
of few useful indicators, namelfEIMG, ITNOMG, andITPGMG from the purchasing managers
index survey (see Table Al), they have been “batkdd from 1996.6 to 1991.8 with other proxy-
indicators. The Italian real-time data set is leditto the indexes of industrial production, both
aggregate and by sub-sector, because the whotd selicators is not subject to revision. In order
to guard against future information creeping intastp vintage data through potentially
heterogeneous seasonal adjustment proceduredjeaBeries in the data-set are not seasonally
adjusted. Table Al is devoted to merge the list30fvariables belonging to our indicator
information set with the corresponding seven ecatamspecifications where they are included.

Table Al about here

Four single-equation BM directly forecast the IRRIMA, OSBM, USBM and FSBM (see
Table 1 in the text). The IPI can also be predidigcdggregating the forecasts of the four IPI sub-
sectors (ConPl, IntPI, InvPl and EnePl) using aliéve aggregator functions (ASGR, ASLWE
and ASWL, see Table 1). In turn, each sub-sectmdymtion is predicted by a single equation.

The ARIMA specification is obtained with the usu#éthe series techniques. The selected
specification is given by a parsimonious AR(3) mddethe 12-month growth rate of the IPI.

In the first bridge model, defined as OSBM (see 8gdo and Signorini, 1987, Boda al,
1991 and Marchetti, and Parigi, 2000), the mainidg force of the IPI (adjusted for trading day
variation) is consumption of electricity, along itneteorological data to take account of non
industrial use of electricity. Successive, mincgfimrements of this specification lead to the
following version (see Bodet al, 2000, Zizza, 2002, Ladiray and O’Brien, 2003 &rdno and

Lupi, 2004):
ZlPlt S,
IPI —a+,8log(ENELN)+Zy TEMPN' +p22 +0 OT' +Sdum+¢,
i=1

Where: T is a deterministic linear trend8dumis the set of seasonal dummy variables (to
account for possible cyclical shifts in the seasqraterns the dummy set also includes two
seasonal dummy variables, for August and Decemfd@ich are multiplied by the three months
growth rate of orders received by manufacturingn§fORDISTAY and & is the usual disturbance
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term. Hereafter, the label of the variables isghme as it appears in the table Al, unless explicit
statedmav(x,y)represents thgmonths uncentered moving average.of

The above specification has been successively agdeoyl Parigi (2005), by changing the trend
specification and including some indicators fromvey variables, leading to the USBM model:

2 .
IPI, = + Blog(ENEL2, + ENEL4,)+ >y, TEMPN' + 1 Ord, +

i=1
11
ZAIPIH 4
+pE———+ > § = +Sdumt¢
ILI 11 ; |-|-| t

whereOrd=NLOINV/mav(NLOINV,36)
More recently, given the availability of the indioes from the purchasing managers index
survey, the specification has been further changigdhg rise to the FSBM:

IPI, = a + B ENELN, + 0 AENEL9, +

2
+> ¥ TEMPN' + @ Pmi_, +7 Lprod, +/ Retcon + ¢T—14 +Sdumt ¢,

i=1

where: PmEITNOMG—mav(ITPGMG,2)Lprod=NLPIMP/NSCIMP Retcormav(TOIMPCN,15).
The presence oENEL9 with a negative sign, is supposed to improve ¢beection for the
consumption of electricity from the services secthgain, the seasonal dummy variables for
August and December are specified as a multipteeofrend.

The richness of the information set, apparent frtme increasing complexity of the
specifications above, is at the roots of the disaggte approach. In this case, the specifications f
the 4 sub-sectors of the IPI are the following.

Consumption goods:

2
+> ), TEMPN' + 9ITNOMG, _, +

ConPl. =a +
‘ 'BENEL2[ e

+n Rbus_, + 0 4ARstq_, + ACLIMA, _; +/T + ¢Ti4 + Sdum+ ¢,

where ConPl is the index of industrial production in the congion goods sector;
Rst=mav(SCORTE, 6Rbus=AFFEXA+AFFEXP

Investment goods:

1 2 :
InvPl, =a + S{ENEL2 + ENEL4 )+ +  TEMPN + 9 InvPI._., +
 =a+B(ENEL2 ) e

+77 Conf_, + ¢AConf_, + 0 ATASSQ, +/ T + Sdum+ ¢,

whereInvPl is the index of industrial production in the intrasnt goods sectoENELS,the
electricity consumption in the south of Italy, whiis supposed to capture the adjustment for the
use of electricity other than for industrial purpp€onf = FIDINV+CLIMA+CLICOM. Sdum
includes seasonal dummy variables for August anceBder expressed as multiple of the trend.

