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Abstract

This chapter describes the issues confronting any reatistitext for economic forecasting, which
is inevitably based on unknowingly mis-specified modelsiallg estimated from mis-measured data,
facing intermittent and often unanticipated location shifVe focus on mitigating the systematic forecast
failures that result in such settings, and describe the dvackd to our approach, the difficulties of
evaluating forecasts, and the devices that are more rolest shange occurs.
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1 Introduction

In this chapter, we review the recent literature on forengsthen there are unanticipated structural breaks,
or parameter non-constancies, and the forecasting modekispecified in unknown ways. We build on
previous research into forecasting in the face of struttur@aks, including our own recent contributions
Clements and Hendry (2006, 2008), as well as Clements andrii¢h998, 1999, 2002a). We consider
some of the key material in earlier reviews, as well as redemelopments, in order that the chapter can be
read as a stand-alone survey of the field.

The key issue we address is why forecasts are sometimesiiatecelative either to what might have
been expected based on the past performance of the particodiel in question, or relative to the forecasts
produced by an alternative model or method. Once we understhat causes poor forecast performance,
the possibility of improved forecasting models and metrardses. The central message is that unanticipated
location shifts are the key culprit. On the positive sidansamodels are less susceptible to such breaks
than others, at least after the break has occurred. ThesisgUerecasting breaks and during breaks are
considered in Castle, Fawcett and Hendry (2010), and Cé&stiecett and Hendry (this volume).

As argued in Clements and Hendry (2006), whether or not atsiial break occurs is as much a feature
of the model under consideration as of the process gengrtitendata. The example they present is the
structural change data generation process (DGP) of (Awdpews (1993):

Y = (po + a1ye—1 + - + opYi—p) + (HS +oqye—1+ -+ a;yt—p) St + &t (1)

wheree; ~ 1ID [0,02] (that is,|Independently] dentically Distributed, mean zero, varianeg), ands, is
the indicator variables; = 1) which equalsl whent > 7 and zero whemn < 7. A constant-parameter
p'"-order autoregression (AR)) for y; of the form:

Yt = po,1 T @11Ys—1+ -+ Qp1Yt—p + V¢ (2

would experience a structural break when the parametepwsbifts. Let¢p = (po aq . ..ap)/, o* =
(g af - ..a;;)' and¢; = (uo1 @11 -.-0ap1). Then the ARp) model parameters aiy = ¢ fort < 7,
but¢y, = ¢ + ¢* for t > 7. But if the forecasting model incorporated the terms whittkriact the existing
regressors with a step dumndy; defined byD; = s; = 1(;-.), then the extended model (letting =
Lyt y—p)):

Yi = ¢/17dxt + <l5/2,dXtDt + Vtd (€)

does not suffer a break &8/ , ¢}, ;) = (¢/ ¢*) forallt = 1,..., T, matching the data generating process,
DGP (see e.g., Hendry, 1996). 7

Breaks may be precipitated by institutional, politicalciat, financial, legal, and technological change,
and will generally be more comprehensible retrospectitiedy at the time of occurrence. In practice there
will always be events which are essentially unknowaiente which will then cause breaks in the param-
eters of a forecasting model. We typically assume that theether does not have knowledge of the process
determining the break. In terms of the above example, theeiisdjiven by (2), whereas the DGP—which
provides a complete description of the process up to a rartietarbance term—is given by (3). Hence
the forecasting models we consider will almost always bespeified for the DGP, and some will also
be mis-specified for the ‘local’ DGP (LDGP, which is the dedvDGP in the space of the variables under
analysis: see Bontemps and Mizon, 2008). Importantly, ker@aust change some aspects of distributions
relative to their previous forms, so are intrinsically ngtationary. Consequently, the precise timing of every



expectation is crucial to understanding the evolving meaasances etc., after a break. Strictly, expecta-
tions operators (denotef]-] below) should have time subscripts to denote the distobusiveraged over
as well as any conditioning information (e.&511[y7r+1|27] say), but unless otherwise stated, will refer
below to the variable whose expectation is being formgd ( in the example).

Whilst we consider forecasting in the presence of breaksduie unpredictable and of unknown origin,
the chapter by Castle, Fawcett and Hendry allows that thexg Im@ some advance information about a
break—for example, early estimates of some of the compsranan aggregate may be available which
carry information about the break—and they discuss thelgmubthat arise from such early estimates being
less reliable measures than later estimates. The chapReibklin discusses nowcasting.

The plan of our chapter is as follows. In section 2, we briedlyiew approaches to assessing forecast
accuracy. This provides useful background material, amia@gs why we focus on the impact of breaks
on the expected squared forecast error, and therefore fraunh of the discussion of accuracy in terms of
forecast bias and forecast-error variance. Section 3 itbesca general framework for analyzing various
aspects of the forecasting problem that may contribute reectst error: at the most basic level, these are
that the model may not capture important features of the DIEPDGP may itself be non-constant; and the
form and unknown coefficients of a forecasting model willshéeebe specified, selected and estimated from
the available data. The key findings hold for general claséesodels, and not just for specific DGPs and
forecasting models. For example, any model which exhilgjtslérium-correcting behaviour will generate
sequences of systematically biased forecasts consegpentaushift in the equilibrium mean of the DGP.
Section 4 focuses on the forecasting models that have bgarigoan time-series econometric modelling
in the last quarter of a century, and fleshes out the possiblecas of forecast error when there are various
forms of structural break. We also consider forecastingodsvthat are likely to be less adversely affected
by breaks.

The next two sections allow that macro-variables are ugaglyjregates (section 5), but may be available
at a higher frequency (section 6), so we consider whethegfthets of breaks on forecasts can be alleviated
by forecasting the disaggregated components or by timgglisgation. Section 7 reviews recent empirical
research on forecasting that averages over many diffepestdsts to try and obtain more accurate forecasts
in the presence of general forms of instability and modelspiscification. Averaging takes place across
forecasts from (i) different forecasting models and fosticg methods; (ii) different specifications of es-
sentially the same forecasting model; and (iii) modelsestied on different estimation samples, including
recursive and rolling forecasting schemes. It is not alwagar why such averaging might work beyond
the usual arguments advanced in favour of forecast combmathich do not tend to stress instability, so
we also revisit Hendry and Clements (2004) who analyze pgaind instability, albeit in simple models.
We also review forecasting with factor models when thereimstbilities. Finally, section 8 concludes
the substance of this review with an analysis based on tashifts coming from data revisions. A key
reference is Patterson (2003), who explicitly consideesdita measurement process along with the DGP,
and shows that equilibrium-mean shifts and forecast faitan result from using different data vintages to
estimate models and generate forecasts. Given the re¢ergshin real-time data analysis and forecasting,
we include a review of this literature in so far as it relatedteaks: Croushore (this volume) provides a
review of real-time forecasting. Finally, section 9 offemme concluding remarks.



2 Assessing forecast performance

2.1 Specific loss functions

In principle, forecasts should be evaluated in terms ofrthvaiue’. Suppose, following Diebold, Gunther
and Tay (1998), a user of a forecast has a loss fundtiofu, y.+1), wherea, refers to a specific action,
andy;+1 ~ f (y¢+1) is the future value of the random variable drawn from theritiistion f (). The optimal
a; 1 is chosen to minimize expected lagigenthe forecast density; 1 (y:+1), So:

ap; = arg miH/Ll (at,1,Yer1) et (Yer1) dyerr (4)
a;,1€A

The user’s expected loss is given by:

E[L: (a;pytﬂ)] = /Ll (af,pytﬂ) f (Ye41) dypgr- %)
Given any loss function; (-), the forecaspy; (y:+1) will be preferred to; 2 (y¢+1) if:

E (L1 (afy (Pea (ye41)) s yer1)] < E[L1 (a7 (Pr2 (e41)) s Yer1) ] (6)

where the notation; ; (p:; (y)) makes it plain that; ; is the optimal action for forecast ; (y).

