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Abstract

In this paper we present “now-casts” of Irish GDP using tiyrddta from a panel data set of
41 different variables. The approach seeks to resolve tsieswhich commonly confront
forecastors of GDP - how to parsimoniously avail of the maiffeient series, which can
potentially influence GDP and how to reconcile the withiragarly release of many of these
series with the quarterly estimates of GDP? The now-castsisnpaper are generated by
firstly, using dynamic factor analysis to extract a commantdafrom the panel data set and,
secondly, through use of bridging equations to relate thethip data to the quarterly GDP
estimates. We conduct an out-of-sample forecasting stioalexercise, where the results of
the now-casting exercise are compared with those of a stdubgachmark model.



Non Technical Summary

Providing accurate and timely estimates of the rate of GDP growth within the egoirgan
essential component of the CBFSAI's economic function. These feteeae presented publicly
four times a year in the Bank’s Quarterly Bulletin and a further series ethsts are submitted
to the ECB as part of the Broad Macroeconomic Projection Exercise (BMPE

In seeking to estimate the economy’s performance at any point in time, a langleen of
variables are typically incorporated within the assessment of forecaSieissprocess is largely
conducted on a judgemental basis, where forecasters adjust their estimatead-hoc manner
without necessarily using a quantitative framework. However, the pt@sper presents a mod-
elling approach, which enables forecasters to use the information froigeadanel of potentially
relevant macroeconomic indicators in generating estimates of economicrpanice. In partic-
ular, information is derived from 41 different macroeconomic indicatorritive at forecasts for
GDP.

The approach also facillitates the most up-to-date information on these inditatioe used
when estimates are being provided. As such, the adoption of this apoesisome way towards
meeting the increasing emphasis of the ECB for model-based forecastsgedbythe national
central banks (NCBSs) in the preparation of their forecasts.

The paper also reviews the macroeconomic forecasts of the CBFSAlytartycwhen com-
pared with those of the ESRI over the timeframe 2000 - 2007. Finally, the papes that, when
compared with other countries’ GDP estimates, Irish estimates are notableifordlatility and
for the degree of revision, which occurs between actual initial and I&@©8t estimates.



1. Introduction

The coherent nature of policy making within the Eurosystem necessitatpsoifision of timely
and accurate estimates of output growth by Member States. Evaluating Senfpstate of the
economy and generating “credible” short-term forecasts has oftensbe@mplex task of combin-
ing information from both qualitative and quantitative based sources usvaliable at different
time delays. Qualitative, survey-type information concerning presemitbons within the econ-
omy tends to be available on a timely and up to date basis, whereas data morkytysied in
model based forecasts is often only available at a significant time lag. Adaliiomany timely
and useful variables are released at monthly intervals, whereas thblgaof interest - GDP is
normally on a quarterly basis. These issues result in the relative popufnityre “judgemental”
based forecasts, where analysts weigh up the available set of inforraatiogenerate a forecast
accordingly.

A separate, but related issue concerning macroeconomic forecastsskethiequantity of
series, which may potentially be of use in predicting GDP movements. Both leale and
reduced-form econometric models can provide strong theoreticalpindergs for a relationship
between aggregate income and certain variables, however, in forgctstins many of these
models are outperformed by standard time-series approaches. Optieeddty in the case of
individual countries will seek to avail of the most relevant information, Wwhiy, very often, be
particular to that country. For example, in the case of Ireland, the reagtleanstruction sector
has, over the past 10 years, assumed a considerable importance iertiemerformance of the
economy. Consequently, information pertaining to the Irish constructidorseay be a signif-
icant predictor of aggregate output movements. Of interest, therefoaanmdelling approach,
which enables one to avail of the potential forecasting power of a latgd gariables.

This paper generates early estimates or “now-casts” and “back-cdistgarterly Irish GDP.
In terms of the timeliness of Irish GDP releases, for the first two months inigag quarter, the
most recent available release of GDP is for the second last quartereBy¢hof the third month
in each quarter, releases of GDP are available for the previous quartbrs paper we generate
estimates for the current quarter, (now-cast), and for the previaarsegu(back-cast). In the case
of the latter, this is only done when no release is available i.e. for the first twidhmof the
quarter.