Intermediate goods:
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2
+  TEMPN' + 9 IntPI,_. + +@ A( MIntPI +
ENELS, Z;,V s H O A )1

+/ FIDINTN _, + & AFIDINTN,_, + # ITEIMG, + Sdum+ ¢,

IntPl, = a + B ENELN, + ¢

where IntPl is the index of industrial production in the imtexdiate goods sector;
MIntPl=mav(IntPI,9)

Energy goods:
EneP| = a + B ENELS + {ENEL3 + ENELS, ) + y AENELS +/ TEMPN +
+ kK TEMPS +77 EneP|_, + 1 ACLIMA _, +v ITPGMG + p Ainfl, + Sdumt ¢,

where EnePl is the index of industrial production in the energoods sector;
Infl=mav(ACCPNZ,5)andACCPNZis the month-on-month consumer inflation rate.

As a final step, the forecasts of the above sulBsgare aggregated into the IPI forecast by
the following 3 aggregator functions.

ASGR:
AIPI, =a + [ AConP|, + y AInvPl, + J AIntPI, + u AEneP| + ¢,

where the) operator refer to the 12-month growth rate ofwaeable.

ASLWE:
IPl, =a + B ConPl + y InvPl, +J IntPI, + ¢,

ASWL:
IPl, =a ConP|, +b InvPl, + ¢ IntPI, +d EneP]

wherea, b, ¢, andd are the official weights underlying the computataf the aggregate IPI.

Table A2 about here



Table 2

1-MONTH AHEAD PREDICTIVE ABILITY OF ALTERNATIVE FOR

Size of the rolling window:
Estimation method:

Type of dat&:

Models”:

ARIMA

OSBM

USBM

FSBM

Average of Single BM
ASGR

ASLWE
ASWL

Average of the Aggregation of Sectors

Average of all models (excl. ARIMA)

RM

ARIMA

OSBM

USBM

FSBM

Average of Single BM

ASGR

ASLWE

ASWL

Average of the Aggregation of Sectors

Average of all models (excl. ARIMA)

(*) The performance is measured by the root mearreddarecasting error (RMSE) of the growth ratethwespect to the previous month (if not otherw

OVER THE 2003.2 - 2007.12 PERIOD (59 MONTHS)

Change in the:

ECASTING METHODS

Baseline ) . .
window size estimator
84 48 138 84
oLS oLS oLS SUR
LA LA LA LA
RMSE | RMSE ratios®® | RMSE ratios™ © RMSE ratios™®
1.39 1.43 1.029 1.40 1.010 1.39 1.000
0.74 0.89 1.198 0.79 1.070 0.70 0.941
0.61 0.73 1.196 1.04 1.700 0.68 1.120
1.00 0.71 0.714 1.31 1.313 1.02 1.025
0.57 0.68 1.706 0.70 1.231 0.81 1.427
0.54 0.75 1.390 0.61 1.134 0.65 1.217°
0.55 0.72 1.301 0.57 1.028 0.62 1.116
0.52 0.74 1.413 059 1.128 0.62 1.189
0.53 0.73 74’3 0.58 1.099 062 1.179
0.52 0.68 1830 0.62 1.186 0.64 1.227
SE ratios with respect to the best performanasaith column
2.666"" 2.097™ 2.470™ 2.251™
1.424™ 1.304™ 1.397" 1.131
1.173 1.074 1.830" 1.110
1.917 1.048 2.310™ 1.659
1.089 1.005 1.230" 1.313
1.031 1.096" 1.073 1.055
1.061 1.055 1.000 1.000
1.001 1.081" 1.023 1.005
1.01% 1.068" 1.026 1.010
1.000 1.000 1.088 1.036

data definition

84
oLS
RT
RMSE ratios™ ©
1.32 950.
0.77 1.034
0.61 0.995
0.98 0.986
0.57 1.004
0.56 1.048
0.59 1.069
0.56 1.070
0.56 1.066
0.54 1.029
2.462"
1.430™
1.135
1.837
1.063
1.050
1.102
1.040
1.050
1.000

indicated). ) Number of months3( LA (latest available vintage) or RT (real-timentages). ) For a description, see Table J). Ratio of the RMSE in th
previous column with respect to the baseline. Is tlontext, for the real-time case the Giacomird ®hite test of equal predicting ability cannotdpplied.
(®",” and™ respectively reject at 10%, 5% and 1% the nuthefGW test.