Although attractive in principle, relatively common in raetology (see, e.g., Katz and Murphy, 1997,
and Katz and Lazo, this volume), and occurs in empirical iea(see, e.g., Leitch and Tanner, 1991,
1995), there has been little decision-based forecast &vatuin macroeconomics. The reasons for this are
readily apparent when considering the assumptions (whiclude a constant distributiofn(-) over time)
and the informational requirements that underpin the amiyn (6). The latter include knowledge of: the
disutility emanating from actions taken today)(in future states of naturey(, ;); and the whole predictive
distribution (as opposed to simply a point forecasj;qf;). Moreover, the ranking between any two forecasts
Pt (Y1) andpy 2 (yi41) usually depends of; (.), so relative comparisons of forecast performance are
ruled out unless the specific form of the loss function is edreDieboldet al. (1998) show thaf (y;1)
will dominate for all loss functions, but this is far removigdm the situation that confronts the practical
forecaster. In the absence of well-defined mappings betfoeeoast errors and their costs, macroeconomic
forecasting has relied almost exclusively on general-psggoss functions such as squared error loss, or
absolute loss, or on relatively simple ways of allowing unpiediction and over-prediction of the same
magnitude to be penalized at different rates (e.qg., thexlifoss function of Varian, 1975).

2.2 Limitations of MSFE-based measures

Mean-squared forecast errdd$FE) based measures remain the dominant criteria for assessingaay*
For a vector of variables, the accuracy assessments arbased on th&1SFE matrix:

Vi =E [eryneryy] =Vlerin] + Elerin) E e, (7)

whereer ., is a vector ofh-step ahead forecast errors. Clements and Hendry (199®)teladthis approach
is not without its problems, because such measures mayraakiance to non-singular, scale-preserving,
linear transformations for which the associated modekdm#wvariant. Consequently)SFE comparisons

1This section is based on Clements and Hendry (1993).



may result in inconsistent rankings of the forecast peréoroe of different models for multi-step ahead
horizons across different transformations of the varslieg., levels or differences). This is true whether
we consider summary scalar measure¥gf such as the trace or the determinant, or the whole matyix
(e.g., whether thtISFE matrix differs from that of a rival model by a matrix that isgive definite).

The problems that arise can be illustrated with the follgninear forecasting system:

x; =7+ Ix;-1 + v, where v, ~ IN,, [0,9,], (®)

which is similar to the models we consider in section 4. Herés ann-dimensional vector of variables;
is an independent normal error with expectatitj;] = 0 and variance matri¥[v;] = Q,. Equation (8)
can be written in stacked form as:

Ps; =1y 9)

wheres; = (x},1,x;_;), and® = (I, : —7 : —I'). Then the likelihood and generalized variance of the
system in (9) are invariant under scale-preserving, nogesar transformations of the form:

M®P 'Ps;, = My,

SO:
&*s; = v with v ~ IN, [0,MQ,M']. (10)

In (10),s; = Ps;, M andP are respectively. x n and(2n + 1) x (2n 4 1) known non-singular matrices,
where|M| = 1, andP is the upper block-triangular matrix:

(I, Py
p-(% 22 )

IMQ,M'| = [, (11)

with |Pag| # 0. Then:

This means that forecasts and prediction intervals madeiotiginal system (9) and then transformed after
the event tax; are identical to those made directly using the transfornystesn (10). This remains true
when parameters first have to be estimated, provided thmeasti is equivariant (e.g., maximum likelihood).
For example, if a system is estimated faron x;—; by full-information maximum likelihood withAx;
obtained by an identity, then the forecadtg ;, of Axp.j, are identical to those obtained from modelling
Ax; onx;_1 with X; obtained by identity.

Consider now the properties of measures baséd pfor transformationd andP. For transformations
involving M only (so thatP = I»,.1), the matrix measur®;,, and the determinant are invariant, but the
trace is not: see e.g., Granger and Newbold (1986). Forftnanations using?, and withM = 1,,, neither
the determinant nor thRISFE matrix are invariant foh > 1.

Invariance taP transformations can be achieved by accounting for coveegubetween different step-
ahead errors. This gives the generalized forecast-eroomgemoment matrixGFESM, which is close to
predictive likelihood: see Bjgrnstad, 1990) defined as:

!/
@, =E[E,E},],
whereE,, stacks the forecast errors up to and includingteps ahead:
E/ N -~/ -~/ -~
r = \YT1 T YT42/T0 - 5 YT+ h—1T YT 40T | -

6



Then,|®},| is also unaffected bi¥I transforms, since denoting the vector of stacked forecestsefrom the
transformed model biz; :

~ ~

| ! =~/ ! =~/ !/ !
h = [VTJrl\TM Vpgor M- VM 7VT+h|TM] )

we have:
(«ih‘ - (E [Ehﬁg” = |E[E4E}] |,

since|l,, ® M| = 1. The property of invariance provides a unique measure foremgnodel independently

of its representation. However, beyond this, GEESM is not especially compelling, and there may be
computational issues, especially when there are onlyivelatsmall-samples of forecasts, as it requires the
estimation of a square matrix of ordef. For further discussion, see Newbold, Harvey and Leybourne
(1999). Consequently, we follow the literature in using [glien accuracy measures.

2.3 Relative accuracy

The forecasts of a model of interest can be assessed rdtative forecasts of a rival model or a benchmark
model, either formally as described by Clark and McCrackieis (olume) and Giacomini (this volume), or
informally by simply calculating the ratio of tifdSFEs orRMSFEs. Assessments of accuracy of this sort
are useful in determining the relative accuracy of two orenmmiodels when confronted by events, such as
structural breaks, to which the forecasts are robust terdifft degrees.

Rather than assessing forecast performance relative ttoftlaarival, the accuracy of the forecasts can
also be compared relative to what would have been expecsatilmn the past fit of the model to the data.
This idea underlies tests of predictive accuracy which can@pn estimate of the forecast-error variance ob-
tained from the past residuals with the actM@FE: see jnter alia, Chow (1960), Christ (1966) and Hendry
(1974, 1979) for early developments, and the recent carinis by Clements and Hendry (2002b) and Gi-
acomini and Rossi (2009), who define a forecast breakdowic@sring when a model has a significantly
worse out-of-sample performance than in-sample, judgesbhye loss function.

3 Forecast-error taxonomies

Before considering specific DGPs, local DGPs (LDGPs), anetcfisting models such as vector autoregres-
sions (VARSs), we describe the forecast-error taxonomy ant&énts and Hendry (2006). They start from the
premise that models are mis-specified for DGPs which areestiti) breaks, and that the models’ param-
eters typically have to be estimated from the data. From thésy deduce the possible sources of forecast
error that might occur. Their formulation is ‘model free), the sense that particular specifications of rela-
tionships are unnecessary. They obtain a taxonomy camgisfiseven main sources of forecast error, and
partition those by whether or not the source of error has geaation that has a mean of zero over the
relevant forecast horizon. Thus, as explained below, tken@my distinguishes between breaks affecting
‘deterministic’ and ‘stochastic’ variables, both in-sdepnd out-of-sample, as well as delineating the other
possible sources of forecast error, including model meziigation and parameter-estimation uncertainty,
all of which might interact with breaks.

