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Abstract

We consider the reasons for nowcasting, the timing of infidiom and sources thereof, especially
contemporaneous data, which introduce different aspectpared to forecasting. We allow for the
impact of location shifts inducing nowcast failure and nasting during breaks, probably with mea-
surement errors. We also apply a variant of the nowcasthagesty proposed in Castle and Hendry
(2009) to nowcast Euro-area GDP growth. Models of disaggeemonthly indicators are built by
automatic methods, forecasting all variables that areselé with a publication lag each period, then
testing for shifts in available measures including survaadswitching to robust forecasts of missing
series when breaks are detected.
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1 Introduction

On 24 July 2009 the Office for National Statistics (ONS) peliidid GDP growth figures for the second
guarter of 2009: The 0.8% decline in GDP induced severe &stefailure—the official data was worse
than any forecast. Statistical agencies such as the ONS must base their fldstatst on incomplete
and uncertain data, hence there is a need for nowcasts timdire® both actual data for components
that are known with forecasts of components that are unknd@dften surveys are used to ‘infill’ the
unknown components to arrive at the flash estimate (seefsligley, Driver, Hayes, and Jeffery, 2005),
a reasonable strategy when the surveys are good leadirgaiodi, but such a methodology can prove
disastrous in times of structural change. Himancial Timeq25 July 2009) reported that ‘the ONS said
that its estimates were even less reliable than normal bedde economy’s unpredictability meant its
models had “broken down?’A similar problem has beset the National Institute’s nowiogsapproach
(see Mitchell, 2009). Any nowcasting strategy must be robustructural breaks, requiring a method-
ology that can both detect structural breaks and rapidlyptadéaen such breaks occur. It is precisely
at the point at which accurate nowcasts are needed (turmimgsp that the current nowcasting methods
may be breaking down. This paper considers the reasonsarasting and the implications for how to
produce robust nowcasts.

*The paper was prepared for tNational Institute Economic ReviewVe are grateful to Mike Clements, James Mitchell
and Martin Weale for helpful comments.

1The estimate of GDP growth has since been revised to a 0.7He@tthe second release for 2009Q2 on 28 August 2009,
see www.statistics.gov.uk/cci/nugget.asp?id=192.

Zwww. ft.com/cms/s/0/c5529f00-7886-11de-bb06-0014dded. html



There are four practical reasons why nowcasting—‘foréugisthe current state—is needed for eco-
nomic aggregates, which play a key role in economic poligjgiens. Unfortunately, each of the reasons
is matched by a corresponding problem, as we now explain.

First and foremost, and the central basis for ‘nowcastirggthat not all disaggregated contempo-
raneous data are available at the time their informatioedsiired to construct the relevant aggregate.
Statistical agencies decide when to publish preliminatimedes based on their view of the optimal
trade-off between timeliness and accuracy. For prelingieatimates of GDP, for example, the informa-
tion is only available up to 24 days after the end of the qudotewhich a ‘nowcast’ is required for the
UK, (see Reed, 2000, 2002), whereas the Euro-area prelyngstimates are published 45 days after the
end of the quarter. This ‘missing data problem’ is ever presso that aggregates cannot be constructed
just by adding up the relevant observed disaggregates.

Secondly, many economic time series are themselves onliynprary, or ‘flash’, estimates, which
are subject to potentially substantial revisions in dugs®as more information accrues, so are not nec-
essarily a reliable and accurate guide to current conditidiigure 1 (from Walton, 2006) demonstrates
that initial estimates of GDP growth are a poor guide to dd&@P growth out-turns (defined as the
latest available vintage in Autumn 2005) with revisions afrenthan 2% for some quarters and magni-
tudes, directions and turning points differing substdlgtizetween the two measures. Faust, Rogers and
Wright (2007) report that revisions to GDP announcemergsgaite large in all G7 countries, and are
fairly predictable in the UK, mainly because of reversiorthte mean, which they interpret as due to re-
moving measurement ‘noise’. Garratt and Vahey (2006) cendiK macroeconomic indicators and find
that most preliminary measurements are biased predietittssome revision series affected by multiple
structural breaks, and Mitchell (2004) finds that poor carggion of nowcasts can explain much of the
revision to UK GDP growth. Thus, ‘measurement error prolsleame also pervasive, and consequently,
the ‘observed data’ cannot be taken at face value, and mag bere accurate than nowcast values.
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Figure 1: GDP outturns: initial and latest estimates

Thirdly, different components of the data entering the aggtes for which nowcasts are required
are unavailable in different periods (see e.g., ClementsHendry, 2003), and so are missing on a
non-systematic basis. Consequently, a consistent subsgfbomation is rarely available, inducing a
‘changing database problem’ which is bound to affect anyesgdor nowcasting.

Fourthly, even when actual values of the relevant variablesavailable, nowcasts should still be
produced. These would now allow for immediate evaluatioradt as an ‘early warning signal’ when
nowcasts departed too radically from the measured serfes.cbuld enable rapid action to be taken fol-
lowing any deterioration in the performance of a nowcastiragiel or method, or warn of measurement



problems in the ‘actual’ series. Thus, a ‘break problem’ajs/ithreatens to disrupt the accuracy of any
nowcasts.

The interaction of these four problems poses major uncrigai for nowcasters. At first sight, the
difficulties seems similar to those facing forecasters. el@wv, a key difference is the presence of con-
temporaneous observations—which logically could neveuo a forecasting context—and there are
many possible sources of such evidence, including rapiddy feequently observed data on disaggre-
gates such as retail sales; correlates like road traffic aphasenger numbers or energy consumption;
surveys; and more recent innovations including Google (e and Varian, 2009) and prediction mar-
kets. Castle and Hendry (2009) propose a framework for nstivicathat seeks to address three of these
issues, namely the ‘missing data’, ‘changing database’larek’ problems. Here we also consider
‘measurement errors’, and the use of contemporaneousalajeand ascertain the extent of any anoma-
lies being due to those, as against breaks. We also applyppuoach, building on the example in
Ferrara, Guegan and Rakotomarolahy (2008).

Given the need for nowcasts, section 2 considers the ranigéoofnation available. Then section 3
discusses the potential role for automatic model sele¢tidmandle all the available information while
allowing for multiple past breaks at unknown dates, as welt@temporaneous location shifts, which
together entail that nowcasting models always involve mamables than observations. This aspect
builds on the approach in Castle, Doornik and Hendry (2Q08a3ed onmAutometricswith impulse-
indicator saturation for removing breaks, outliers andt plata contamination: see Doornik (2009a),
Hendry, Johansen and Santos (2008), and Johansen andnN20§9). Section 4 discusses problems
affecting economic nowcasting due to the trade-off betwiganliness and data quality, with section 5
discussing the conflict between breaks and measuremend,deading to an application of the proposed
nowcasting strategy to Euro-area GDP growth in section éti@e7 concludes.

2 Range of information available

There are many possible sources of contemporaneous deltajiing up-to-date values for some of the
relevant disaggregates, rapidly and frequently obseruétbmes for variables such as retail sales; cor-
related variables like road traffic and air passenger nusntreenergy consumption; qualitative surveys
of consumers and businesses about their plans and expastatind more recent innovations including
Google (see Choi and Varian, 2009) and prediction marketsdei4 that exploit related series, possi-
bly in combination with univariate time-series models, tatp improve the accuracy with which any
missing data are estimated, by adding the proxy as an exptgnariable in a model for the variable
to be forecast. The advantage of autom@&utsis that all covariate information can be included in the
general model at the outset and the data characteristicdetédrmine whether the explanatory variables
are relevant in explaining the individual disaggregatéeseiThe model selection for the individual fore-
cast models could be undertaken for every new release of watah is feasible for automatic model
selection. Hence, if a break is detected, the model will bidatgd as soon as information on the break
is available. The robustness of the model specification ananpeter constancy can be tested alongside
the break detection tests, but the distinction betweenriateand external breaks discussed in Castle,
Fawcett and Hendry (2009b) points to different approachevén those two cases.

2.1 Disaggregates

Castle and Hendry (2009) consider the first of these, andogepow to utilize data on the subset of
available disaggregates to construct the desired aggrégat framework that addresses the ‘missing
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data’, ‘changing database’, and ‘break’ problems, ugwtpmetricswith impulse-indicator saturation
to remove past breaks, outliers and data contaminationrandt forecasting devices to offset current
location shifts (see Hendry, 2006). However, they do nduihe additional variables.

Impulse-indicator saturation (11S) adds an impulse intdicdor every observation to the candidate
regressor set: Hendmst al. (2008) establish one feasible algorithm, and derive thedistribution for
anlID process, and Johansen and Nielsen (2009) generalize tihirgs to general dynamic regression
models (possibly with unit roots), and show that there is alkgfficiency loss under the null of no
breaks at a nominal significance level despite investigating the potential relevanceloadditional
variables for a sample of siZé whenaT is small?