This involves the use of “bridging equations” whereby small models ar testbridge” the
information in key monthly data with quarterly GDP, where the quarterly GDPléased after
the monthly data. A variety of approaches can then be employeatvis-the bridge equation.
In work by Diron (2006) and Bnstler and &dillot (2003) a number of selected bridge equations



with multiple regressors was used to generate now-casts, while in KitchemManaco (2003)
forecasts of GDP based on a large number of bridge equations weledpdn the latter case,
each equation had only one predictor.

However, another development has drawn upon the factor analysid liiesature in seeking
to distill significant information from relatively large amounts of variables.tHis sense, the
approach in this paper follows that of Giannone, Reichlin and Small (2806)produce now-
casts of output and inflation for the US using a dynamic factor model peaidmg Doz, Giannone
and Reichlin (2005). The merits of factor models as forecasting tools wededan a series of
papers by Stock and Watson (2002a), and Stock and Watson (20@2Bpeni, Hallin, Lippi and
Reichlin (2005). The use of factor models in a now-casting context is maiinligiaable to the
work of Giannone, Reichlin and Small (2005). A now-cast estimate of GPtizined in two
steps. In the first step, monthly indicators are used to estimate factorse Twdsrs are then
used as regressors in an associated bridge equation. In an Iriskveasempile a monthly panel
dataset of 40 variables.

We generate the now-casts using a pseudo-real time approach. By ¢hisean that when
a now-cast is derived from the data in every quarter, the data availaliligtisn which existed
at that quarter is exactly replicated. In essence, we are seeking tatephe timeliness, which
would have pertained for an analyst at the time the GDP estimate is formulategvetp adopt-
ing this approach does give rise to what has been referred to as tlyedjaglge” issue. Some
data series do not have observations for the most recent month or twe parbkl from which
the factor is derived is unbalanced in nature. In addressing this probiefio/low the same two-
step approach as Giannone, Reichlin and Small (2005). Therefomepwheasting methodology
enables both current and recent GDP to be estimated conditional on alardeer of variables.
Most of these variables are already used in gauging the current stdte e€onomy, however,
the now-casting approach presents a coherent framework for theimelof this information. As
such, the modelling approach represents a significant addition to the polétysis tool kit of the
Irish Central Bank. This is particularly the case for a small open econamre movements in
GDP and other major macroeconomic variables can be quite volatile.

To place the now-casting exercise in context, we discuss some of the ¢jeallevhich arise
in forecasting Irish GDP. The chronology of Irish GDP releases is atstussed in terms of
its relevance for two of the more influential forecasts of GDP within the Iri@nemy. These
forecasts are compared with both initial and revised GDP estimates. In tioé ttes paper details
of the now-casting approach are presented followed by the results @iteof-sample forecast
simulation. A final section offers some concluding comments.



2. The Challenges of Forecasting Irish GDP

The Quarterly National Accounts (QNA) releases of the Irish CentraisHts Office (CSO) pro-
vide the most comprehensive available information on recent developmehésliish economy.
The QNA provide estimates of GDP and its main output and expenditure comtgcaed the
current release delay is (no later than) 90 days meaning that GDP gromghréference quar-
ter is available at the very end of the following quarter. In view of this sigaificelease delay,
conjunctural assessments of the Irish economy would benefit fromrniredicator of quarterly
GDP of sufficient accuracy and timeliness. However, such an exdscfaeed with a number
of significant challenges. The Quarterly National Accounts data, asategly emphasised by
the CSO, are subject to a large margin of error and there are two issuagioujar that merit
attention in the context of a forecasting exercise:

e Irish quarterly GDP is quite volatile by international standards. This may b#bberved
from Figure 1, where the upper panel plots the year-on-year GDRtlgnates for each
quarter from 2000 to the present. McCarthy (2004) notes that IrishtaryaGDP has
shown significantly more volatility than corresponding data for any other DEGuntry.
McCarthy pointed to the structure of the manufacturing sector in Irelandeasatlrce of
much of the volatility, with sectors such as the manufacture of basic chemicttsufzly
prominent in this respect. This could be partly attributable to large value esasagur-
ring in the chemicals sector output. Production in the chemical sector ofterhswiiom
patented products to lower priced generic products and it can be difiqygt a proper han-
dle on the changes in relevant deflators. While the volatility of Irish GDP age have
moderated somewhat in recent years, it still remains quite high by internisdianaards.