The interested reader is referred to Clements and Hend86(20611) for a formal development, while
for setting the scene for the remainder of this chapter, baladescription of the main sources will suf-
fice. Firstly, consider structural changes to the detestiomcomponents of the LDGP, specifically, location



shifts. These include changes in intercepts or the paramefdinear trends, etc., and depending on the
setup, can often be mapped into changes in equilibrium maaddong-run growth rates (as in the fol-
lowing section). These will change the average future whfethe outcomes, relative to the unchanged
forecasts of the model, and so will induce forecast bias.eHee refer exclusively to forecast-period lo-
cation shifts, and assume that all in-sample shifts have begectly modelled. When this is the case, a
non-zero mean forecast error implies that a location shitdccurred. Hence location shifts play a crucial
role in systematic forecast failure.

The other type of break is a ‘stochastic break’. A simple gx@mvould be a shift in the autoregressive
parameter of a first-order autoregression. Such breaks mapap not cause forecast bias. For example, if
the process is zero-mean, then the shift in the autoregesgarameter will not induce bias, although higher
moments will be affected. As shown in (e.g.) Hendry (200@)c¢lsastic breaks can be hard to detect, and
need not have any noticeable effects on the accuracy ofdstgcalthough they could lead to important
distortions in economic policy if incorrect partial derives of policy variables were used following a
stochastic break.

The first two sources of error reflect developments over trectst period, with the model matching the
LDGP in-sample. The third source of forecast error arises fimis-specification of the deterministic factors
in the model relative to the LDGP in-sample. This form of mecification may arise from unmodelled
in-sample shifts, possibly resulting from ‘conventionalis-specification such as the omission of a relevant
variable that undergoes a mean shift. When all the in-sadgtkerministic terms, including all shifts in the
LDGP, are correctly specified, then this component is zerds-dgecification of in-sample deterministic
factors ought to be detectable by rigorous testing (see BaiRerron, 1998), or by the recent approach
of impulse-indicator saturation (see Hendry, JohansenSamios, 2008, and Johansen and Nielsen, 2009,
summarized in Castle, Hendry and Fawcwett (this volumejuieato correct for this potential source of er-
ror will cause systematic bias. The fourth source arisas fras-specification of the stochastic components,
such as selecting the wrong lag length. In the example of tsiedider autoregression, an AR forecast-
ing model would be stochastically mis-specified if the LDGBra&van AR2). Some forms of stochastic
mis-specification will not cause forecast bias. This wouddthe case for an incorrect choice of lag for a
zero-mean process, and generalizes to multivariate models

The fifth forecast-error component results from data measant errors, especially forecast-origin in-
accuracy. When the data are accurate (especially impatahe forecast origin), then that source is zero,
but the converse is not entailed, as this term can be zerbgastuse the data are mean zero. Related issues
are discussed in section 8. The next source arises whenwnkmodel parameters are replaced by esti-
mates derived from the data. Biases in estimation couldnéatl not, induce a systematic forecast error.
The main impact of estimation uncertainty will be on the &@st-error variance.

The last term is the unavoidable and unpredictable LDGPvainan error, which is the smallest achiev-
able in the class given the information used. This final texnmiikely ever to be zero in any social science,
although it will often have a zero mean by construction imgke, and will usually be unpredictable from
the past of the information in use. As with estimation uraiety, the main practical impact is through
forecast-error variances.

It is worth emphasizing a number of aspects of the discussitmns section. First, the key distinction is
between whether the expectation of any particular comg@memce is zero or non-zero. Systematic forecast
bias will not result in the former case, and these sourcesretést error will affect higher moments of the
forecast-error distribution, such as forecast-errorararés. Conversely, if a non-zero mean error results
from any source, systematic forecast errors will ensueoi@#y, the breaks which are most harmful from a
forecasting perspective—those that induce non-zero nrears-eare ones which will be most easily detected.



This is true of in-sample deterministic mis-specificatioasd is equally true after the event for forecast-
period breaks. ‘In-sample forecasts’ will be poor immeeliatafter the change has occurred and will be
detectable using standard tests. Stochastic breaks mspmdfications have little impact on mean forecast
errors and will necessarily be harder to detect. Thirdlg, tdixonomy suggests that to the extent that it is
possible to ‘design’ models that have no deterministic seitimen systematic forecast errors emanating from
changes in, or in-sample mis-specification of, determimismponents can be avoided, an insight that is
developed in sections 4.5.2 and 4.5.3 below to yield rolmrsthsting devices. The taxonomy applies to any
model form. Below we consider its application to the ‘workée model of macroeconomic forecasting.

4 Econometric models versus robust forecasting models

Acknowledging that many macroeconomic time series aregrated in their (log) levels, the standard
paradigm in modern econometrics is to build models in thédifferences of the series, whilst incorporat-
ing the long-run information, or equilibrium relationshjghat may exist by virtue of linear combinations of
the series being integrated of order zar@{). We believe that this is a realistic description of the g/pé
forecasting models that have emerged over the last qudréecentury. However, economic processes will
also typically be perturbed by periodic non-constanciestife reasons discussed in the introduction. When
breaks near the forecast origin take the form of locatiofishihey have a pernicious effect on forecasts,
often inducing systematic large errors, which we refer téoascast failure. More generally, any models
which have well-defined long-run or equilibrium solutionsl e susceptible to that problem: as shown by.
e.g., Clements and Hendry (2006), this is true not only oftmadely-used models of the conditional mean,
but also of popular volatility models, such as the autoregjve conditional heteroskedasticity (ARCH)
model of Engle (1982), and its generalizations (sger alia, Engle and Bollerslev, 1987, Bollerslev, Chou
and Kroner, 1992, and Shephard, 1996; and Bera and Higg®®8, nd Baillie and Bollerslev, 1992 on
forecasting).

We assume that the economy can be reasonably well apprednigt vector equilibrium-correction
models (with acronym VEqQCMSs), so variables can be modelketeng driven by a reduced number of
common stochastic trends (see, e.g., Nelson and Plos#2, E@gle and Granger, 1987, and Johansen,
1988). We assume that breaks and non-constancies that baween sufficiently far in the past will have
been detected and ‘modelled’, if only by the inclusion of doynvariables. For this reason, we concentrate
on breaks at or around the time the forecasts are made, intordbarpen the analysis. We recognize that
gradual drift in parameters, or more evolutionary changegy not fit well with these assumptions, and
consider those in section 7.

Forecasting in cointegrated vector autoregressions (YARthe absence of breaks has been discussed
by Engle and Yoo (1987), Clements and Hendry (1995), Lin esay11996) and Christoffersen and Diebold
(1998),inter alia. Yet however well a model performs in-sample, nothing catloade a location shift at,
or after, the forecast origin, and that is the focus of thitiea. We consider the effects of such breaks
on the properties of forecasts from models that incorpoegtglibrium relations, namely, VEqCMs, and
also consider a related forecasting model which is largatyst to the class of breaks that are shown to be
particularly detrimental to VEqQCMs. The analysis draws den@znts and Hendry (1996, 1998, 1999), and
considers the ‘differenced VEqCM’ of Hendry (2006) as a wayobustifying the forecasts from the VE-
gCM class when there are structural breaks. The forecemt-&xonomy discussed in section 3 suggested
that location shifts were likely to be the main determindrgystematic forecast failure in practice, and for
that reason, we first consider this type of break. We themvdllo more general breaks, and assess the likely



impacts of these on the different forecasting models. FSesttion 4.1 describes the DGP and introduces the
notation.