2.2 Covariate information

Variables like retail sales are observed more frequentiynfinly) and rapidly than aggregates like GDP
(quarterly), and while they include some of the informati@eded for expenditure measures of GDP,
they are also potentially correlated with other variablest ire only available with greater latency. For
example, retail sales are published approximately 32 ditgstae end of the reference period, whereas
consumption data, for which retail sales is a reasonableypis only released approximately 64 days
after the end of the reference period along with the first@IDIP release (excluding the flash estimate).
Other proxies, such as new passenger car registrationstragotion output and industrial new orders are
also available more rapidly than components of the experalitr income based measures of GDP.

2.3 Google query data

Choi and Varian (2009) show th&oogle Trendglata can help improve their forecasts of the current
level of activity for a number of different US economic timerigs, including automobile, home, and
retail sales, as well as travel behaviour. The associatertjl@@uery variable is added to simple linear
seasonal-AR models to measure the additional ‘predicipsver, and although the resulting models
are used for forecasting, their focus is on ‘predicting thespnt’. Other correlated contemporaneous
variables include road traffic and air passenger numbersi@ngg consumption and surveys of con-
sumers and businesses about their plans and expectatioan Autometricsapproach, such additional
data series would all be added to the information set for ¢hevant aggregate (Doornik, 2009b, illus-
trates this approach), or could be used in the Castle andriA€¢d09) framework to nowcast missing
disaggregates.

The advantage of an automat@etsframework that allows for more variables than observatigns
that it will enable very general models initially given thegmnitude of databases available, with impulse-
indicator saturation to detect outliers and location shiffhe selected model specification could be
maintained to update within quarters, but the models cae{selected intermittently to update if breaks
have occurred. Furthermore, the quantity of data availalileenable measures of variance via the
realized volatility of inter-day activity, and possibly eav complete distributions via a non-parametric
approach. The optimal level of aggregation for such data erapirical question that again can be tested
within the Getsframework. Further developments to handle mixed freqeenef data could draw on a
MIDAS-type of approach (se@ter alia, Ghysels, Santa-Clara and Valkanov, 2004, Ghysels, Sin#o a
Valkanov, 2006, and Clements and Galvao, 2008).

3Because many other uses of the words impulse and indicasir ee have used the more precise designation of impulse-
indicator saturation.



2.4 Prediction market data

Prediction markets for the relevant measures could be anetiiuable source of ancillary information:
see Wolfers and Zitzewitz (2004), Gil and Levitt (2006) arrdx3on and Reade (200Ber alia. These
information markets, like lowa Electronic Markets for gigial outcomes and Betfair for sporting com-
petitions, are claimed to have more accurate predicticas tolls, surveys, or expert judgement, and to
have predicted high profile events well, such as the size ei@ent Obama’s victory. Although, it is
unclear how well they forecast relative to robust econoimetjuations, as location shifts occur intermit-
tently (see e.g., Hendry and Reade, 2008a), the probabilitb adjust very rapidly to new information.
As participants are risking real money with their views,dicéon market real-time measures could be
a valuable addition to measuring and nowcasting the prestatdé of the economy. For example, the
July 2009 lowa Electronic Market is for bets on the FederaldRee’s Monetary Policy decisions, which
thereby could indicate implicit knowledge about the stdtihe US economy.

2.5 Surveys

Survey information could be used directly to modify estiesabf the forecast origin values, or as pos-
sible additional regressors, or as part of a signal extadpproach to estimating missing data on the
disaggregates, or as one of the devices to be pooled. We thaiblikely efficacy as leading indicators
following the critiques in Emerson and Hendry (1996) anddold and Rudebusch (1991), since thair
postperformance is usually superior to the ante reflected in regular revisions of the indicator compo-
nents of indexes. However, we do test whether surveys aeet@alplrovide timely detection of structural
breaks in the empirical example in section 6.

3 Selecting nowcasting models

Castle and Hendry (2009) outline the use of automatic maletson for selecting nowcasting models,
allowing for all the available information, multiple pastelaks and contemporaneous location shifts,
building on Castleet al. (2009a). The selection algorithm is automatedAirtometricswith impulse-
indicator saturation (see Doornik, 2009a). T&etsmethodology commences from a general model
specification. In a nowcasting context with multiple virgagof data, this enables inclusion of highly
correlated vintages.Getscan handle perfectly collinear variables, and so will havevgr to select
between preliminary releases and revised releases of data.

Nowcasting models tend to rely on bridge equations that cinlandle a limited set of covariates,
but are useful in handling mixed frequency data. The bridgegons are specified at a higher frequency
than the variable to be nowcast, enabling a bridge betwagnneonthly and quarterly data. Salazar and
Weale (1999) use interpolated estimates of GDP, corredtinghe impact of measurement error, to
obtain monthly data and use a VAR approach on the higher émxmyudata. They find that the monthly
model is useful for nowcasting quarterly GDP once one or tvamtins’ hard data becomes available.
Methods proposed in the literature to get around the brglgiroblem include combining predictions
from many small models (see Diron, 2006, and Kitchen and Mon2003), common factor models
(see Giannone, Reichlin and Small, 2008), mixed frequentgypolation in a regression context or state
space form (see Chow and Lin, 1971 for the former and HarveyPaerse, 1984 for the latter). Mitchell,
Smith, Weale, Wright and Salazar (2005) use an interpalajagproach to nowcast monthly GDP using
monthly indicators and then aggregate up to obtain earisnasts of quarterly GDP. This is the approach
used by the National Institute for Economic and Social Resefor nowcasting monthly GDP growth.



A Getsapproach allows for large sets of covariates to be includetthé initial model specification,
circumventing the need for bridging models.

The proposed nowcasting approach relies on well-specitiedametric models to both forecast the
disaggregate covariates and nowcast the aggregate. Thisa® all in-sample breaks to be modelled.
We use two methods to ensure breaks are captured. Firstiseajmdicator saturation (11S) is applied to
all selected models. Castiid al. (2009a) examine the ability of IIS to detect multiple breaksd show
it can find up to 20 breaks in 100 observations. Secondly, allats are selected recursively to enable
breaks to be rapidly updated in the model specification. pfosedure is feasible in a real-time context
due to automation of the selection algorithm, which recuitat it is fast and easy to implement. Castle
et al. (2009b) show that recursive updating is beneficial wheretieean external break (rolling windows
could also be used, but can be costly if the size of the rollimglow is small relative to the full sample).

4 Problems in economic nowcasting

Nowcasting is characterized by a trade-off between tinasnand data quality. More timely data are
subject to larger revisions due to initial measurementreyrtaut allow breaks at the forecast origin to be
detected more rapidly, enabling a switch to robust for@mgstHence, the ‘optimal’ publication lag is
an empirical question, and the views of statistical agendiffer from country to country. Furthermore,
data are released with different frequencies (e.g., GDRetgtarterly frequency and retail sales at
the monthly frequency). Again, there is a trade-off as to‘tiimal’ frequency to model the data at.
Although time disaggregation is beneficial for detectingais sooner, Castle and Hendry (2008) show
that the impact of location shifts is not mitigated by higfiquency data: when the objective is to
forecast (say) a quarterly outcome one quarter ahead eglyasthd monthly models are equally affected
by forecast-origin breaks. However, in nowcasting, sonmtaraporaneous data are already available for
the period to be nowcast, so higher-frequency observationkl help.

There is a signal extraction problemZats the final observation will contain measurement error, so
an ‘extreme observation’ could be an outlier that will beised or a more permanent location shift. The
two explanations are observationally equivalent with oagagoint. Measurement errors in dynamic
models lead to autocorrelated residuals, but after theateteevised, there are only a few observations
at the end of the sample to detect such measurement errthsarfiple tests for autocorrelation will have
low power, and often congruency is anyway imposed in thecieleprocedure to ensure no full-sample
autocorrelation. Hence, residual analysis at the end opkaim all that is available to decipher whether
an ‘extreme’ value for the last observation is a measureragot or a break. Section 4.1 outlines the
characteristics of the last observatign,r, when there is measurement error or a break, including the
use of IIS. Section 4.2 discusses the inconsistency betweecasting methods designed to mitigate
measurement errors and those designed to be adaptabledtusdt breaks, and section 4.3 considers
whether pooling can mitigate forecast failure when therelhseak.

4.1 Measurement errors and breaks

Let 6 < 1 denote a high-frequency sub-period, apgr_s a forecast ofy; r based on information
available at timel’ — §. There areN disaggregate series, of whichare known atl’ and N — J are
unknown atl’. Then ify; r7_s differs significantly fromy; - fori = 1,..., J, there are three plausible
interpretations; either the discrepancy is due to a stractreak or a serious measurement error, or a
combination of both af".