e The revisions to Irish quarterly GDP are quite significant by internatioteaidards and
these revisions have been examined by Bermingham (2006) and by @G@#)(2T he lower
panel of Figure 1 plots the inital and the latest estimate of GDP released bystheThe
main revisions take place when the detailed annual national income anddéxperac-
counts are published during the middle of the year after the referencagdahe initial
quarterly estimates are aligned with more comprehensive annual data apititis Quill
(2008) points out that significant revisions can arise when the consystéiecks are per-
formed on the fully audited accounts of large multinational firms. Although thetlatail-
able estimates for quarterly and annual GDP give the most reliable indic&tiotine state
of the economy at any point in time in the past, it could argued that the initial GifXBros
have a greater influence, as by the time later revisions and potentially quitiécsigire-
visions come out, the forecasters and economic policy-makers may havensermoved



on.

Despite the volatility and preliminary nature of quarterly GDP, forecasterse agnificant
weight on the latest data on quarterly GDP when formulating or updating theicdsts for the
whole year GDP growth, as it is the best available indicator of the overédl sfahe economy.
In analysing forecasts of Irish GDP, we concentrate on the forechst® @f the main domestic
economic forecasting institutions - the Central Bank and Financial Seriigg®rity of Ireland
(CBFSAI) and the Economic and Social Research Institute (ESRI).

Typically, in recent years, when forecasts are published by the CBBSESRI, only the
GDP outturns up to two quarters earlier are available. At the CBFSAIXamele, the forecast
for GDP growth for the whole year is normally finalised towards the end ofaatgr, sayy; 1, at
which time the GDP outturn for the previous quartgr,,, has become available; the forecast is
then published at the beginning®f At the ESRI, the forecast is typically finalised and published
during the final month of a quartey;, when the latest GDP outturn is fgr_». The ESRI only
has the GDP outturns available uptte- 2, as is the case for the CBFSAI, but the ESRI can also
draw from other (often monthly) data released during a large pagt dtherefore, it is important
to keep in mind in any comparison of forecasting performances that therafmm set available
to the two teams of forecasters is not the same and that as a result, the twideetsasts are not
strictly comparable.

The CBFSAI produces ten sets of comprehensive forecasts duringettie- the four sets
of forecasts for the Bank’s Quarterly Bulletins and the three roundseofiring and Autumn
biannual broad macroeconomic projection exercises (BMPE) that rwonjarction with the rest
of the Eurosystem. Each of these forecast exercises draws togetinédual forecasts from
experts covering sectors across the economy. The projections & jpasly on the available
historical data and on technical assumptions for exchange rates, imgge=s world demand for
Irish exports, competitiveness developments and oil and other commoditggyitices. These
forecasts for volumes and deflators from each of the sectors of adirdtyeconciled and the
Bank’s macroeconometric forecasting model for the Irish economy maybalssed to provide
complementary projections and for carrying out some consistency checks

In Figure 2, we again plot the initial and latest CSO estimate for GDP growtlo. iAtsuded
are the CBFSAI and ESRI whole year GDP forecasts over the coueschfcorresponding year
(neither institution currently publishes quarterly GDP estimates). The figuaksashelpful in
assessing the degree to which forecasters are influenced by the \atiésibla quarterly GDP
outturn. Generally, forecasters would tend to put more weight on qlya@&P outturns as the
year progresses. In the case of the CBFSAI forecasts, there is a nmxifwo outturns for the

The ESRI is an independent economic and social research think tank.



first and second quarter in a year that can be availed of (as Q3 comasend of Q4, with the
next Bulletin forecast published the following year and therefore doesaunt in our assessment
of annual nowcast estimates). Taking the year 2005 as an example, it apparent that the
forecasters in their whole year forecast published in the third quaepeting a large weight
on the available first quarter GDP outturn. The usually weak first qu@iDét outturn appears to
lead to only a slight downward revision by the CBFSAI and even a slight tveision from
the ESRI (from a lower baseline).

Forecasters are of course also taking into account the most recentlyratt outturns and
may also have been anticipating a pick-up in the second half of 2005, widigihfdct materialise.
It also reflects to an extent the knowledge that quarterly GDP outturnbecguite volatile. In
addition, there was a small revision for 2004 but there is a big upwardoevier 2003 and this
may have had some influence also in setting a forecast that correspiindsenanticipated final
outturn for GDP for the year. Although Quill finds that there was no trengbsitive revisions
based on data over the period 1998 to 2007, revisions have tended pevhediand can be quite
large since 2002. Finally, it is worth noting that expectations for the outfiomthe remaining
quarters for a particular year may be influenced by leading indicatorsraydalso take into
account some base effects.