4.1 Data generating process

We write the in-sample DGP as an augmented first-order VARh®™ variables of interest,, integrated
of order one (denoteldl), possibly after taking logs), with stationary variableg; (which are unknowingly
omitted from all models) as:

x; =1+ Lox¢—1 + Yoz, + 14 (12)

wherev, ~ IN,, [0, ©2,], denoting an independent, normally distributed innovaéioor with variance matrix
Q,. Also, Ty and Y aren x n andn x k matrices of coefficients, ang is ann dimensional vector of
intercepts, where the zero subscript denotes a populatoangeter value. The specification in (12) is
assumed constant in-sample ovet 1,...,T, and the system is assumed to satisfysthe n cointegration
relations:

To=1,+ apf) (13)

In (13), ap and By aren x r full-rank matrices, no roots dI — I'yL| = 0 lie inside the unit circle (where
Lxy = %), andag, | Tofp, 1 is full rank (n — r), whereag | andp,  are full column ranka: x (n — )
matrices, Withagao,L = 5,00, = O (see e.g., Johansen, 1992). Additional lags do not mdyestiect
the analysis so are omitted for simplicity. Let:

oo = (I, + o)) a0 = ao (I, + Byew) = apWo. (14)

In a cointegrated system¥, corresponds to the eigenvalues Iaf which are strictly less than unity in
absolute value, s@} — 0 ash — oo.
Using (13), (12) is reparametrized as tf@ VEqQCM:

Ax; = 10 + aofoxi—1 + Yo (2t — Yo) + vt (19)

In (15), all of Ax;, B;x; andz, arel(0), but may have non-zero means. Howe®n 5 x;] = E[fjAx;] =
0, as it is the average growth of &) variable. Sincé |z, — o] = O:

T0 = Y0 — Qofho (16)
then (15) can be rewritten as:
Axy =0 + ag (Byxi—1 — po) + Yo (z — o) + 1 (7)

whereE [Ax;] = vo. Although (17) characterizes the in-sample DGP, the iiyatdr is only modellingk;,
unaware thag; are relevant. Moreover, although (17) is constant in-sampé allow for location shifts at
(or near) the forecast origin at tin¥é. Again for simplicity, we assume th&{x;_1 — o) and(z; — )
are orthogonal, although nothing material depends on tradition.

4.2 Forecasting models

The model postulated by the forecaster is first taken to bentsemple VEqQCM:

Axy =7+ a1+ € (18)

10



wheree, ~ IN,, [0, 2], and this is estimated from data (possibly mis-measured) timeT" as:
Axr =Ty + @(T)BET)XTA (19)

where subscripts in parentheses show the estimation saifipd® a sequence of 1-step forecasts is gener-
ated by:

AX7yhy1Ten = T(1) t a(T)B\ET)XT—i-h (20)
for h = 1,2, ..., with the possibility that parameter estimates are updasettie forecast origin increases:
&T-i—h-i—l\T—i—h = T(14n) + a(T-i—h)B\ET_;_h)XT-I—h (21)

A multi-step forecast might be used, as noted below.

4.3 The impact of location shifts on VEqCMs

Within this framework, Clements and Hendry (1998, 1999,&08nd the discussion in section 3, all point
to a shift in the vector of equilibrium means, denotedV ., = 11, — o, being the most pernicious change
from a forecasting perspective. Heyg, denotes the post-break equilibrium mean. Althougha, and
Q, could alter as well in practice, reasonable changes to tlagsly entail the same magnitude of forecast
failure: see Hendry (2000). Shifts i, the underlying growth rate, could also be included, and ii
discussed below.

Following a change t@ at the forecast origin (tim&’) the DGP becomes:

Axpi1 =70+ ao (Byxr — 1p) + Yo (2041 — o) + vrga (22)

so adding and subtracting, x in (22):

Axri1 =0 + ao (Boxr — po) — Vg + Yo (zr41 — o) + vrga (23)

which isolates the parameter non-constancy in the teemV . in (23). To establish the ‘pure’ effect of a
location shift, we temporarily abstract from all other cdirgtions, including estimation, data measurement
errors etc., so the constant-parameter forecadbgf , ; is assumed here to be given by (24) rather than (20):

AAXT+1|T = 0 + ao (Boxr — o) - (24)

Thus, the forecast uses known in-sample population pasmétstimation uncertainty is re-introduced
below) and the model is correctly specified pre-break With= 0 in (17), and the only sources of errors
are the location shift and the innovatiof ;. Under these assumptions, the bias (or expected errorgof th
1-step ahead forecast error is given by:

E |:AXT+1 — &T+1‘T:| = —Oé()v,UEk) (25)

which, from (23), corresponds to the unanticipated changAsty,; relative to the constant-parameter
setting. Importantly, one period later:

Axri2 =70+ a0 (BoXr+1 — po) — oV + vre (26)

S0 using:
AXpyory1 = Y0 + o (ByXT41 — o) (27)
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the mean error remains the same as in (25), namely:
E [AXTH - &T+2|T+1] = —aoV 15 (28)

Thus, systematic forecast errors result, and these aréfyossry large, ag: relates tg3jx which can have
a large mean, whereas the errors relatAq which as a growth rate is bound to be relatively small.

4.4 Forecasting by a double-differenced device

There are two closely related approaches to avoiding fetdadure by improving robustness to location
shifts:

o forecasting from a double-differenced device (denoted D@bich adjusts quickly to breaks;

o differencing the VEQCM in (17) to eliminate the equilibriumean and growth intercept.

In this section, we only consider the DDD. The DDD does nagrafit to fit the data in-sample and
consequently will have a larger forecast-error varianem tf18), but this will be partially offset by lower
parameter estimation uncertainty (cf. Clements and Heri®98, chap. 12). However, when a break occurs
after forecasts are announced, the DDD will fare no beti@n the VEqQCM in terms of forecast bias (see
Clements and Hendry, 1996, 1999). The key difference betvlee two lies in their performance when
forecasting at any point after a break has already occuimedghich case the VEqCM continues to perform
just as badly in terms of forecast bias as shown in (28), vesettee DDD forecasts are less affected by the
earlier break, as we show below. Differencing the VEqQCM isvahin section 4.5.3 to also reduce forecast
biases when there are shifts;ig.

The DDD is the so-called ‘naive’ forecasting rule:

Axpypiijren = Axrop (29)
reflecting that most economic time series do not continyoastelerate, so:
E[A’x] =0 (30)

(hence the epithet DDD). Thus, despite its simplicity, (88)ivers unconditionally unbiased, but noisy,
forecasts wher; is I(1), or isl(2) with a zero mean (wher; is 1(0), only single additional differencing
is required). In comparison to (28), one period after thekyr¢he forecast error using the DDD forecast
ET+2|T+1 = Axr41, Wwhen the DGP is given by (22) witlfy = 0, is:

— AN < / *
U041 = Axrio — AXpiorir = Y0 + ao (ByXr1 — 1) + vrse — Axry

/
= afByAxry1 + Avyyo,

where we have usefixr; = v + oo (B)xr — 1) + vr41. As By = 0, the forecast bias is now given
by:

E [Uriori1] = E [a0ByAxri1 + Avrgs] = aoBE [0 (Bhxr — 15)] = —ao (Bhewo) Vg (31)
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Since Bja corresponds to the stationary roots of the system, the &egbéestep error of the VEqQCM
from (28) is necessarily larger than (31), although the bfasie DDD forecasts is not zero. However, the
sequence of-step DDD errors that would be madeperiods after the shift occurred is:

E [Axrin — Axpypirin-1] = —ao (B') L ZAvT; (32)

whereW is defined in (14). This outcome compares increasingly featay to the persistent VEqQCM bias
—apVy; as the forecast horizamincreases.