First, consider the case of measurement error. Followiegn€hts and Hendry (1998, ch.8), assume
the estimation period consists of= 1,...,7T°, during which data are measured without error, and
s =1T¢,...,T, when data are measured with error. This captures the id¢adar the forecast origin,
data are measured in real-time, whereas data further batheisample have been revised as more
information is accumulated. Assume a simple autoregre€3®GP for each disaggregate:

Vit =VYir—1+vip fort=1,...T;i=1,...,J Q)
wherev;; ~ IN [0,02 | and|¢;| < 1. For the period., ..., T, we assume a correctly specified model
with known parameters, so the model coincides with (1), and £= 7, ..., T' the ‘true’ datay; ,, are

measured with error, so we observe:
Yis = y;k,s + Nis (2)

For convenience, assumg, ~ IN [O,U%J andE [y;‘k,snz‘,t] = 0 for all s,t. In practice, these assump-

tions may not hold; revisions often have a systematic andigtable component, which implies that the
measurement error is also systematic. For example, a f@ssistake is thak [, ,| = ty, 7 0, which
could be calculated from historical revisions.

For the periodre, ..., T, the model in (1) becomes:

Yis = Villis—1 + (Vis + s — Uilis—1) = Vilis—1+ €is

wheree; ; is the orthogonal component of the residual relativg;tp ;. When; = 1, so the models
for the disaggregates are expressed for simplicity as:

Ayis = Vis + 16 — il -1 = €igs

the residuals should exhibit the following properties abver periods (usually just the last few observa-
tions depending on data frequency):

E [62‘,3] ~ 0
Vieis| =~ ‘712)1' + (1 + w?) o2
_wg?'
Eleiseis—1] = pi=~ —

2+ (1+97) o2

wherep, denotes late-onset error autocorrelation, assuming hkedasticity such thatr2 is constant
ass approached’, again, a stringent assumption. Hence, if the last few um}exhlblt an increase in
variance and autocorrelation, more weight can be placeti®hytpothesis that the observatiorifatan
be partly attributed to measurement error.

The alternative hypothesis is that a location shift has wedu In some cases, future changes in
economic policy may be anticipated and so the errdf abuld be justifiedex ante Examples include
changes in VAT rates that are announced in advance, or diegage specific policies such as prescription
charges. Such breaks can be accounted for in the nowcastarsimtercept correction. Other location
shifts at7" may be unpredictable, but IIS enables such shifts to be @etadter they occur. By including
an impulse indicator ai’ in the general model and selecting a specific model, the ataliowill be
retained if the final observation exhibits a location shifative to the full sample mean. It is essential that
impulse indicators are included for all observations toaaot for shifts that occur in sample, otherwise
late onset shifts will be harder to detect. The final obséwat evaluated against the in-sample mean,
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so if the mean fot = 1,...,T — 1 is incorrectly estimated due to unmodelled breaks, seleatiill
have incorrect retention properties, ang will have the incorrect mean and variance.

If an impulse is detected dt in one or more of the disaggregate models,the1,..., N unknown
disaggregates that are nowcast may need to be adjustedidilegp®n the correlation across disaggre-
gate series and the correlation of measurement errors,obethich are almost certainly non-constant,
particularly when a break occurs. Unfortunately, the twplamations for an ‘extreme observation’ at
T require quite different forecasting models, leading toresiEn between alternative solutions. Ex-
ponentially weighted moving average (EWMA) schemes work when there are ‘regular’ noise-like
measurement errors. They can be shown to be optimal for amawahlk process subject to random
measurement errors, in contrast to the intercept correetim differencing approaches discussed above
which offset location shifts, but exacerbate the impact ehsurement errors.

4.2 EWMA and intercept correction

The EWMA forecasting formula for a scalar time ser{gs;} whenh > 0 is:
T .
irnr =1 =2)> Myir_j, 3
=0

where); € (0, 1), so with start-up valug; ; = ;1 andy; o = 0:

Uirir = (1= X) yir + Niliryr—1 = vir — X (Yr — Uirir—1) » (4)

This is a ‘random-walk’ forecast modified by the proportidnof the previous forecast errdy;  —
Vi rir—1)- EWMA approximates an ARIMA(O,1,1):

Ayir = € — Ni€ig—1 (5)

which arises from a random walk in the true variap}g that is measured with an erraf ; SO y; ; is
observed:

Yit = Yit—1 +eiy WhereE [622,25] = Ui

y’i,t = y;(,t + ui,t Wlth E [U?’t] = 0'1211 (6)
and hence is a special case of a ‘structural time series’ hisee Harvey, 1993, and Koopman, Harvey,
Doornik and Shephard, 1999), wheXgis determined by the relative magnitudes of the innovatioore
variancep—gi, and the measurement error variam:g,.

A central problem of nowcasting is balancing measuremeat®and location shifts, and these ‘con-
flict’ in EWMA: (4) dampens recent forecast errors, wheregsd adjustment is essential for location
shifts, so the closeh; is to zero the more rapidly a location shift is assimilatedddihg an impulse
indicator to (6) at the forecast origin:

y;k,t = 5i1{t:T} + yth teit
Vit = Yir+ Uiy
leads to:
YT = YiT—1+0i+e&T1 — N€i -1
YiT+1 = YiT + &G T+1 — Ni€i,T
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then for simplicity letting(y; r — ¥irj7—1) = €i,r—1 With known );, the forecast error &' is y; 7 —
Yi,rir—1 = 0; + €, 7. Hence, the next forecast becomes:

Yi,rp1r = Yir — Ni (0 +eir) (7)

with error:
YiT+1 — Uir+1T = ANidi + €741

so large)\; will induce a sequence of systematic errors andA8+E of:

. 2
E [(%,Tﬂ — Uirs1r) ] = \}6; + o2,

An alternative predictor can be obtained by adding an ingindicator to the last observation to
estimatey; asd; + ¢; 7, but then not extrapolating the indicator so that:

Uirir—1 = Yir-1— Ni (Yir—1 — ir—yr) + (0 + &.7)

and hencey; 7,17 = vi,r With a forecast errofe; 741 — Ae; 7). The final-period impulse indicator
essentially takes the forecast back to a random walk, MBfE:

E [(%,T-H - gz‘,T|T71)2] = (14 A7) o2,

so will yield a lowerMSFE whens? > ag which is a standardized location shift greater than onarerr
standard deviation, independently)gf Such an impulse indicator is akin to an intercept corracic),
which adds back a function of recent errors to offset a looashift, and can be efficacious in situations
in which the form, magnitude, timing and sign of any shift anknown (see e.g., Clements and Hendry,
1998). The key difference here is that the IC is not extrapdlanto the future since the process is
integrated, so is close to the approach discussed in Hendrgantos (2005).

4.3 Pooling of forecasts

The importance of pooling lies both in revealing divergenbetween methods and averaging perfor-
mance across methods. Since some methods are less affgcddiural changes than others, alterna-
tive devices can deliver rather different forecasts in sucletting. In particular, large differences from
robust methods should prompt action. Since the best faiagastrategy is inevitably unknown, pooling
across forecasts from a number of models, methods, tranafuns and sub-sample periods can reduce
serious inaccuracy: see, e.g., Newbold and Harvey (20@@8ggand Ord (2002), and Stock and Watson
(1999). Nevertheless, care is required in selecting thefsetodels to pool as shown by Hendry and
Reade (2008b): an analogy would be the inadvisability ofimgiba glass of poison with glasses of pure
water, then drinking the combination.

Our proposed strategy uses an element of pooling. We suggesiging within blocks across the
impulse indicators retained atfor the known disaggregates to obtain an estimate of thelafieaction
and magnitude, which is incorporated into the nowcast feruhknown disaggregates. Even if there is
only weak evidence of a break, averaging across the intecogpected model, the differenced model,
the EWMA and the unadjusted model will provide an ‘insurapoécy’ forecast as in Hendry (2004).



5 Breaks and measurement errors in nowcasting

Successfully resolving the conflict between the opposkparses entailed to location shifts and mea-
surement errors is central to accurate nowcasting. A locahift necessitates a positively-signed in-
tercept correction (IC) for the nowcast period (see e.gen@nts and Hendry, 1996). Conversely, a
measurement error entails a negative correction to offsgtdrror, which should be ignored thereafter.
But a sudden unexpected shift at a point in time could cooedto either happening. Given the incon-

sistency between methods to address measurement erroteceedthat are robust to breaks, we now
consider whether additional information can help distisgietween these two hypothe$es.