The forecast errors of the CBFSAI and ESRI are of a similar magnitude the respective
mean squared forecast errors over the period 2000 to 2007 in Taklew. lfhe ESRI forecasts
for 2000 turned out to be quite conservative and its forecast errégh& one year may have an
undue influence on the full sample results. According to the forecastsesince 2001, there
is not much to separate the two forecast teams in terms of their performarfoesdasting the
initial full year CSO outturn. The ESRI appears to perform slightly bettéoraicasting the final
estimates for GDP. However, as mentioned earlier, while the latest availalifer&ease is the
most definitive record of the value added for a particular year, fetempperformances are often
in practise judged against the initial or intermediate outturns. Forecastetsavagensed that the
initial data are inconsistent with their own judgement or intuition as to the state efctthreomy
at that time. However, clearly, it is not possible to validate this retrospdéctigeng an empirical
test. Also, tests over the full sample of quarterly GDP data suggest thatitheo predictable
element to the subsequent revisions to the GDP outturns. It should Beddbat the CBFSAI
forecast is typically published during the first month of a quarter while thRIESecast is often
published during the final month of a quarter. Thus, due simply to the timing akeective
publications, the ESRI forecasts may have the advantage of up to two motréng&ba releases.



2.1. Dataset

The GDP now-casting model incorporates information from the lags ofeyaGDP and a large
set of more timely and in the main higher frequency indicators that try to captumenctural
developments in the Irish and international economies. There are 41 indiegi®s in the con-
ditioning set. The full list of indicators along with their respective sourcelgase delays and
transformations are presented in Table 2. These series are part gendat of series used by
the CBFSAI in projection exercises but the series in the conditioning setatagssatisfy other
criteria including having a sulfficiently timely release delay. The series arergky of monthly
frequency and are significantly more timely than the GDP releases, with thestoredease de-
lay for the monthly series at about 50 days. Each of the series must atdfiogently long for
modeling purposes. The dataset begins in January 1985 and is urdshédribe end of the sam-
ple reflecting the different release delays of the indicators. The steuofiihe dataset should be
largely the same, at least for the set of monthly series, at each monthliewddiae quarterly GDP
nowcast. The model attempts to nowcast year-on-year GDP growth feea guarter and the
indicator series undergo transformations before entering the model.allyptbe series are con-
verted to year-on-year growth rates helping to avoid the excessivelitplaf quarter-on-quarter
growth rates.

The dataset contains direct measures of economic activity and pricenébgaong with indi-
rect measures such as business and consumer sentiment surveysacidlfindicators. Almost
each sector of the economy is represented but efforts are made taasslgquver in particular
those sectors with both higher weighting and more volatile outturns. Industitiait, which ac-
counts for about a quarter of GDP at factor cost, is an important sofira@atility, as illustrated
in Table 3 below. The volatility is particularly pronounced in certain manufagjusub-sectors,
such as the manufacture of basic chemicals, and this can present sigrifieienges in a fore-
casting context. The overall monthly industrial output index is included asdicator, but more
detailed sub-sectoral data were not included as according to out testidheot bring useful ad-
ditional explanatory power. It is worth noting that the explanatory powerdustrial production
indices may be limited by the fact that the monthly industrial production seriemaealjusted for
royalties and licence services imports whereas GDP is adjusted as thetsegirgoniot regarded as
value added. In this respect, it is worth noting that the increasing usewvié¢eséputs over time
may not be taken into account adequately (data on services inputs aravailgble quarterly
with the Balance of International Payments, which is released at the same tineeQNA).

The contribution of the construction sector to GDP growth has underggniéicant changes
during this decade and indicators such as housing completions and heegistgations are in-
cluded to capture activity in the sector. Activity in the market services séxtaccounted for



primarily by the monthly retail sales and car sales indices. Financial data,asumoney and

credit data, are also included. Exchange rate data are daily but theytlet@odel as monthly

averages. International factors are represented by busines®asuhter surveys for the euro
area, an indicator of extra euro area demand for Irish exports anahpetitiveness indicator. Fi-

nally, there are two labour market indicators i.e. the monthly unemploymentdtin@ numbers

on the live register.