There are a number of related ways of viewing the forecastiragess of DDD relative to the VEqQCM
even though the DDD is mis-specified for the DGP both pre arstHpeeak, and is a non-congruent model
of the process (in the sense of, e.g., Hendry, 1995). Thesadmthat double differencing:

(a) removes up to two unit roots, any intercepts and linesrds;

(b) changes location shifts to ‘blips’ and breaks in treradsripulses, thereby almost ensuring the absence
of deterministic terms;

(c) does not introduce any estimation uncertainty.

Although (29) will still suffer forecast failure when largdanges inu occur, it adjusts to breaks, whereas
the VEQCM fails to do so. In the next section, we consider tioperties of forecasts from the VEqQCM and
the DDD when the LDGP is subject to general forms of non-amgst, and in so doing shed further light
on the reasons for the success of differencing as a robuestesting device.

4.5 General non-constancy

Having highlighted the differential effect of a locationfslon the forecasts of a VEqCM and the DDD, we
now consider the case where all the parameters shift, tdiglgtee taxonomy discussion in section 3, so for
h =1,2..., after the break, the DGP becomes:

Axpyn =5 + b ((6) %rin-1— o) + X5 (2rn — ¥5) + v (33)

45.1 VEQCM forecasts

The forecasting model omits relevant variables, becalise4 0, although that is unknown to the investi-
gator, but as the omitted variables are orthogonal to tHaded variables, the in-sample forecasting model
errors are given by, = Y (z; — vo) + 4. Let the VEqCM forecast be:

AXrynireno1 = Ay + &) (BET)XTMA - ﬁ(T)) (34)
so that ifwr 74,1 denotes the forecast erros8y 7,1 = Axryp — AA>cT+h|T+h_1 then:
W rih—1 =70 + @ ((8) X 4n-1 = 15) + X0 (2008 — 05) + vrin
=) — 1) (5ET)XT+h71 - ﬁ(T)) (35)

Thus, the forecast error could consist of all the main sauioferror set out in section 3:

(i) stochastic and deterministic breaks—changes in parasrbgrmultiply stochastic terms: @ndg), and
changes in deterministic terms &ndu);

(i) omitted variables—the forecast omits any influence ftam, , — 1§);

(iii) inconsistent parameter estimates for both stochastic etetrdinistic terms—if the omitted variables
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were not orthogonal to the included variables, or in-sardpla measurement errors occurred;

(iv) estimation uncertainty—the forecast is based@®n), a(r), B(r), Ii(1)) rather than the population values
of these parameters;

(v) innovation errorse ; and

(vi) forecast origin measurement errors—if the data the fotesanditioned on are also measured with
error: see section 8.

To highlight the impact of the break, we again replace abkample estimates by their corresponding
pseudo-true parameter values, assuming no in-sample dat@easurement, and orthogonal omitted vari-
ables, so in fact (e.g.E[v()] = "o etc., leading to the sequence of 1-step ahead forecast ersahe
forecast origin increases after the bréak:

W hi -1 = Y0+ ((80) Xrh—1 — 16) + X6 (2r1n — ¥5)+vren—r0—0a0 (BoXr -1 — po) (36)
To calculate the average forecast error, weket 3y, and USEE [zr;, — ] = 0 so that®
E [Wrinrsn-1] = Vo — aoVig + VagE [Boxrin—1] (37

whereVag = o — v, and:

h—2

E [Boxrsn-1] = (¥5)" " o — > (W5 Boopis-
s=0

This last expression comes from:
/ / / / /
Boxrin—1 = (1 + Byeg) Boxr+n—2 — Boagrs + Bovrth—1,

with W4 =1 + a5, andE [B)x7] = po, usingsyyg = By = 0.

The expression for the bias of the VEqQCM forecasts, (37)taios additional terms relative to (28).
One comes from the change in the growth rate, while the fimal teill be zero when the weights on the
cointegrating vectors remain unchanged over the breakthalbther problems inij—(vi), especially data
mis-measurement and parameter estimation variancesuwiler increase forecast error uncertainty.

4.5.2 DDD forecasts

In comparison, for the same DGP, consider forecasting ftwerXDD two or more periods after the break
occurred. Hence, fdi > 1 we useA?xp. 7441 = 0, OF:
AXpyprin-1 = AXpppo1 (38)
to forecastAx ., with the resulting forecast er@¥_j, 7,1 = Axp i — Axpypryn—1, Whichis (even
keepingg; fixed atfy):
Uy rin-1 = + % (Bo'xr4n—1 — 1) + X5 (2r4n — U5) + vrgn

= [ + of (Bo')r4h—2 — 1) + X5 (2r4h—1 — ¥5) + vryn—1]
= OCS/BOIAXTJrhfl + TSAZT+h + AZ/T+h. (39)

2By fixing the model’s parameters at their in-sample pseude-talues, we are not updating the model as the forecash orig
moves further past the break: Cagttenl. (2010) discuss updating in that context.

As (85) x14+i—1 and Byxr1;—1 cannot both bé(0) when the cointegrating vector changes substantivelypnditional ex-
pectations are then not well defined, so weZet S here.
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UsingE [Azp,,—1] = 0, we derive the expected forecast error as:

E [Qrinrin_1] = apBo'E [Axp 1] = —apBoas o> Vig (40)

where we have used the expression EQfyx7.,—1] derived in the previous section. Inspection of (40)
reveals tha’rﬂﬂh‘ﬂh,l suffers decreasingly small forecast biaseshdacreases, whereas the corre-
sponding VEQCM faces systematic forecast failure from.(37)

The crucial insight, and the reason why DDD fares so welltisadeto the VEqQCM, is that the DDD
forecast valueAxp.,_1, for h > 1, is given by the DGP itselfrrespective of what is known by the
economistsinceAxr, 1 is:

Axryn-1 = + of (Bo'xrph-2 — 15) + X5 (2r1h-1 — U§) + Vrih—1 (41)

From (38),Ax7, 1 must equal all the right-hand side terms, so already embadli¢he breaks, unknow-
ingly omitted variables etc., so automatically incorpesatodel mis-specification and parameter change,
without the forecaster needing to know the causal variaiMébe structure or contents of the DGP. Thus,
the use ofAxy ;1 avoids all of the problem@)—iv) above:
(i) all stochastic and deterministic breaks are included;
(i) it contains the unknown influencesy. ;,_1;
(iii) the new population parameters are correctly embodied:;
(iv) there are no parameters to estimate, precluding estimatiogrtainty.
Forecasting is a fundamentally different activity fromheit modelling, where a formal specification that is
close to the LDGP is essential, or policy, where causal kadgé and constant (indeed invariant) identified
parameters are both paramount: delineating such influesoes necessary for forecasting.