From a policy perspective, the issue is also serious: aitotahift (in inflation, say) usually neces-
sitates a policy reaction, whereas a measurement erron@till Thus, accurate discrimination between
these would be invaluable. Any analysis needs to allow foation shifts and measurement errors before
and after nowcasting in real time. Several features sudgesty be possible to distinguish a location
shift from a measurement error shortly after the nowcastidenspecifically within two periods. First, a
measurement error at timfédoes not ‘carry forward’ into the next period, although iffeets will do so
in a dynamic process. Secondly, that data point will usuadlyevised and should then be more accurate:
thus, revisions to nowcast errorsiat- 1 should be informative about the source of the error ftbrio
T + 1. Thirdly, the next nowcast error froffi + 1 to 7" + 2 will again be large if the source is a loca-
tion shift but not for a one-off measurement error: thuseeted mis-forecasting is more indicative of a
location shift. Fourth, extraneous contemporaneous datahmlp in discriminating within a couple of
periods by whether a discrepancy from a pre-existing moeledigts (likely to signal a break) or rapidly
disappears (more likely to be a measurement error) Firthllyyariance of measurement errors usually
changes as the forecast origin approaches, and such anstféedd be capable of being modelled into
the nowcasting procedure.

The literature on measurement errors in nowcasting is mgeJainlike that on the impacts of mea-
surement errors on estimation (summarized in e.g., Hed®85). Some related approaches for forecast
scenarios are considered in Clements and Hendry (1998) B@@9Hendry and Clements (2003). Har-
rison, Kapetanios and Yates (2005) consider the inducedtivegnoving average in dynamic models as
well as the error variance effects caused by measuremens ggo argue for down-weighting parameters
estimated from recent data when forecasting.

We discuss the simplest model formulated in section 5.1 to@sider the impact on it of measure-
ment errors only in subsection 5.2. Subsection 5.3 dissussation shifts, and contrasts their effects
them with those of measurement errors. Subsection 5.4\brexfbrds the impacts of each incorrectly
using the other’s solution, and subsection 5.5 notes theaegd.

5.1 The model

Denote the aggregaig = ZfL w;yi +, Wherey; ;, are the disaggregates ang are the weights, which
could be changing over time. The simplest setup that canuadielg characterize the problem is:

v =y +e (8)
whereg; is anlID measurement error which we take to be:

et ~ IN [0,07] (9)

“We are indebted to Rob Engle for help in formulating this isect
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independently of/*. Intermittently, and unpredictably;* alters, which represents the location shift. We
first consider the setting wheig is constant; then wherg = 0 Vvt but y* alters; and finally, combine
these. The nowcast is for tinié following an estimation sample from ..., T — ¢, for small§ which
may be zero for some variables, but is unity forand we imagine a sequence of nowcasts as if in real
time, atT + 1, T + 2 etc. Abstracting from dynamics and from stochastic shockatty simplifies the
problem, but does not seem to sacrifice the essential fsature

5.2 Measurement errors only

Wheny* is constant in-sample, the nowcasting problem can be redddy using the conditional expec-
tation ofyp, 1 given information on it dated’ or earlier:

Ery1lyre1 | Zra] = Erpa (¥ +er1)] = ¢° (10)

HereZr, only includes(y; ... yr), but more generally may also include ancillary data sesesye of
which may be contemporaneousiat- 1.
Even thougty; is a measurement error, regressionypbn a constant delivers the 1-step minimum

MSE forecasting device:
T

~ _ 1
Yr+yr =Y = Z Yt
t=1

where unconditionally from (8) and (9):

2
Erit [?(T)} — " and Vo, [?m] —Eru [@m _ yﬂ CErn (%iet> - "T (11)

Thus:
Erir [Ursyr | Ira] =y

and:
N _ . 2 1
Vrgt [riar] = Erm [(yTH - y)z} =Erq1 [€2T+1 + <y - y(T)) ] =o? (1 + f) - (12

so the full-sample estima®g of y* is an unbiased predictor, with the smallest variance of anype
size choice, which is jus% larger than the nowcast from the known locatign

5.3 Location shifts only

Whene; = 0Vt buty* is not constant, then the best predictorygf, is yr 17 = yr. When no
location shifts occur, thepr 1 r = yr = y* is exact; and when one does occufatout not at either
T —1orT + 1, denotedV p)y*, a one-period mistake is made:

Yr+1 — Yre1r = Y141 — yr = V(r)y*
whereas the next nowcastBtt 2 is unbiased if the process now remains constant:

Yr+2 — Y4241 = Yr+2 — Y741 = 0.

11



Thus, the best 1-step predictor here is simply the laggaseyalamely a random walk, which uses the
smallest possible sample size of unity, ignoring all eadieservations.

The contrast between the outcomes in sections 5.2 and 5taris $n the former setting of just
measurement error, tHall sample estimates are besind in the latter of just a location shifinly the
final observationis used. It would be unsurprising to find that when both pnolsl@ccur, a compromise
is required, and we first illustrate the conflict by considgrusing the ‘best solution’ to each problem
when it is applied to the other.

5.4 ‘Cross’ solutions

First, considetjr,., 7 when there are no location shifts, and only measurementserfben:

Ery1 [Jr41yr) = Era lyr] = ¢

and:

Voot [rsar) = Era |:(yT+1 - Z/T)Q} =Erp1 [((yTH -y )+ (¥ — yT))Q] = Ert1 [654q + €7] = 207
(13)
Thus, the predictor remains unbiased, but the varianceases byT — 1) /T, essentially doubling.
Next, consideryr 1 when there are no measurement errors, but location shiftsrodNow we
need to specify all in-sample location shifts, and let tHes¥ ) y* for 7 € 7, so that after a shift:

ve=y" + Vi,
and hence:

T
_ 1 1 . . . 1 i}
y(T):TZ;yt:TZ;(y +V(7)y)=y +?Z;V(T)y.
t= TE re

The simplest case is that of one in-sample location shift §say), so that:

(T - T*) v(7”‘)y>'<
T .

Yry =Yy +

When no further breaks occdiy) is a biased predictor afr41 = y* + V(- y™:

Ery1 [yr1 — Ursar) = Erp [y* + Vi)Y' =Y

with a squared prediction error of:

N ™V - y* 2
Eriq [(yTJrl —yTJrl\T)Q} = <%> .

The impact of the in-sample break is under-estimated wheémnmualelled, because the sample spans
periods before and after the break. Either a congruent niedeleded that models the break, or a shorter
sample period that post-dates the most recent break isreeljus would occur with a rolling-sample
estimator. Assuming one of these routes is followed, we eddconsider the case where no previous
break contaminates the model in use, and focus on the measnirerror and location shift 4t.
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5.5 Measurement errors and location shifts

A number of interacting features suggest it may be possibiistinguish a break from a measurement
error after about two periods. Of course, a systematic rmeasnt error will also act like a break, and
a one-off shift like a measurement error, which will ‘cordushe analysis, as would a measurement
error followed by a break of a similar magnitude and sign. éftheless, there are four sources for
distinguishing breaks from measurement errors:
a] the measurement error does not ‘carry forward’ into the period,;
b] the previous data point will usually be revised, and stidbien be more accurate;
c] the second nowcast error usifigr. 1y at7' + 2 will again be large for a break, but not for a one-off
measurement error;
d] the variance of measurement errors changes as the nawizfistrecedes.

Thus, we assume (8) and (9) operate till tifighen lettingy etc. denote a preliminary measurement:

Ur+1 = Yo + €rp1 aNd g2 =y, + érpo

where there are no unmodelled in-sample shifts, but:

Yo =Y+ Virpy”

and after data revision at + 2:

YT+1 = Y, + €741 (14)
Then, from abovey ) provides the minimunMSE estimator ofy*, with variances2T~! on average;
yri1 — Y1 estimates the revision error, independently/bbeing constant or shiftingjr, 1 — yr and
lateryr.+1 — yr both estimatév - 1yy*, albeit imprecisely; an¥ 7, [ér41] @andVpyo [ép2] are likely
to be larger thaw?. Since(yr.1 + 9yr42) /2 estimateg;* with a variance of:

1 o 1 o
Vo [5 (Yyr+1 + yT+2)} =1 (02 + Vrya [éria]),

combining this withy estimated up t@’, and the estimate & (.1)y* gained fromyz1 — yr yields

1

~x — 1 o
Ya =73 <y(T) + (Yyr+1 — yr) + 3 (Y41 + yT+2)> (15)

which also estimateg;, with a variance of:

1 1\ 1 }
Vriz[va] = <Uz (2 + f) +7 (07 +Vryo [6T+2])>

The weighted estimator (15) has a lower variance @t | + ij72)/2 if Vo [ér42] > 502/3, which
could be satisfied, given point b] above. Signal extractieggests using both the lategt,; andyr,

where the weights vary with the measurement error variaRae/cett (2008) finds that this is the case
for dynamic models, in a similar setting.