3. TheMod€

In this section we outline the dynamic factor model (Giannone, Reichlin and $268l5)) used
to generate the monthly estimates of GDP. The estimation strategy with this apEdaofold,
in the first, a set of factors are extracted from a panel of monthly indgaitothe second step,
the GDP series is projected onto the factors via a bridge equation.

The Giannone, Reichlin and Small (2005) model can be summarized as fokowextor of
n stationary (standardized) variables= (z1, z2¢,...,2n) t = 1,2, ..., T is assumed to have
the following dynamic factor model characterisation:

r=xt+&=Afi +& 1)
P

fi = ZAift—i + Gt (2
i=1

Gt = By 3

wherez; in eq.() is the sum of two orthogonal components, the common componeartd
the idiosyncratic componerfi. The common component is the product ofrarx r matrix of
loadingsA and ar x 1 vector of latent factorg;. The idiosyncratic component is a multivariate
white noise with diagonal covariance matbix. Factor dynamics are described in &j.(vhich
is a VAR(p). A1, A, ..., A, are matrices of parameters afyc~ N (0, BB'), where B is &r x ¢)
matrix® with ¢ < r; n; ~ N (0, 1,)

In the Appendix, we outline how consistent estimates of the parameters of the oam be
obtained. Using these estimates, the factors can be estimated in the followingrmann

2We assumé3’'B = %



F, = proj|Fylzy, ..., 13 A, A, B, i)d

that is, by applying the Kalman filter to the state-space representation obtaimeglacing
estimated parameters in the factor representation:

Tt = Aft + & (4)

p
o= Aifii+ G ®)
i=1
The Kalman filter can be also used to evaluate the degree of precision attbe dstimates

~ A~

Vi = E[(F, — F)(F, — Fy)|x1, ..., x7; A, A, B, 3.

while, the estimates of the signal and their degree of precision are gasgeatively, by

A~ ~ ~

Xt = Projxi|zi,....xr; A, A, B, i]g] = AE,
E(xi — x1)? = A'VoA

This framework is adapted to estimate the factors on the basis of an incompketetdae. a
dataset which contains some missing values corresponding to data whitdt gasbeen released.
In this case, the parameters of the modelA, B and3., are estimated using data up to the last
date when the balanced panel is available. Hence, rows with missing atisesvare simply
skipped when applying the Kalman recursion. This is equivalent to settingattience of the
idiosyncratic component related to the missing observations equal to zero.

We define the yearly GDP as the average of the latent observations inatterquD P =
1(GDP, + GDP,_y + GDP,_,). Yearly factors are obtained 88 = (f; + fi-1 + fi—2).
Estimates of the year-on-year GDP are computed with the following bridgiegs:

GDP, =j'f; (6)

wheref is ar x 1 vector of estimated parameters. Backcasts, now-casts and forectists of
GDP series can be computed every month as soon as new information bena@it@lsle. The
estimate of yearly GDP (computed in the last mantt the quarter) is given by



_——Y 1 R R
GDP, = g(yt + i1 + Yr—2) (7)

The forecast error is defined as the difference between the estimatgeéxapost) realized
valuee) = 97 — y). We assume that ~ N(0,02) and thaté;, ¢; ande; are mutually
independent at all leads and lags.

3.1. Mode Evaluation

To evaluate the forecast performance of the modelling approach, \iepea pseudo real-time
out of sample simulation. In using the pseudo real-time approach, we &iagé&zreplicate the

actual data availability situation, which pertained at the time the now-cast/&iriscgenerated.
Therefore, the parameters of the model are generated recursigelgt ba the data availability at
a particular quarter.

The out of sample simulation procedure is as follows; the exercise begiestinyating the
model on a sub-sample called the estimation window 1980:Q1 to 1996:Q4. Thetedtjpagam-
eters are then used to back-cast and now-cast GDP. The estimationwisnguated sequentially
with one observation and the parameters are re-estimated based on tteemEe available. The
estimates of GDP are again generated using the new sample. This proisatiereiterated until
the end of the sample.

We evaluate the performance of the model by generating two sets of stafistecfirst is the
Mean Squared Back-Cast Error (MSBE), which is defined as

ty
1 P
MSBE = ————— " (GDP, — GDP 2. wherem = 1,2
(t, —to+1) t:to( k k1) m =1,

and the second is the Mean Squared Now-Cast Error

t1
1 —
MSNE = ——— GDP, — GDP,3:)?,
(tl—to+1)tz;0( ! i)
wherefk refers to the quarter anid! refers to the monthn in quarterk. GD P, is the ex-post
realised value, Whilmk|mk+1 and @Hmkﬂ are, respectively, the back-cast and now-
cast estimates @t D P,.