Against these major advantages, the drawbacks to using(88)
(a) the unwanted presence ®of, ;1 in (41), leading to the differencing of the innovation erend a
doubling of that contribution to the forecast-error vadganand
(b) all variables in (41) are lagged one period relative ®@GP, adding ‘noise’ from many—1) effects.
Thus there is a trade-off between using a carefully modé/EdCM like (34) (which might nevertheless
still be mis-specified and non-constant), and the ‘naivetimtor (38): when forecasting in the face of many
location shifts for DGPs that are more complicated than tloelehy Ax7,;_; can often be a dominant
forecasting device. Sufficiently long after a break [s@ large), (40) converges to zero, so that forecast
failure is a temporary phenomenon in this regard, and (38)only fail to outperform the VEqQCM if the
variance effects are sufficiently large. Nevertheless, ®Des not really ‘forecast’: rather it closely tracks
outcomes after the event.

4.5.3 The Differenced VEqCM

Since developing a VEQCM for forecasting involves consitiér investment, and unlike a DDD has both
potential policy applications and could forecast, we adeisforecasting not from (17) itself, but from the
difference of the estimated congruent representationgham

~

A2XT+h\T+h—1 = A/')\/(T) + a(T)A (BET)XTJrhfl - ﬁ(T)) = a(T)ﬂET)AXTJrh—l (42)

with the rank restriction from cointegration imposed. (42h be interpreted as augmenting the DDD fore-
cast (38) by ‘adding back’ the main observable componenttethby using just the lagged first difference,
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namelya(T)BET)AxTM,l. Since zero-mean shifts in parameters do not have a majetefh forecast
accuracy, such a strategy is likely to have some benefitsievear g change.
Alternatively, (42) can be written as:

&T+h\T+h—1 = AX7ip-1 + a(T)B\ET)AXT—i-h—l = (In + a(T)Bfﬂ) AX7ip-1 (43)

Thus,Axp,_1 in (43) can also be interpreted as a highly adaptive estinwdte in (17), whereu is then
also approximated by the previous value of the cointeggatombination,3’xr.,_2, SO both parameters
are replaced by ‘instantaneous unbiased estimators’.nG8&), ath > 1 whengs; = fo:

A’xpyp = afB' Axryn—1 + Y5Azrn + Avpyy (44)

then from (44), Ietting/}\T+h‘T+h71 = AQXT+h - X2\XT+h‘T+hfl:

UL h|T+h—1 = (06356 - @(T)ﬁfT)) Axrip1+ YoAzr o + Avypyy

revealing that the forecast error consistd(ef1) terms. To clarify the outcome, take the case whye-
B(ry andary = g (SO estimation uncertainty is ignored), leading to:

E [6T+h|T+h—1] = Va?)ﬁ(’ﬁ [AXTJrh—l] = - (V@S) ( 6063) ‘I’S_QVMS (45)

Changes imy are unlikely to be large, so (45) will generally be small, ancany case declines as the
forecast origin moves past the break point. Since the chamtie ‘loadings’, Vg, is likely to be smaller
than their post-break valueg, we would expect a smaller bias from (45) than from (40)

Like a DDD, the DVEQCM in (42) has no deterministic terms (eapnstants or linear trends, and
hence does not equilibrium correct, thereby reducing #iesrattached to VEqQCMs. However, although it
will produce noisy forecasts, smoothed variants are etwmilyulated if desired. When there are no locations
shifts, the ‘insurance’ of differencing must worsen forgaccuracy and precision, so is a clear cost to using
this strategy. Conversely, if location shifts do occurfadiéncing can pay handsome dividends, as is evident
from comparing (45) to (37).

5 Disaggregation over variables

In this section, building on Hendry and Hubrich (2009), wasider whether forecast failure can be miti-
gated when there are parameter non-constancies by maléngf asy available disaggregate information,
extending the literature that considers these issues ialtbence of structural breaks (see, e.g., the literature
cited by Hendry and Hubrich, 2009, especially Giacomini 8¥ite, 2006, and the review by Litkepohl,
2006). The variables of interest in macroeconomic for@mgstill often be aggregates: e.g., GDP is an
aggregate of components, most of which are in fact themselggregates (e.g., disaggregated consumer’s
expenditure, or output components). In recent years, ggtge over geographical regions, such as Euro-
area aggregate measures across individual member statesdeeived increasing attention, although there
has been little direct work on the best forecasting strateghat context when models are unknowingly
mis-specified and there are structural breaks. Two foriecpstrategies are of particular interest:

i) aggregating the forecasts of the disaggregated comp&nen

i) forecasting the aggregate directly.
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We first deduce the implications of changing the informasehby adding disaggregates, then investigate
the extent to which the two forecasting strategies diffeemwbonfronted by an unanticipated break.

Unpredictability is relative to the information used, soemhthe process to be predictedyis =
h; (Z;—1) + 4, with 1, a non-degenerate vector random variable unpredictable refipect to the infor-
mation setZ; 1, predictions of no greater accuracy will result from a remtumformation set; | C Z;_1,
although the predictions will remain unbiased (see Clemant Hendry, 2005). The converse holds for
increasing information.

When the conditional distributioDys , (y7.,,|-) is the target of interest, one form of increasing the
information set is to disaggregate a variagjeinto its componentg; -, and then to add those disaggregates
to the information set. Disaggregating the aggreggtito its componentg; ; extends the information set
from J;_1 toZr_1 by including both the past aggregate and the disaggregatesannot lower, predictability
of the aggregatg?.. Consider a scalayf to be predicted, composed of:

Y1 = W1, TH1Y1,T+1 + W2 T41Y2,T+1 (46)

with weightswy 71 andws 741 = (1 — wy,741) for each of the two components, where the weights may
change over time, but could be fixed.
Let the DGP for the aggregate be:
Y =X 10 + up
and its components:
Vit = Xy_1%it + €t
Sso:

Eria [yir+1 | xr] = x7%i,m41 (47)
which is the conditional expectation of each compongnt,; and hence is the minimum mean-square
error MSE) predictor. The subscripf + 1 in E7.; denotes that the expectation might be time-varying, for
example, from structural change in the prediction pertog.denotes the general set of variables up to time

T, including lags of the aggregate and disaggregate compopéthe aggregate, as well as other variables.
Then, taking conditional expectations in (46), aggreggtite two terms in (47) delivesr 1 [y3_, [x7]:

2

Eria [yf1 | xr] =Y wiriaBrin [y | x7]
=1
2

/
= E Wi T+1X77Yi,T+1
i=1

2
= Z X/T'Y:,TH = Npy X7 (48)
i=1

By way of comparison, consider predicting , , directly fromxz:

Ersi (Y541 | xr] = 07 1% (49)

Then as the left-hand sides of (48) and (49) are the samegedbaright, hencé’., x7 = A\, X7 Vx7.
Thus, the two approaches have the same prediction error:

yr+1 — Erqa [yfg1 | xr] = urpa (50)
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which is unpredictable from7: once the general information set is used, predictingr.; directly is the
same as aggregating the component predictions.

In practice, if either the weights; 7 or the coefficients of the component modglg_; change more
than the coefficients of the aggregate mablgl ;, predicting the aggregate directly including disaggregat
information can be more accurate than aggregating the coempgredictions. This might be the case if
some of the disaggregate components are volatile and dnerdifficult to predict, or covariances between
disaggregates lead to a more stable aggregate. On the atherihthe weights and the coefficients of the
disaggregate models do not change much, the disaggregaiebeareasier to predict. Then aggregating
the disaggregate predictions could improve over predictire aggregate directly even when disaggregate
information is included. Thus, the key issue in aggregagdiption is not predicting the component changes,
but including lags of those componentsif. This result implies that weights are not needed for agdirega
the component predictions, and also saves the additiofat ef specifying disaggregate models for the
components, at least for the purpose of forecasting theeggtg (the disaggregate models and predictions
might be of interest in themselves).