6 Nowcasting Euro-area GDP growth

In this section, we undertake a nowcasting exercise usirggiant of the nowcasting strategy in Castle
and Hendry (2009). That paper proposed a framework to hanthege set of disaggregate variables
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with non-synchronous release dates. Here, we compute stsvof Euro-area GDP growth using a
small subset of data that is used to nowcast GDP growth biretthe data have varying release dates,
and we exploit the timely release of survey data to test foation shifts at the nowcast origin. Ferrara
et al. (2008) and Angelini, Camba-Méndez, Giannone, RunstidrReichlin (2008) propose the use of
bridge equations to exploit monthly data in forecastingrprly time series. In these models, each bridge
equation is a forecasting model for GDP growth conditionimgdifferent information sets. We utilize
the bridge equations in a different way, instead formingkoof variables to forecast the disaggregate
monthly series directly. The blocks group together vadahkith close linkages such that a break in
one series is likely to spread through to the other serieshlamy tests of breaks within each block. The
disaggregate monthly models are selected usgingpmetricsand the forecasts from these models are
used to compute nowcasts of GDP growth. Section 6.1 reviegvdata$6.2 outlines the methodology,
§6.3 discusses the model specificatio§®.4 reports the nowcast results, af&l5 considers the use of
judgement to distinguish between location shifts and nreasent errors.

6.1 Data

The appendix lists the data and sources, along with theftnamations undertaken to remove stochastic
trends, and the lag in releasing the data after the refeneaceh. We compute nowcasts for Euro-area
quarterly GDP growth(Ay;,), using the real-time data provided by EABCNuarterly observations
are indexed by, andr denotes the monthly index, with= 37. There are three releases of quarterly
GDP: the first flash estimate of Euro-area GDP growth is pbtisapproximately 43 days after the end
of the reference quarter, with two further revised releasdle following consecutive months. Hence,
guarterly GDP estimates fo are released at + 2, 7 + 3 andr + 4. We denote these 3 vintages of
data agy,” for the flash estimate;,” as the release in the month following the flash estimateyghds
the third release for the reference quaft&urvey data are more timely, published at the end of, or just a
few days after, the reference month. We assume all surveyadlatavailable at the end of the reference
month, so the publication lag is 0 for these indicators. ©tlag¢a such as industrial production, financial
variables, unemployment, etc. are released with an indiateelag of between 1 and 3 months.

We calculate the nowcasts over the period 2003Q2-2008®ihgga total of 20 nowcast observa-
tions. For each quarter, we compute 3 nowcasts of quartddl Growth, denoted horizon () for
the month at the end of the reference quarter, horizakis) for the month after the end of the reference
quarter, and horizon 33) for the second month after the end of the reference qudtehe end of the
reference quarteff,, survey data for the reference quarter will be availablé additional conditioning
information may not be available (although Google Trendsggssts a potential source as discussed ear-
lier). By Hs, the flash estimate of GDP will be available. Table 1 sumnearthe nowcast horizons and
the timing of GDP releases.

6.2 Nowecasting methodology

The nowcasts of GDP growth are computed in 2 steps. Firgtcémits of the monthly variables that are

released with a lag are obtained using a block selectioroapprbased on bridge equations. The standard
procedure in the literature is to use univariate time-semedels, but we use the automatic general-to-
specific selection procedure with 1IS to allow for covargass well as breaks that have occurred during

Swww.eabcn.org

SWe abstract from intra-period data in this application, tigtre is scope for using such data to update. For example, the
flash estimate of GDP is typically available 6 weeks afterethe of the reference quarter so weekly updates would incat@o
this information faster than monthly data.
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M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M1l M12

H, Hy, H
Ql b yi’? vy
H, H, H
Q2 b yﬁ vy
H, H, H
Q3 y;® 1 i yi’% y;®
Q4 M2 H H,

U1 V2 v3
Y Yt Yt

Table 1: Timing of nowcasts and GDP data releases

the in-sample period. The monthly variables are availakie varying publication lags so we use direct
forecasts to compute the required step-ahead forecastdtimg in a set of monthly forecasts for the
nowcast horizon. The forecast models are selected andatstimecursively using a 1% significance
level, so result in 60 monthly forecasts for the period 2063RD08M5.

Impulse-indicator saturation is undertaken jointly wittlextion of the forecasting models. If an
impulse indicator is found to be significant for the final alveéion in-sample, it is recorded. Although
the data are not as timely as survey data, significant impuwseld be an indication of either a location
shift or measurement error. Furthermore, for each of theeysrthat are available without a lag, we use
the actual realization, but we also test for impulse indicaat the final in-sample observation, again to
detect possible structural breaks. Adjustments can be noatlee nowcasts of GDP growth if there is
strong evidence of a break due to significant final-obsamatidicators. Adjustments will depend on
judgement as to whether the break detected in one or morggilesgate series is likely to be correlated
with a break in GDP growth: see section 6.5.

The second step is to compute nowcasts of GDP growth. Thrastegly time series are created for
the monthly variables. Denoting; = (z;,...,z)" as the past history of seriesg, the three quarterly
series are given by:

X3 = T7-2,L7r-5,Tr-8,---
T2 —

X3 = Tr—1,Lr—4,Tr-7,---
T3 —

Xy = T7yTr-3,Lr—6y---

such thatx;! corresponds to data in the first month of the quastgt,corresponds to data in the second
month of the quarter and;® for the final month of the quarter. All three quarterly se@es included in
the general unrestricted model (GUM) for GDP growth, thusiding the aggregation issue for monthly
data, and allowing all monthly data to be included in the tgryr model if all three series are retained
in the selection process. The nowcast models include aample data for the conditioning variables
and the latest available vintage of GDP growth. The modessalected recursively usifgutometrics
with IIS for each nowcast origin and each nowcast horizoaulting in 60 model specifications. The
nowcasts are then computed by plugging in the forecastshiset variables that are selected but still
unknown at the nowcast horizon.

The nowcasts are compared to the actuals which are givenebfinthal available vintage of data,
released in December 2008. Clements and Galvao (2008)sdisehich vintage of data to use for the
actuals depending on whether the forecaster’s aim is tadgtean early release, or later revised releases
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of the data, also see Corradi, Fernandez and Swanson (2808)the purpose of nowcasting which
aims to estimate the current position of the economy, etialyagainst the final available vintage seems
appropriate. However, revisions to the actuals will be amgand this may impact on nowcast accuracy
more towards the end of the nowcast sample.

6.3 Empirical Specification

We consider three nowcast model specifications includingduarterly benchmark models; [A] a uni-
variate model; [B] a model with covariates; and [C] the digagate approach outlined above. As all
models are selected recursively usgtometricsthe model specifications and parameter estimates will
change with each nowcast origin. Hence, we report the GUMifpations for each model.

[A ] As a benchmark, we compute the forecasts from univamabelels using just the quarterly GDP
growth data. The GUM for each horizon is given by:

Hi: Ay, = f (Ayfil, LAY AY LAY Ay, ,Ayfi4)
Hy: Ay, = f (Ayfil, LAY S AYP LAYy Ay ,Ayfi4)
Hy: Ay, = f (Ayfl, L Ayt AP ,Ayfﬁ‘l;Ayfﬁl,...,AyfﬁD (16)

Lags of vintages 1 and 2 are included in the GUM despite vintagata being available, as this
will pick up any benefits to forecasting the revision proceBBe vintages of data will be highly
correlated, but Doornik (2009a) demonstrates the vialbegnties ofAutometricsfor correlated
data. Note that only the GUM foff5 includes contemporaneous data as the flash estimate is
available by the third horizon. The nowcasts are computetl-step ahead forecasts from the
recursively selected models for each horizon.

[B ] As a second benchmark, we augment the information sef&@hwith conditioning variables.
The set of conditioning variables includes= (Aip;, Aipcy, ASCIy, Arsy, ACARS;, AMCI,,
AESI;, ACCI;, ARCI;, Aeery, Aeuroxy, Aoecdli;, AEUROCOIN;, Aury, Aml;, and
SPREAD;), and we use the quarterly time series of the monthly dafa ¢;2, z;*) for each
variable’ As all variables inx; are released with a 3-month lag or less, we include all virsadt
t—1,...,t—4. The nowcasts are computed as 1-step ahead forecasts faatthsively-selected
models for each haorizon.

[C ] The disaggregate nowcasts are computed as outlinectiiose.2. The first step is to compute
forecasts for the monthly variables that are available withg. Table 2 records the GUM speci-
fication, in-sample equation standard error, and root mgaars error RMSE) for each monthly
variable. The conditioning variables are based on the brigigecifications in Ferraet al. (2008).