We also compare the accuracy of the models estimates with that of a benchnaek’ o

3The standard benchmark model in this literature is the constant growtelmdalvever, owing to the particularly
volatile nature of Irish quarter-on-quarter GDP changes, we elecetasghe standard GDP transformation, year-on-
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our case we take, as the benchmark model, the average of the last faurecergly available
year-on-year GDP changés.

3.2. Results

We now compare the forecast performance of the model in terms of botltasts and back-casts
vis-a-vis that of the benchmark model. Table 4 presents the mean squaned(M8E) for the
different applications. These are presented for the case where wieasd or the back-cast is
generated for each of the three different months in each quarter.

It can be seen from the Table that in both the case of the back-casteamtttasts, the mean
squared back-cast error (MSBE) and the mean squared foreoas(MSNE) of the benchmark
model is considerably greater than the model proposed here. In termesmobifith in the quarter
the now/back-cast is generated, it is evident, as one would expectsthaganoves from the first
month to the second and onto the third month, the quantity of information availabkages,
thereby resulting in a decline in the MSBE and the MSNE.

In Figures 3 and 4, we plot the back-cast and the now-cast resglgclong with the observed
series and the results from the benchmark model. From Figure 3, it mayseeveld that the
back-cast generated for the second month tracks the observedmgétéasell, particularly when
compared with the estimate of the benchmark. In the case of the now-casttestimiigure 4,
the estimate generated for the third also can be seen to improve on that estintateérst and
second months of the quarter.

It is tempting to compare the estimates from the now-casting approach with deasts of
the CBFSAI and ESRI presented in Figure 2. While the results from thecasting are more
accurate than either of the two institutions, such a comparison is somewlzét dué to the
timeliness of the dataset used to condition the individual now-casts. A tairparison would
entail compiling a real-time database and generating the now-cast accordingly

A further point of note is that in the case of both the CBFSAI and the ESRfaifecast is an
annual now-cast for each year in question, whereas, in the mod&atfm, the estimate is the
year-on-year growth rate for the individual quarter in a particular.yea

year changes. Therefore, for such a transformation, the avgrageh rates is a more appropriate model rather than
the constant growth rate. Nonetheless, we also compare our results @gehdahthe standard benchmark model - the
results do not change. They are available, upon request, from therauth

“The results in the model simulation are generated with a specification withyoraenit factor, one static factor
and the VAR for the factors of order 4. This specification results in thedomean square forecast error for the sample
in question.
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4. Conclusions

The employment of the now-casting framework represents a significdiitcacin the forecasting

skill set of the CBFSAI. In providing timely estimates of GDP, the approachahaumber of

attractive features; a large panel dataset of potential determinantsPh@ be parsimoniously
employed through the factor methodology. Within individual quarters of &e,\the approach
enables the data flow on monthly information during the quarter to be exploitgmbelddo-real

time data approach is followed in that the data availability situation, which exisechtquarter

is replicated for the model estimates.

To place the now-casting work in context, a chronology is provided of efease of GDP
estimates by the Irish Central Statistics Office and how these are incomgbaii#tién the forecasts
of the CBFSAI and the ESRI - the two main forecasting institutions of GDP withinlrigb
economy. In general the observed series for Irish GDP is charaaddns two features when
compared with that of other countries, firstly, Irish GDP is particularly volatigénly due to the
compositional relevance of the manufacturing sector and secondly, tdrete to be significant
revisions between the initial and final estimate of GDP. The performancagttotive CBFSAI and
ESRIs forecasts are evaluated over the period 2000 to 2007.

In evaluating the now-casting model, we perform an out of sample simulatienevihe es-
timates of the model are compared with that of a benchmark approach. Wendinthe mean
squared forecast errors for both the now-casts and the backarastensiderably smaller than
those of the benchmark model. Unsurprisingly, the later in the quarter theastwor the back-
cast is generated, the more accurate the estimate is relative to the obsgized s
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Appendix A: Parameters Estimation

In this Appendix, we outline how consistent estimates of the parameters of/tlzenit factor
model are obtianed.