D

se
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Table 3

2-MONTHS AHEAD PREDICTIVE ABILITY OF ALTERNATIVE FO RECASTING METHODS
OVER THE 2003.2 — 2007.12 PERIOD (59 MONTHS)

Change in the:

Baseline

Size of the rolling window: 84
Estimation method: OLS
Type of dat&: LA
Models* RMSE
ARIMA 1.88
OSBM 1.17
USBM 1.27
FSBM 1.36
Average of Single BM 1.10
ASGR 1.01
ASLWE 0.98
ASWL 1.00
Average of the Aggregation of Sectors 0.9¢
Average of all models (excl. ARIMA) 1.02

RMSE ratios
ARIMA 1.922™
OSBM 1.198
USBM 1.292™
FSBM 1.390™
Average of Single BM 1.119
ASGR 1.036
ASLWE 1.000
ASWL 1.018
Average of the Aggregation of Sectors 1.03]
Average of all models (excl. ARIMA) 1.039

(*) The performance is measured by the root mearreddarecasting error (RMSE) of the growth ratethwespect to the previous month (if not otherw

window size estimator
48 138 84
oLS oLS SUR
LA LA LA
RMSE ratios®® | RMSE ratios™ © RMSE ratios™®
1.90 1.007 1.93 1.026 1.88 0.996
1.51 1.290 1.30 1.105 1.22 1.040
1.48 1.165 1.90 1.498 1.34 1.056
1.39 1.024 1.81 1.377 1.38 1.015
1.32 1.710 1.26 1.153 1.27 1.158
1.30 1.283 1.15 1.132 1.19 1.178
1.18 1.203 1.05 1.074 1.12  1.143
1.27 1.277 1.13  1.133 1.17 1.168
) 1.24 5472 1.10 1.117 1.15 1.167
1.26 1.237 1.16 1.138 1.19 1.17%
with respect to the best performand:laea)f‘,olumriS
1.610™ 1.838™ 1.676"
1.284™ 1.233" 1.091
1.252™ 1.805™ 1.194"
1.183" 1.718™ 1.235™
1.126" 1.201" 1.1317
1.105™ 1.092" 1.066"
1.000 1.000 1.000
1.080" 1.074" 1.041
7 1.054" 1.049° 1.030°
1.066" 1.099° 1.067"

data definition

84
oLS
RT
RMSE ratios™ ©
1.78 0.943
1.17 0.998
1.24 0.981
1.35 0.989
1.07 0.979
1.01 0.995
1.00 1.017
1.01 1.010
1.00 1.008
1.00 0.989
1.782™
1.176
1.246"
1.352™
1.077
1.014
1.000
1.010
1.000
1.008

indicated). ) Number of months3( LA (latest available vintage) or RT (real-timentages). ) For a description, see Table 9. Ratio of the RMSE in th
previous column with respect to the baseline. Is tlontext, for the real-time case the Giacomird ®hite test of equal predicting ability cannotdpplied.
(®",” and™ respectively reject at 10%, 5% and 1% the nuthefGW test.

D

se
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Table 4
3-MONTHS AHEAD PREDICTIVE ABILITY OF ALTERNATIVE FO RECASTING METHODS
OVER THE 2003.2 — 2007.12 PERIOD (59 MONTHS)
Baseline ' . Change in the: . o
window size estimator data definition
Size of the rolling window: 84 48 138 84 84
Estimation method: OLS OLS OLS SUR OLS
Type of dat&: LA LA LA LA RT
Models* RMSE | RMSE ratios®® | RMSE ratios™ © RMSE ratios®® | RMSE ratios >
ARIMA 2.09 2.15 1.030 2.14 1.024 2.08 0.996 1.99 0.951
OSBM 1.44 1.84 1.277 1.62 1.123 154 1.067 1.43  0.993
USBM 1.68 1.78 1.059 253 1.505 1.76 1.047 1.64 0.975
FSBM 1.80 1.78 0.988 223 1.739 1.87 1.041 1.78 0.991
Average of Single BM 1.45 1.60 1.106 1.67 17158 1.65 1.14% 1.41 0.974
ASGR 1.30 1.48 1.140 1.48 1.138 1.57 1.204 1.28 0.982
ASLWE 1.21 1.32 1.098 1.35 1.115 1.45 1.19Y 1.21  1.002
ASWL 1.27 1.44 1.136 1.45 1.145 153 1.210° 1.26 0.996
Average of the Aggregation of Sectors 1.24 1.40 24.1 1.42 1.140 151 1.210 1.24 0.993
Average of all models (excl. ARIMA) 1.32 146 1.107 | 151 1.147 157 1.188 1.29  0.980
RMSE ratios with respect to the best performand:laea)f‘,olumriS