The second stage is to select the nowcast models for qya@e&P growth. The GUM specifica-
tions for the three-horizon nowcasts of GDP growth inclsdel,” ., MC1,° ,, ESI,” ,, CCI,”
RC[:ﬁi, SPREA[:)LZ., Az‘p:il-, Az’pc;ﬂi, Arsiﬂi, ACARS:Q, Aeer:fi, Aeuroxiﬂi, Aoecdliiﬂi,
Aur;’ ,, AEUROCOIN’ ,, Am1}’ ,, fori = 0,...,2 andj = 1,2,3, an intercept and impulse
indicator dummies. This GUM is augmented with the laggededdpnt variables given in (17) for

"Third differences of the monthly covariated{z, = z, — z-_3) correspond to first differences of the quarterly series
(Azy =z — a7 ,,Vj=1,2,3).
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Forecast GUM Variables ESE RMSE

Aip,r AipT_g ..... T_lg;AipCT_g ..... 7_12;50177...77—_12;C;S;| 1.02% 1.32%
Aipc, Aipr 3. 7—12; Aipcr 3. 7-12; SCI; . +12;C;S)l 2.04% 3.83%
Ars; Arsr—g  r-12; ACARS; 9 +—12; Aipr—3 . r—12;

Aiper—g,. r-12;Cil 0.59% 0.63%
ACARS:  Arsr—a. . 7-12;ACARS; o +-12; Aipr 3, r—12;

Aiper—s,. r-12;Cil 2.81% 3.41%
Acer, Aeerr_1,. r—12; Aeuroxr_1,  r—12; SPREAD; 1, r—12;C;l 1.30% 1.08%

—

Aeurox, Aeerr_1,. r—12; Aeurox,_1,. r—12; SPREAD, 1 r_12;C;l 2.22% 3.33%
SPREAD, Aeer;_i. r—12;0eurox,_1. . r—12; SPREAD, i —12;C;l 0.14% 0.16%

Aur, Aury o r-12; D187 2 r—12; Aipr 3, r—12;

Aiper 3. 712, ESI; . +—12; Cil 0.35% 0.56%
Aml; Aml; g  7-12; SPREAD; 1, . ;—12; Aipr—3,.. r—12;

Aipcr 3, 712, Ars; o r_12; C}l 0.47% 0.89%

Table 2: GUM specification for monthly variables. C=intggteS=monthly seasonal dummies,
I=impulse indicator,ESE=in-sample equation standard error of selected mod®&SE=root mean
square error. Sample is 1996M5-2008M5, with 60 recursivectsts.

each horizon, resulting in 150, 151 and 152 variables in ta&@or H,, H» and H3 respectively,
plus an additional” indicator dummies.

Hy o Ayt Ayto Ay, Ay o3 Ay,
Hy Ayt Ayto; Ay, Ay o Ay, Ay,
Hz = Ay Ayt Ayl Ay Ay o Ays | Ay (17)

The models are selected recursively at the 1% significarves éd the nowcasts are computed
using:
AHk ~/__ S~ -~/
Ay =BX +7 X+ 6 1 (18)

wherex; denotes the retained variables that are knowrfat horizonk, x; denotes the forecasts
for the retained variables that are unknown &r horizonk and¢; denotes the retained impulse
indicators. For example, if the nowcast model fy retainedAip; this would be replaced with
the forecast/fz?at as industrial production figures are released with a 3 magtahd horizon 2 is
computed for the month after the nowcast horizon.

We compare 3 different disaggregate forecast methods;foFirst, we computex postnowcasts
taking the disaggregates as known, denoted [C1]. Henceetaihed variables will be in the s&t.
This provides a benchmark against which to assess the déggaig nowcasts, but will be infeasible in
a real-time setting. Second, we use the forecasts from tieedsting models reported in table 2, [C2];
and finally, we use a robust forecasting device to computdidaggregate forecasts given by the double
differenced device (DDD), [C3]. The DDD is given by:

T, = Lr—i (19)

for data released with laly The forecast device in (19) is robust to location shiftseohperiods have
elapsed after a break, but differencing will usually insethe error variance of the forecast.
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6.4 Real-time nowcast results

Table 3 reports the ratio ®@MSE for methods [B] and [C] relative to the univariate benchmiarddel
[A] (actual RMSE for [A] reported in italics).

A B C1 C2 C3
H; 0.2951 0.9823 0.4340 0.7994 0.7531
Hy 0.3056 1.2245 0.4808 0.6372 0.6222
Hs; 0.1486 1.0372 0.8320 0.8320 0.8320

Table 3: ActualRMSE for [A] and ratio of RMSE to the univariate benchmark model [A] for [B] and
[CI.

There are substantial benefits to using the disaggregaprdamh at all horizons. If the monthly in-
dicators were known at the nowcast origin, REISE more than halves for the horizons before the flash
estimate is released. However, as the monthly indicatersi@nown they must be forecast. Despite the
additional uncertainty in forecasting the indicators, RMSE is reduced by more than 20% A and
35% atH,; when more monthly indicators are known. B all monthly indicators are known (other
than industrial production which was not retained in the cast models) so all disaggregate methods are
equal. However, augmenting the flash estimate with montidicators still yields a 17% improvement in
RMSE. The differenced device for forecasting the monthly inthesyields a small improvement over
the forecasting models for [C2], despite the forecastinglei®including IS and recursive selection,
both of which should account for location shifts. There idoeaefit to augmenting the univariate model
with additional covariates at the quarterly frequency, anfl, it is costly, suggesting that the main ben-
efit of the disaggregate approach comes from incorporatigigeh-frequency data that is available with
more timely release dates.

Figure 2 reports the mean absolute nowcast emM#NE) andRMSE for each method at all three
horizons. TheMANE for the univariate models is large for horizons before thetflestimate is released,
but conditioning on covariates, even at the quarterly femgy, yields a substantial improvement. The
MANE is slightly larger for the disaggregate nowcastsiyy, but the smaller variance yields a smaller
RMSE. The RMSE of the disaggregate model with known covariates [C1Hatis as small as any
nowcast atHs which suggests that the flash estimate does not yield additioformation over the
monthly indicators; indeed, the flash estimate is likelydodition on the same information set.

Figure 3 records the nowcast errors over the 5-year nowesgistchfor each horizon (all panels have
the same scale). There is no systematic nowcast error foofatme models. Models [A] and [B] have
a higher variance, with model [A] producing downward biasedvcasts on average, but there is no
predictable component to the nowcast errors.MBy all nowcast errors follow a similar pattern.

To summarize, we find that using higher-frequency monthha da produce more timely nowcasts
of Euro-area GDP growth yields substantial benefits in tashiRMSE, particularly over short horizons.
The main benefits come from rapid incorporation of informatavailable at the monthly frequency,
accounting for outliers in the GDP growth models using imptihdicator saturation, and the use of
recursive selection and estimation to update the modeidlyapVe also find that there is little benefit to
using well-specified econometric models to forecast thethdpindicators as opposed to using a robust
forecasting device such as (19).
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Figure 2: Mean absolute error aRIMSE for nowcasting models
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Figure 3: Nowcast errors
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6.5 Measurement errors and structural breaks: the role of judgement

We now consider whether judgement can improve the nowcakirpgance of the disaggregate model.
Two possible explanations for poor nowcast performancéddoeimeasurement errors or location shifts:
section 5 discussed under what conditions it is possiblastinduish between these two possible ex-
planations. In our nowcast exercise, the flash estimate d® Gonly available inH3, so detecting a
measurement errax anteis very difficult as there is no revision process upon whiclbase the de-
cision. However, when it comes to forecasting GDP growthhbe new flash estimate and the past
revision will help to determine whether a shift is due to apenary measurement error or a more per-
manent structural brealEx post one can look at the revisions process to see how informegivisions
are, to more rapidly detect measurement errors versus redkchell (2009) demonstrates that the
weights placed on ‘hard’ and ‘soft’ indicators shift in timef structural change, so detection of breaks
is essential for the nowcasting model specifications.

Table 4 reports the magnitudes of revisions over the noweaston, wherey; is the final available
vintage (December 2008). Revisions between the flash estema vintages 2 and 3 are small. However,
revisions between the flash estimate and the final vintagenare than 10 times larger in absolute
value (in keeping with figure 1), suggesting that there absstuntial measurement errors in the first few
vintages of data, but there is little information contenthie revisions in the first few months. This
implies that even in a nowcasting context, detecting mesmsent errors close to the nowcast origin is
very difficult, and there is little additional informatiom ithe second and third vintage of GDP data.
Figure 4 provides more detail to the table, recording GDRvthrcover the nowcast period (given by
the final vintage) along with three revisions to the flashneste; the second vintage, third vintage and
final vintage. There is no systematic component to the m@visprocess over this period, so again the
information content to detect measurement errors usingetfisions process is limited.