5.1 Disaggregating when there are unanticipated breaks

Lety; denote the vector of disaggregate variables, with typileahenty; ;. We assume that; is (0), and
that the in-sample DGP is the stationary first-order VAR:

vi=¢p+Iyi1+e for t=1,...T -1 (51)

wheree, ~ 11D [0,€2] and the unknown parameterg, {I) are constant, but have to be estimated. It is
convenient to write the DGP in mean-deviation form:

yt —Elyd] =yt — ¢y = (yt-1 — @) + & (52)

whereg, is defined byE [y;] = ¢ +TIE [y; 1] = ¢ +1I¢, = ¢,. However, as above there is an (unknown)
break just before the forecast originAt— 1, so the following analysis extends the derivations in Hgndr
and Hubrich (2009) to forecasting from an origin one perifidrahe break:

yrin =@ +Iyrin1 +erqp for h=0,...H (53)

although the process stal)®). Note thaty;, ¢t = 7,7 + 1, ... is non-stationary, witlt [yr] = ¢* + IT*¢,
andE [yr41] = (I, + IT*) ¢* + (I1)* ¢, etc., converging ofE [yr4s] = ¢ = (I, —II*)~' ¢* as
h — oo.

Assuming a break &t — 1, rather than a forecast origin break as in Hendry and HUl§g609), may at
first sight appear a minor change, but turns out to have irmapbdonsequences for the use of disaggregate
information compared to forecasting the aggregate. Whetteak occurs at the forecast origin, structural
breaks (both unmodelled location shifts and slope charajésjt both methods of forecasting the aggregate
equally. Hence the relative forecast accuracy of aggnegatie disaggregate forecasts, and forecasting
from the model for the aggregate, is unaffected. As showoviehis is not the case for the earlier break. In
retrospect, this is similar to what was shown above when eoimg the DDD and VEqCM: they produced
identical forecast errors for a break@iwvhen forecasting” + 1, but not when forecasting' + 2 one period
later.
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5.2 Aggregating disaggregated forecasts

We assume the disaggregated forecasts are based on anestwazion of the in-sample DGP using data
up toT — 1. other possibilities are that each disaggregate could lexdst using univariate time-series
models; or indeed from models with additional explanatasiables. Our assumption focuses the analysis
on structural breaks. The forecasts of the disaggregabes tihe estimated version of (52) based on the
forecast originy (possibly measured with error, relativeste) are given by:

Yriir = ng +10 (?T - $y> (54)

The variable of interest is the aggregate, dengfedvhereyf = w'y;, with w the vector of weights, so that
the error in forecasting the aggregatesig,, ;7 = w'y7r 1 — W'yr41r which can be written as:

werir = [w/qﬁz - w/qASy} + [w/H* (yr — qbZ) —WJ'TI (?T — qu)] +weryy (55)

Assuming the relevant moments exist, WeEEﬂAI] = II. and E[$y] = ¢y The forecast-error taxonomy
is formed by decomposing the forecast error in (55) into tetinat reflect parameter shifts, parameter mis-
specifications, and the estimation uncertainty of the patare—see table 1. The decomposition uses
(L, — M), andy* = (I, —II*)¢}; and from (83)Elyr] = ¢* + 11", = ¢+ (L, —I1*)(¢ — b,) = ¢} —
IT*(¢;, — ¢, ). Terms with non-zero means will contribute to the bias offtrecast and are shown in bold.
All entries will be discussed below, where they are compé#rdtieir counterparts from a decomposition of
the forecast error resulting from a model for the aggrefjate.

Table 1: Aggregated disaggregate forecast-error taxonomy

w/€T+1\T =
W' [In — (1‘[*)2 —II. (I, — H*)] (gb; — gby) (ia) equilibrium mean change
+o' (IT* — I0) (yr — E[yr]) (ib) slope change
+w' (I, — 1) (py — dy.e) (ila) equilibrium mean misspecification
+w' (II - IL.) (yr — E[yr]) (iib) slope mis-specification

/ -~ o _pe - . -
+w (Ij —1II,) ((by,e - gby) (iiia) equilibrium mean estimation (56)
—w’ - He) (Y7 — dy.e) (iiib) slope estimation
—w'T, (yr — Y1) (iv) forecast-origin mis-measurement
o (T -1, (gEy - qby’e) (va) covariance interaction
—w' (I —T1I, (Yyr—y7) (vb) mis-measurement interaction
+w'eryq (vi) innovation error.

“As the DGP id(0), the dependence of the estimated parameters on theokestvation i0,,(T~1), as can be seen by ending
estimation afl’ — 2, so is omitted below.

19



5.3 Forecasting the aggregate directly by its past

The model for the aggregate is assumed to consist solely ef@lanation based on its own past. Given the
DGP (51), the implied model for the aggregate is:

Y =Wy + W (yr—1 — ¢y) +w'e =7+ K (yf ) — 7) + 1 (57)
wherer = w'¢,, such tha{(r, ) orthogonalize(1, (y{ | — w'¢,)) with respect ta, so:
v =w (IT — kL) (yi—1 — ¢y) + e (58)

which is not an innovation with respect $_;, a potential loss from using the aggregate model (57), pos-
sibly offset by the reduction in parameter estimation uraiety from having only2 parameters to estimate
compared to(n + 1).

The forecasts from (57) are:

Yryyr =7 +E@T —7)
wherey}. = W'y at the forecast origin, whereas the forecast-period ag¢gddDGP is:
Yy = W'y +WIT* (yr — ¢)) + w'ery1.
Letting w’gb; =7 andvr i =y — ghw denote the aggregate model forecast error, then:
Uppr = (77 = 7) + J'II* (yr — qbZ) — k@ —7) +wers (59)

The derivations of the taxonomy are similar to those forddbl Terms in bold letters again denote those
that need not be zero under unconditional expectationsybuld be zero if no shift in the mean occurred
over the forecast period when a well-specified model was fiteetaccurate forecast-origin measurements.

Table 2: Aggregate forecast-error taxonomy

gT+1\T =

w’ [In - (1‘[*)2 -k (L, — 1‘[*)} (qb;; - gby) (Ia) equilibrium mean change

+w' (IT* —II) (yr — E[y7]) (Ib) slope change

+(1—=k)(T—7e) (lla) equilibrium mean mis-specification
+w' (II — kL,) (yr — Elyr]) (Ilb) slope mis-specification
+(1—=R)(Te —T) (I1a) equilibrium mean estimation (60)
— (kR —kr) (Y} — 1) (I1lb) slope estimation

-k (Y3 —Y%) (IV) forecast-origin mis-measurement
+(k—R) (e —7) (V&) covariance interaction

+(k —R) (¥} — %) (Vb) mis-measurement interaction
+w'ers (V1) innovation error.