Suppose that; = y;; — fi; and thatz;; = a%-(?/it — f1;), whereji = %ZL y; andg; =
T A~
NES ST aE

Consider the following estimator of the common factors:

Let's define the correlation matrix of the observablg$ és:

1
S:thlmt:vg

Let's defineD ther x r diagonal matrix with diagonal elements given by thargest eigen-

values ofS andV then x r» matrix of the corresponding eigenvectors subject to the normalization
V'V = I,. Factors are estimated as:

Ft = A.’I?t
and the factor loading4 are estimated by regressing the variables on the estimated factors:
T T
N ~ ~ ~
A= Z Z’th/(Z FtFt )_1
t=1 t=1
and the cavariance matrix of the idiosyncratic component as estimated as:
S = diags(S — VDV)

The other parameter$ andX. are estimated by running a VAR on the estimated factors:
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Finally, let's defineP as theq x ¢ diagonal matrix with the entries given by the largest
eigenvalues oF and by)M ther x ¢ matrix of the corresponding eigenvectors, then:

B=MP

[N
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Table 1: Mean Squared Forecast Errors (MSFE) for the CBFSA) @@ the ESRI

CBversus ESRIversus CB versus ESRIversus CBversus ES&lsver

CSO CSO CSO CSO CSO CSO

Inital Initial Intermediate  Intermediate Latest Latest
2000 - 2007 15 2.3 2.6 2.9 2.5 2.0
2001 - 2007 1.2 1.2 2.6 2.1 2.8 2.1

Note: Initial estimate= first release for the final quarter; Intetiate=first release of comprehensive Na-
tional Income and Expenditure accounts (normally releagetttie middle of the subsequent year); and
Latest= latest available national accounts.
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Table 2: List of Variables used in the Factor Analysis

Name Frequency  Timeliness Source

(approx. days)

Live Register M 10 http://www.cso.ie/prlabfor.htm
Retail Sales M 50 http://www.cso.ie/prservices.htm
Car Sales M 10 http://www.cso.ie/prtransport.htm
Unemployment Rate M 10 http://www.cso.ie/prlabfor.htm
Industrial Production M 40 http://www.cso.ie/prind.htm

Real M1 M 30 http://www.cso.ie/Financiallndicators.asp
Real M2 M 30 http://www.cso.ie/Financiallndicators.asp
Real M3 M 30 http://www.cso.ie/Financiallndicators.asp
Real Private Sector Credit M 30 www.centralbank.ie

CPI sub-indices M 30 http://www.cso.ie/prprices.htm
House Completions M 20 http://www.esri.ie/

House Registrations M 20 http://www.esri.ie/
Consumer sentiment index M 3 http://www.esri.ie/

Index of consumer expectations M 3 http://www.esri.ie/
Exchange rates M 0 www.centralbank.ie

Euro area consumer surveys M 30 http://ec.europa.eu/

Extra euro area demand for

Irish exports (WDREX) Q BMPE ECB

CXDIN Q BMPE ECB

Gross Domestic Product http://www.cso.ie/prnatacc.htm
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Table 3: Mean Absolute Deviations of Year-on-Year Growth Rates bjoBec

Mean Absolute Deviation Share of GDP

at Factor Cost

Agriculture 28.0 2.3
Industry (excl. Construction) 31.4 25.1
Building and Construction 16.7 8.5

Distribution, Transport

and Communication 8.0 15.6
Public Administration

and Defence 2.4 3.4
Other Services 8.1 46.2

Note: Shares are approximate, due to non-additivity of the clibiimked data, and do not add to 100.

Table 4: Mean Squared Errors (MSE) for Back-Casts and Now-Casts

Model MSBE MSNE

1st Month 5.317 6.145
2nd Month  5.034  5.570
3rd Month 5.475

Benchmark 8.189  8.361
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Figure 1: Irish GDP Growth Rates 2000 - 2007

Year-on-Year Rates for each Quarter
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Figure 2
CBFSAI (CB) and ESRI (ESRI) Forecasts and CSO Initial and Final Annual Outturns
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Figure 3:Comparison of Back-Casting Performance

14r

12-

10r

|

| |

| | |

—Realized Value
—8—Backcast 1st month
—6— Backcast 2nd month
—4—Benchmark

| | |

-
Q4-1995 Q2

-1997

(3-1998 Q1-2000

Q2-2001 Q4-2002 Q1-2004

Q3-2005 Q4-2006 Q2-2008 Q3-2009



Figure 4:Comparison of Now-Casting Performance
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