Ay" — Ay® Ay — Ay® Ayt — Ay’
ME (%)  0.0045 -0.0059 :0.0674
SD (%)  0.0214 0.0391 0.1583

Table 4: Mean error (ME) and standard deviation (SD) of thésiens to GDP growth. Results for
2003Q2-2008Q1, reported as percentages.

We next assess whether we can use breaks in the monthlytimidi¢a detect structural breaks in GDP
growth. Impulse-indicator saturation at 1% is applied reimely to models for all the monthly variables,
including the surveys known at the forecast horizon, andsagificant final-observation indicators are
recorded. No significant impulse indicators were found ¢lvemowcast horizon folip,., SCI,, Ars;,
CCI., RCI,, Aeer,, Aeurox,, Aoecdli, and AEU ROCOI N, but significant impulses were found
for:

Aipe, = 2005(12);2006(1)

(
ACARS, = 2005(5);2005(6)
MCI, = 2003(12)
ESI. = 2003(12)
Aur, = 2006(4);2007(7); 2007(9); 2008(1)
Aml, = 2005(1);2005(6):2006(12)
SPREAD, = 2007(8)
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Revisions to GDP growth
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Figure 4: Revisions to GDP growth

Castle and Hendry (2009) propose a tighter significancé (6v&% < a < 0.1%) for selecting impulse
indicators. Using a 0.1% significance level we find signiftdarpulse indicators for:

Aur, = 2006(4);2007(7); 2008(1)
Aml, = 2005(6)

Figure 5 plots GDP growth against the retained impulse atdis atae = 1% for all covariates
aggregated to the quarterly scale. Visual inspection stgdkat there are no significant location shifts
in GDP growth over the nowcast period, so we cannot antieipiaat judgemental adjustments will
improve the nowcast performance in this example. Further,rétained dummies are not clustered
together,; if they were this would be stronger evidence favaation shift in GDP growth. We check
whether adjustments yield an improvement in the nowcasopeance using the rule:

Ay = (1 = Iy) Ay + L AYf (20)

I, is an indicator function taking the value 1 when an indicawmmy is retained for the covariatesy;
are the nowcasts obtained from [C2], af\g; is the DDD given by:

Ay2, for Hy
Ay =« Ay, for Hy
Ayt for Hj

Results are reported in table 5. The adjusted model has woreast performance at longer hori-
zons. This suggests that a tighter criterion is needed fathustment rule. Castle and Hendry (2009)
propose the rule thaj takes the value 1 whelnJ > p for a small integek wherep = Z;]:l 17 is the
number of impulse indicators retained at the nowcast ofigithe J known monthly covariates. In our
example this would be the surveys and as no surveys retaimékesrate = 0.1%, no adjustment should
be made.

In summary, distinguishing between measurement errorscgation shifts in a nowcasting context
is extremely difficult given the limited information set @edle. In the empirical example we consider,
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Figure 5: GDP growth and retained dummies for monthly indicate = 1%

Cc2 C2-adjust
H; 0.2359 0.2327
H, 0.1948 0.2146
Hs 0.1236 0.1603

Table 5:RMSEs for disaggregate nowcast model C2 and adjusted modeldfD&ta

the nowcast period does not span a period with large measutarrors or structural breaks. Extending
the analysis to incorporate 2008/2009 data may well yieldeniateresting results given the increased
uncertainty and location shifts evident in the most recerté .d

7 Conclusion

Nowcasting is not just contemporaneous forecasting sime@ise and timing of contemporaneous data
introduces importantly different aspects compareeixtanteforecasting. We first consider the four main
reasons for nowcasting, and their associated problems ssimgi data, measurement errors, changing
database, and breaks. Location shifts can induce nowdhstfebut interact with measurement errors
to make discrimination difficult in the available time hane

We develop the nowcasting strategy proposed in Castle andri@€2009) of building models by
automatic model selection methods (hArgometric$, using all available measures (possibly including
disaggregates, surveys, and on-line data), testing féisslsing impulse-indicator saturatioAutomet-
rics can allow for location shifts both in-sample and at the nawecaigin while still including all avail-
able covariate information by handling more variables tblservations. Although data are released at
varying times, this can be accommodated in our approachesméthod ensures that the largest available
information set is used at each nowcast origin.

Next forecasts are made of all variables that are releaghdhyiublication lag each period, switching
to robust forecasts of missing series when breaks are ddtelotit using a conservative strategy that
requires strong evidence of breaks. The available infdonand forecasts then combine to produce
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nowcasts of the desired variables. We apply a variant ofrtbwgcasting strategy to nowcast Euro-area
GDP growth. The application is illustrative of potentiairgmto reducindlRMSEs of flash estimates, and
we anticipate further gains by using more extensive infeionasets as discussed in the paper, especially
surveys and Google Trends data.

Initial estimates of economic data can have a substantigadtron expectations, plans, future activity
and economic policy, driving the need for accurate nowcaite apparent ‘break down’ of the ONS’s
current models, reported by tiénancial Timeson 25 July 2009, shows the difficulty of nowcasting in
times of economic uncertainty and structural change. A odlogy that is robust to such breaks is
needed in the current climate, and this paper demonstizaesttomatic model selection with higher-
frequency covariates, break detection, and robust forgcas yield gains in nowcast accuracy.

References

Angelini, E., Camba-Méndez, G., Giannone, D., Runsi®r, and Reichlin, L. (2008). Short-term
forecasts of Euro-area GDP growth. Working paper no. 948aan Central Bank, Frankfurt.

Ashley, J., Driver, R., Hayes, S.,, and Jeffery, C. (200%alihg with data uncertaintydank of England
Quarterly Bulletin Spring, 23—-29.

Castle, J. L., Doornik, J. A., and Hendry, D. F. (2009a). Ma#dection when there are multiple breaks.
Working paper, Economics Department, University of Oxford

Castle, J. L., Fawcett, N. W. P., and Hendry, D. F. (2009b)re€asting with equilibrium-correction
models during structural break3ournal of Econometricforthcoming, —.

Castle, J. L., and Hendry, D. F. (2008). Forecasting UK iidftatEmpirical evidence on robust forecast-
ing devices. In Rapach, D. E., and Wohar, M. E. (ed®jecasting in the Presence of Structural
Breaks and Model Uncertainty: Frontiers of Economics andlalization Volume 3pp. 41-92.
Bingley, UK: Emerald Group.

Castle, J. L., and Hendry, D. F. (2009). Nowcasting from gligagates in the face of location shifts.
Journal of Forecastingforthcoming, —.

Castle, J. L., and Shephard, N. (eds.)(2009)he Methodology and Practice of Econometrics: A
Festschrift in Honour of David F. HendrnyOxford: Oxford University Press.

Choi, H., and Varian, H. (2009). Predicting the present witlogle trends. Unpublished paper, Eco-
nomics Research Group, Google.

Chow, G., and Lin, A. L. (1971). Best linear unbiased intésion, distribution and extrapolation of
time series by related seriefhe Review of Economics and Statiste3 372-5.

Clements, M. P., and Galvao, A. B. (2008). Macroeconomiedasting with mixed frequency data:
Forecasting US output growtlournal of Business and Economic Statisties 546—-554.

Clements, M. P., and Hendry, D. F. (1996). Intercept coimastand structural changeJournal of
Applied Econometrigsll, 475-494.

Clements, M. P., and Hendry, D. F. (1998precasting Economic Time SerigSambridge: Cambridge
University Press.

Clements, M. P., and Hendry, D. F. (199%orecasting Non-stationary Economic Time Seri€am-
bridge, Mass.: MIT Press.

Clements, M. P., and Hendry, D. F. (2003). Forecasting inNa&onal Accounts at the Office for
National Statistics. Report no 12, Statistics Commission.

23



Corradi, V., Fernandez, A., and Swanson, N. R. (2008). médion in the revision process of real-time
data.Journal of Business and Economic Statistfcsthcoming.

Croxson, K., and Reade, J. J. (2008). Information and effoagieGoal arrival in soccer betting. Mimeo,
Economics Department, Oxford University.

Diebold, F. X., and Rudebusch, G. D. (1991). Turning poiegiction with the composite leading index:
An ex ante analysis. In Lahiri, K., and Moore, G. H. (edtgading economic indicators: New
approaches and forecasting recoyggp. 231-256. Cambridge: Cambridge University Press.

Diron, M. (2006). Short-term forecasts of Euro-area realPFG@powth: an assessment of real-time
performance based on vintage data. Working paper No. 62®pEan Central Bank.