ARIMA 1.732™ 1.625™ 1.590™ 1.439" 1.645™
OSBM 1.193" 1.387™ 1.201 1.061 1.182"
USBM 1.3917 1.342™ 1.877" 1.214™ 1.354™
FSBM 1.490" 1.342™ 1.655" 1.293™ 1.475™
Average of Single BM 1.198 1.207™ 1.243" 1.142™ 1.165"
ASGR 1.078" 1.119” 1.099™ 1.082™ 1.057
ASLWE 1.000 1.000 1.000 1.000 1.000
ASWL 1.050° 1.087" 1.078™ 1.060" 1.044
Average of the Aggregation of Sectors 1.031 1.059" 1.053™ 1.040" 1.022
Average of all models (excl. ARIMA) 1.091 1.101" 1.123"7 1.081" 1.067

(%) The performance is measured by the RMSE of thevidy rates with respect to the previous month gif stherwise indicated)?(Number of months 3|
LA (latest available vintage) or RT (real-time \ges). {) For a description, see Table ). Ratio of the RMSE in the previous column withpest to the
baseline. For the real-time case the GW test camm@ipplied. In this context, for the real-timeectise Giacomini and White test of equal predictibgity
cannot be applied®)(",” and™ respectively reject at 10%, 5% and 1% the nuthefGW test.
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Table 5
PREDICTIVE ABILITY OF ALTERNATIVE FACTOR-BASED FORE CASTING METHODS
OVER THE 2003.2 - 2007.12 PERIOD (59 MONTHS); WINDQV SIZE OF 84 MONTHS *
Forecast horizon: 1-month 2-months 3-months
Models? RMSE Ratios® RMSE ratios® RMSE ratios®
ARIMA 1.39  1.000 1.88 1.000 2.09 1.000
FA-ARDL (110 bivariate models 1.34 0.965 1.73 0.918 1.71 0.819
FA-ARDL (80 bivariate models) 1.31 0.944 1.72 0.913 1.71 0.817
SW-D 0.94 0.681 1.38 0.730 1.63 0.778
SW-S 0.94 0.681 1.46 0.773 1.55 0.740
FHLR-F 0.93 0.667" 1.30 0.690° 1.64 0.784
FHLR-O 0.92 0.666 1.31 0.697 1.62 0.776
Average of Factor-based Mode 0.91 0.658" 1.30 0.689 158 0.754
FHLR-F (window size = 48) 0.97 0.701 1.38 0.735 1.67  0.800
FHLR-F (window size = 138) 0.96 0.697° 1.26  0.670° 156  0.745

(%) The performance is measured by the root mearreddarecasting error (RMSE) of the seasonally stefii growth rates with
respect to the previous month. Estimation windovB4fmonths if not otherwise indicated) For a description, see Table ). (
Ratio of the RMSE with respect to ARIMA model:” and™ respectively reject at 10%, 5% and 1% the nuéaial predicting

ability according to the Giacomini and White test.
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Table 6
THE COMPARISON OF ALTERNATIVE FORECASTING APPROACHE S
Fair and Shiller (1990) test outcontes

i . BM BM Factor- Avg (excl.
1-month ahead RMSE  Rafio ARIMA single multiple based ARIMA)
ARIMA 1.39 1.000 - 0.27 0.15 1.49 0.83
BM single-equation 0.57 0.408 7.04 . 1.30 7.33 5.15
BM multiple-equations 053 0.381" 8.79 3.23 - 9.52 6.10
Factor-based 091 0.658 2.04 -0.56 -0.32 - -7.80
Average (excl. ARIMA) 0.71 0.510" 3.65 -0.03 -0.12 10.30 .
2-months ahead
ARIMA 1.88 1.000 - 1.08 0.93 1.39 1.18
BM single-equation 1.10 0.587 3.65 - -0.74 2.48 1.54
BM multiple-equations 0.99 0.524 5.67 2.76 - 4.12 3.14
Factor-based 1.30 0.689 1.48 -0.01 -0.48 - -2.42
Average (excl. ARIMA) 1.14 0.604° 2.60 0.31 -0.56 3.30 -
3-months ahead
ARIMA 2.09 1.000 - 0.72 0.46 1.09 0.96
BM single-equation 1.45 0.691 2.77 - -1.41 2.23 1.48
BM multiple-equations 1.24 0.595 4.23 3.28 - 3.44 2.93
Factor-based 158 0.754 1.37 -0.13 -0.79 - -2.21
Average (excl. ARIMA) 1.41 0.674 2.15 0.19 -0.94 2.82 -
M ", " and™ respectively reject at 10%, 5% and 1% the nulegfial predicting ability according to the Giaconwmid
White test. ) We report the White-consistent t-statistics ofésémates off and3. parameters in the regression:

7 eh a+ Py YRt = Yt-h + fe o1~ %oh , where 9R,t and 9C,t are the forecasts of the two models being compared

Yt-h Yt-h Yt-h

(and respectively listed along the rows and themols), andch is the forecast horizorh (= 1, 2, 3 months ahead). The null
hypothesis is that the forecast of the mdeléin the row) contains no information relevant ®d forecast not in the mod€l
(in the column). Results are robust to the useaféy-West t-statistics.
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Table Al

Label

AFFEXA
AFFEXP

CLICOM
CLIMA
CPCCNz
FIDINTN
FIDINVN
IENEL2
IENEL3
IENEL4
IENELS
IENELG
IENEL7
IENELS
IENEL9
IENELN
IENELS
ITEIMG
ITNOMG
ITPGMG
NLOINV
NLPIMP
NSCIMP
ORDISTAT
RETTGEN
SCORTE
TASSO
TEMPN
TEMPS
TOIMPCN

THE BM MONTHLY INDICATORS DATA-SET AND THE SPECIFIC MODELS THEY ENTER

Description

ISAE retail trade survey; current business situaflmalances; index, 2000=100)
ISAE retail trade survey; expectation on businesdution (balances; index,
2000=100)

ISAE retail trade survey; confidence index (2000310

ISAE Consumer sentiment index (2000=100)

Consumer price index (national definition; ISTAT)

ISAE Industrial survey; confidence index, internsdigoods (2000=100)
ISAE Industrial survey; confidence index, equipmgobds (2000=100)
Electricity consumption in sector 2 (Milan), indexmber (ENEL)

Electricity consumption in sector 3 (Venice), indexnber (ENEL)
Electricity consumption in sector 4 (Florence),ercdhumber (ENEL)
Electricity consumption in sector 5 (Rome), indexoer (ENEL)

Electricity consumption in sector 6 (Naples), inagesnber (ENEL)
Electricity consumption in sector 7 (Palermo, Sigiindex number (ENEL)
Electricity consumption in sector 8 (Cagliari, Sard), index number (ENEL)
Electricity consumption in sector 9 (railroad trpog.), index number (ENEL)
Northern electricity consumption (sum over the gestil to 4)

Southern electricity consumption, (sum over the@sd to 8)

Employment index (purchasing managers index; NTGRERS)

New orders index (purchasing managers index; NTC'RERS)

Stock of purchased goods (purchasing managers;iNB2-REUTERS)
ISAE Industrial survey; orders actual tendency,igepent goods (balances, 2000=1
ISAE Industrial survey; production actual tendeflzglances, 2000=100)
ISAE Industrial survey; stocks levels (balance€)®€100)

Orders level in real terms, manufacturing sectSTAT)
Coefficient for trading day adjustment

ISAE retail trade survey; finished goods stockdgbees; index, 2000=100)
Short-term interest rate on bank loans, total eagn(Bank of Italy)
Temperature, monthly average in Turin, Milan, Verdnd Florence
Temperature, monthly average in Naples, Bari, Radeand Cagliari

ISAE; average of confidence indexes in the conitn@nd retail trade surveys
(indices, 2000=100)

(%) Details are in Table 1, points B and C respebtive

Aggregate IPI single-
equation BM!