Doornik, J. A. (2009a). Autometrics. in Castle, and Shegt{a009), pp. 88—-121.

Doornik, J. A. (2009b). Improving the timeliness of data wifLienza-like ilinesses using Google Trends.
Typescript, Department of Economics, University of Oxford

Emerson, R. A., and Hendry, D. F. (1996). An evaluation oéfasting using leading indicatournal
of Forecasting 15, 271-91.

Faust, J., Rogers, J. H., and Wright, J. H. (2007). News aiggrio G-7 GDP announcement¥urnal
of Money, Credit and Bankin@7, 403—-419.

Fawcett, N. W. P. (2008). Essays on econometrics and fdiega<d.Phil Thesis, Economics Depart-
ment, University of Oxford.

Ferrara, L., Guegan, D., and Rakotomarolahy, P. (2008). @®Rasting with ragged-edge data: A
semi-parametric modelling. CES working paper, 82, Pari®8kof Economics.

Fildes, R., and Ord, K. (2002). Forecasting competitionkeirtrole in improving forecasting practice
and research. In Clements, M. P., and Hendry, D. F. (edi€pmpanion to Economic Forecasting
pp. 322—-353: Oxford: Blackwells.

Garratt, A., and Vahey, S. P. (2006). UK real-time macro datracteristics Economic Journalll6,
F119-135.

Ghysels, E., Santa-Clara, P., and Valkanov, R. (2004). TH2N8 touch: Mixed Data Sampling regres-
sion. Mimeo, Chapel Hill, N.C.

Ghysels, E., Sinko, A., and Valkanov, R. (2006). MIDAS reggiens: Further results and new directions.
Econometric Reviewg6, 53—90.

Giannone, D., Reichlin, L., and Small, D. (2008). Nowcasgtifihe real-time informational content of
macroeconomic datalournal of Monetary Economic85, 665—676.

Gil, R., and Levitt, S. D. (2006). Testing the efficiency of nkets in the 2002 world cup. Mimeo,
Economics Department, University of California at SantazCr

Harrison, R., Kapetanios, G., and Yates, T. (2005). Fot#gpsvith measurement errors in dynamic
models.International Journal of Forecastin@1, 595—-607.

Harvey, A. C. (1993).Time Series Model2nd (first edition 1981) edn. Hemel Hempstead: Harvester
Wheatsheatf.

Harvey, A. C., and Pierse, R. G. (1984). Estimating missihgeovations in economic time series.
Journal of the American Statistical Associatiai®, 125-31.

Hendry, D. F. (1995)Dynamic EconometricsOxford: Oxford University Press.

Hendry, D. F. (2004). Forecasting long-run TV advertisirgenditure in the UK. Commissioned report,
Ofcom, London. http://www.ofcom.org.uk/research/tples/tvadvmarket.pdf.

24



Hendry, D. F. (2006). Robustifying forecasts from equilibn-correction modelslJournal of Economet-
rics, 135 399-426.

Hendry, D. F., and Clements, M. P. (2003). Economic for@egsiSome lessons from recent research.
Economic Modelling20, 301—-329. European Central Bank, Working Paper 82.

Hendry, D. F., Johansen, S., and Santos, C. (2008). Autorseltiction of indicators in a fully saturated
regressionComputational Statistic83, 317-335. Erratum, 337—-339.

Hendry, D. F., and Reade, J. J. (2008a). Economic forecpatid prediction markets. Working paper,
Economics Department, Oxford University.

Hendry, D. F., and Reade, J. J. (2008b). Modelling and fateéwg using model averaging. Working
paper, Economics Department, Oxford University.

Hendry, D. F., and Santos, C. (2005). Regression modelsdaiift-based indicator variable©xford
Bulletin of Economics and Statistj&&7, 571-595.

Johansen, S., and Nielsen, B. (2009). An analysis of theamali saturation estimator as a robust regres-
sion estimator. in Castle, and Shephard (2009), pp. 1-36.

Kitchen, J., and Monaco, R. M. (2003). Real-time forecasiim practice: the U.S. treasury staff’s
real-time GDP forecast systerBusiness Economic&0-19.

Koopman, S. J., Harvey, A. C., Doornik, J. A., and Shephard1809). Structural Time Series Analysis,
Modelling, and Prediction using STAMEhd edn. London: Timberlake Consultants Press.

Mitchell, J. (2004). Revisions to economic statistics. Quigsion report no. 17,
volume 2, april, Review by National Institute of Economic darSocial Research.
http://www.statscom.org.uk/uploads/files/reports/Riewns-vol-2.pdf.

Mitchell, J. (2009). Where are we now? The UK recession ametasting GDP growth using statistical
models.National Institute Economic Revie®09, 60—-69.

Mitchell, J., Smith, R. J., Weale, M. R., Wright, S. H., ande&ar, E. L. (2005). An indicator of monthly
GDP and an early estimate of quarterly GDP grovEconomic Journall15(501) F108-29.

Newbold, P., and Harvey, D. I. (2002). Forecasting comimneand encompassing. In Clements, M. P.,
and Hendry, D. F. (eds.A Companion to Economic Forecastingp. 268-283: Oxford: Black-
wells.

Reed, G. (2000). How the preliminary estimate of GDP is pceduEconomic Trends$56, 53-61.

Reed, G. (2002). How much information is in the UK prelimynastimate of GDP?Economic Trends
585 1-8.

Salazar, E., and Weale, M. (1999). Monthly data and shomt-ferecasting: an assessment of monthly
data in a VAR modelJournal of Forecastingl18(7), 447—62.

Stock, J. H., and Watson, M. W. (1999). A comparison of linead nonlinear univariate models for
forecasting macroeconomic time series. In Engle, R. F.,\athite, H. (eds.),Cointegration,
Causality and Forecasting: A Festschrift in Honour of Cli@eanger, pp. 1-44. Oxford: Oxford
University Press.

Walton, D. R. (2006). Dealing with data uncertainty. MFEtige slides, Department of Economics,
Oxford University.

Wolfers, J., and Zitzewitz, E. (2004). Prediction marketsurnal of Economic Perspectivek8, 107—
126.

Appendix

25



9Z

Label Description Source Period Transformation Lag release

Y; real GDP, million, constant prices [1] (yer.xIs) 1995Q1-2008Q4 2 2,3
1P, industrial production index (NSA) [1] (MI-B) 1990M1-2008M 2 3
I1PC4 industrial production index for construction (NSA) [1] (LD 1990M1-2008M9 2 3
SCI, service sector confidence indicator (survey) [1] (MI-GE) 95M14-2008M11 3 0
RS, retail trade index, except motor vehicles, constant prices [1] (MI-P) 1995M1-2008M10 2 2
CARS; new passenger car registrations, total [1] (MI-V) 1990MID2M10 1* 2
MCI; industry confidence indicator (survey) [1] (MI-FO) 1990M008M11 3 0
ESIT economic sentiment indicator (base=100) [1] (MI-FN) 1990RD08M11 3* 0
CcCly consumer confidence indicator (survey) [1] (MI-FS) 1990ROB8M11 3 0
RC1I, retail trade confidence indicator (survey) [1] (MI-GA) 1980-2008M11 3 0
EER, real effective exchange rate, CPI deflated, core group [1]EKD) 1993M1-2008M11 2 1
EUROX, Dow Jones Euro Stoxx Broad stock exchange index [1] (MI-DP) 994M1-2008M11 2 1
OECDLI, OECD composite leading indicator, Euro area, trend regtorg2] (CLI-AF) 1990M1-2008M12 2 0
EUROCOIN,; Eurocoin indicator [3] 1990M1-2008M12 1 0
URy unemployment rate, total [1] (MI-X) 1995M1-2008M10 2 2
M1, Index of notional stock, money M1 [1] (MI-FA) 1990M1-2008M1 2 2
3MT B 3-month interest rate, Euribor [1] (MI-DD) 1994M1-2008M11 1 1
10Y By 10-year Euro area bond yield [1] (gbrlOy.xls) 1994M1-20@3M 1 1
SPREAD; =(3MTB-10YB)/100 - 1994M1-2008M8 - 1

Table 6: Sources: [1] EACBN real-time database (www.eamgh. [2] OECD monthly indicators database (http://stasd.org/mei), [3]
CEPR database (from Bank of Italy) (http://eurocoin.aapf). Notes: MI-? refers to the monthly indicators spréwds, CLI-? refers to the
composite leading indicators spreadsheet and ? denotesltiran reference. NSA - not seasonally adjusted. Transfooms: (1) = AX,; =

(Xt — Xi—1); (1%) = A (X/1000000); (2) = Az = (In(X;) — In(X—1)); (3) = X;/10; (3*) = X;/100. Upper case denotes levels and
lower case denotes logs.