USBM

USBM

FSBI

OSBM FSBM

FSBM
FSBM
D0) USBM
FSB
FSBM
USBM

OSBM USBM FSBM

OSBMJUSBM FSBM

FSBM

Disaggregate BM equations by IPI sub-sett

ConPlI
ConPI
ConPI
IntPlI
ConPI
IntPl
IntPl
IntPl
ConPI
ConPI IntPlI
ConPl
ConPI IntPlI

InvPI
InvPI

InvPlI

InvPlI

InvPI

InvPI

InvPlI
InvPlI

InvPI

InvPI
InvPI

EnePI
EnePlI

EnePl

EnePl

EnePI

EnePI

EnePI

EnePI
EnePl




Tab. A2

FACTOR-BASED MODEL INDICATORS

No. Description tcode

(1) IPI and orders, ISTAT, [31]

Consumer goods

Consumer Durable

Consumer Non-durable

Capital Goods

Intermediate Goods

Energy

7-29 A0215 —A0240 (2-digit Ateco branches)
30 New Order to manufacturing
31 Total orders (volumeBl est. on ISTAT

(2) Domestic and Intern. Prices, varia, [4]
32 Consumer Prices, ISTAT
33 Producer Prices, total industrySTAT
34 OQil price index,IMF
35 Competitiveness indicator for Italig]

(3) Rates, money and stock market ind., Bl, [9]
36 Share price (MIB) index
37 Treasury bill rate
38 Money market rate
39 Govt bond yield (long term)
40 Govt bond yield (medium term)
41 Bond yield secondary market
42 Money supply M1
43 Money supply M2
44 Money supply M3

(4) Consumer Survey, ISAE, [6]
45 - Consumer Confidence indicator
46 - Situation next 12 months
47 - Unemployment next 12 months
48 - Prices next 12 months
49 - Prices last 12 months
50 - Savings at present

(5) Retail Survey, ISAE, [5]
51 - Retail Confidence indicator
52 - Future business situation
53 - Current business situation
54 - Inventory level
55 - Retail sales volume, Bl est. on ISTAT

(6) Construction survey, ISAE, [3]
56 - Construction confidence indicator
57 - Order book position
58 - Price expectations

(7) Manufacturing survey, ISAE, [40]
59 Confidence indicator (total)
60 Total order (total)
61 Domestic order (total)
62 Order from abroad (total)
63 Production levels (total)
64 Order expectations (total)
65 Production expectations (total)
66 Price expectation (total)
67 General ec. situation expect. (total)
68 Inventory levels (total)

U WNPE
NNNNNNNDDNDDN

NNNWOWWWWWN P NNDN

RPRRPRRRER

NR R R R

R

PRRPRRPRRRRERPR

69 Confidence indicator (capital)

70 Total order (capital)

71 Domestic order (capital)

72 Order from abroad (capital)

73 Production levels (capital)

74 Order expectations (capital)

75 Production expectations (capital)

76 Price expectations (capital)

77 General ec. situation expect. (capital)
78 Inventory levels (capital)

79 Confidence indicator (consumer)

80 Total order (consumer)

81 Domestic order (consumer)

82 Order from abroad (consumer)

83 Production levels (consumer)

84 Order expectations (consumer)

85 Production expectations (consumer)
86 Price expectations (consumer)

87 General ec. situation expect. (consumer)
88 Inventory levels (consumer)

89 Confidence indicator (intermediate)
90 Total order (intermediate)

91 Domestic order (intermediate)

92 Order from abroad (intermediate)

93 Production levels (intermediate)

94 Order expectations (intermediate)

95 Production expect. (intermediate)

96 Price expectations (intermediate)

97 Gen. ec. situation exp. (intermediate)
98 Inventory levels (intermediate)

(8) Electricity Consumption, ENEL, [9]
99 Turin district

100 Milan district

101 Venice district

102 Rome district

103 Florence district

104 Neaples district

105 Cagliari district

106 Palermo district

107 Rail-network consumption

(9) Purchasing Manuf. Index, NTC-Reuters, [3]

PRRPRRPRRPRRPRRPRPRRPRRRPRRERPRRREPRRRPEPRRERRERRRERRER

NPNNNNNNNDDN

108 Employment Index 1
109 New Orders Index 1
110 Stock of Purchased goods Index 1

Note: Indicators are classified in 9 groups; bdg
characters indicate, respectively, the descriptibn
each group, the data providers (see below), ang
squared brackets) the number of indicators in €
group. Data providers: ISTAT = lItalian Statistic
Agency, Bl = Bank of Italy, ISAE = Institute fo
Studies and Economic Analysis, IMF = Internatio
Monetary Fund, ENEL = Italian Electric Pow
Company.tcodeis the transformation code: 1 =1
transformation, 2 = growth rate over the same mg
of the previous year (i.Alog), 3 = monthly first

difference. All series have been cleaned from eutli

and quantitative indicators have been adjusted

Id
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r
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trading day variations.