The key finding from comparing the sources of forecast errdalbles 1 and 2 is that the impact of the
equilibrium mean shift is not the same in the two cases, arilik a break af’. It will only have the same
effect whenII, = kI,,: when this condition holds, there is no loss of informatiocont using the aggregate
model, as is evident from the expression for the aggregatiehwror term (58). Whenever the aggregate
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model is mis-specified relative to aggregating the disagges, the equilibrium mean change will affect
the two differently. Since the impact is mediated by the nkpes parameter, the relative size ¢d)(and
(la) cannot be determined without putting more structure orptioblem. Secondly, the impact of a slope
change (absent an equilibrium mean change) is the same fwdh@xonomies, i) and (b). Hence, there
may or may not be a benefit to combining disaggregate fored¢asforecasting an aggregate when there
are breaks.

Consider now the other terms that might be expected to Gomérito forecast bias. The first of these
is mis-specification of the long-run mearita() and {ia). Provided the in-sample DGP is constant and the
model is well specified, these terms ought to be zero in eafientwhether we aggregate forecasts from
the disaggregate model, or if we forecast using a model feratjgregate. The other term is data mis-
measurement at the forecast origiv) @nd (V). This would impact differentially in the two taxonomies if
say, the disaggregate variables, but not the aggregate,subject to non-zero-mean measurement errors.

In the absence of equilibrium mean shifts, the choice batwige two approaches will depend on the
trade off between the lower estimation uncertainty of thgregate model (which as here will typically have
few parameters to be estimated relative to the disaggregatkl) and the degree to which the aggregate
model is mis-specified for the DGP.

5.4 Using robust methods

In this section, we consider whether there is any benefititgusbust methods such as DDD in this context.
Firstly, consider the aggregated disaggregated foredastbove, the shift occurs @t — 1, so that:

yr =¢" +I'yr_1 + er

and the DDD forecast is given by:
Yriir = Yr- (61)
Denote the forecast error of the disaggregates using DOYa$7 = y7+1 — Yr417°

Urpr = ¢ +Iyr +ery1 — yr
=" +Iyr+ep1 — (" +Myr_1+er) — (¥yr—yr)
=II"Ayr + Aer1 — (Y7 — y7) -

Then the error in forecasting the aggregate is:

Wl =W Ayr — ' (J7 — yr) + W' Aerpa
= W'II* (IT* - 1,,) V¢, + W'IT* (Ayr — E[Ay7]) — &' (§7 — y7) + W' Aeri

where the decomposition in the second line comes from:
Ayr = (IT" = 1,) (yr-1 — ¢}) +er

and so:
E[Ayr] = (IT" = L,) E [(¢y — gb;)] = (II" - I,) Vg,
The resulting taxonomy is given in table 3.
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Table 3: Aggregated-disaggregate robust forecast-eaxanbmy

Wl r =
W'IT* (IT* — 1,,) (¢} — ¢,) (ia) equilibrium mean change
+w'II* (Ayr — E[Ay7])  (ib) slope change

+0 (iia) equilibrium mean misspecification

+0 (iib) slope mis-specification

+0 (iiia) equilibrium mean estimation (62)
+0 (iiib) slope estimation

—w' (¥ —y7) (iv) forecast-origin mis-measurement

+0 (va) covariance interaction

+0 (vb) mis-measurement interaction

+w' Aeriq (vi) innovation error.

Relative to the earlier taxonomy using the in-sample modette disaggregates (table ljaj, (iib),
(iiia), (iiib), (va) and {b) all become zero, despite the ‘mis-specification’ of the Diabthe LDGP. Con-
versely, the LDGP disturbance is differenced (doublingcthraribution of this source of error to the forecast-
error variance),\i). Consider now the effects of breaks. If we assume Iiiat~ II, so that the change
in the slope is ‘small’, the equilibrium mean changg - ¢,) is multiplied by approximatelyI,, — IT) in
table 1, but in table 3 involves the prodddt (IT* — I,,), which is more than halved [se&)]. Unsurpris-
ingly, the robust forecast device reduces the impact otimeahifts. Next, ib) (slope effect), now involves
the actual new paramet&f* rather than the change, but again is multiplied by a zeroantean, which
will be small in general ag; is 1(0).°> Finally, (iv) (forecast-origin mis-measurement) enters unweighted by
the coefficient matrix. Castle, Fawcett and Hendry (2009) @astle, Hendry and Fawcett (this volume)
consider ways of improving the accuracy of initial estinsafier forecasting when location shifts have just
occurred.

Suppose instead that the aggregate is forecast directlg asiobust forecasting device such as DDD:

Yrir = Ut (63)

Becausey}. = w'yr, this is identical to aggregating the DDD forecasts of treaggregates, although for
other robust forecasting devices, such as the DVEqCM, tjussalence will not hold.

6 Time disaggregation

In this section, we next allow for the possibility that dataynie available at a higher frequency than usually
modelled, and consider whether that can be exploited tetdtffe effects of breaks on forecast performance.
Castle and Hendry (2008) show that although higher-frequelata may enable the earlier detection of
breaks, it is otherwise unhelpful in terms of mitigating #ifects of breaks one period later, when the target
variable is measured at the lower frequency. By more rapidljing ahead’, the forecast origin passes

the break for the higher-frequency data before it does shememporally-aggregated data, which should

SIT* can be decomposed into the sequeREe = (IT* — IT) + (IT — IL,) — (ﬁ - 1‘[6) + TI but little insight is added as
there always remains a ‘level’ component, and none of trerimediate terms enter (61).

22



be advantageous unless the ‘signal’ is swamped by measaremer in the most recent higher-frequency
data. However, we show that when the break has already ectthe use of time-disaggregated data can
improve forecast accuracy.

In what follows, we assume the DGP is at the level of the tinsagljregate, or higher-frequency, data,
as otherwise there could be no benefit from temporal disggtiom, and that the forecasting model ei-
ther matches the DGP, or only uses lower frequency data-edugdiGhysels and Kourtellos (this volume)
consider forecasting models that mix data frequencies.

Lety, (y,) denote the variable of interest ald(z,) denote the vector df explanatory variables with

elementsz; ; (z;,), wherer = 2t for7 = 1,...,T + H (e.g.,7 denotes semi-annual as against annual
frequency), although the implications hold for any everWheny is a flow variable, the (equally scaled)
time-aggregated variablg, = (y, + y-—1)/2, for 7 = 2,4,6,.... We consider ari(0) autoregressive

distributed-lag DGP at the level of the time-disaggregatadables, which has constant parameters in-
sample, so that foy.:

Yr=p+pyr—1+ B2 +e for r=1,...,T -1 (64)

wheree, ~ IN[0,02], and|p| < 1. Our analysis extends that of Castle and Hendry (2008) lbgdaoting
the break one (half) period before the forecast origin,erathan at the forecast origin, such that:

Yrn = 1+ P yrin—1+ (%) z2vin-1 + erqp for h=0,1,... . H (65)
although the process is again assumed to remf@jnAlso, let:
zZr =7 +Tz2, 1 +e,, forr=1,...,7T-1,
with ¢, = (I, — I')~14,, and:
zy+h =7 + T2y 1+ e, ryn forh=0,1,..., H,
with % = (I — I*) 7.

In section 6.1, we compare forecasts based on the disaggdedata with forecasts when only the
time-aggregated data are available.

6.1 Forecasting using disaggregates versus aggregate datane

We can write the in-sample DGP in mean-deviation form byrtgléxpectations in (64) to give:
Ely:] = p+ pElyr—1] + BE[z—1] = p+ poy + B¢ = oy,
which defines the long-run in-sample mean as:
oy =1=p)" (n+59:) (66)
By direct substitution:
Yr =Sy =p(Yr—1 = ¢y) + B (2ro1 —¢2) +e for T7=1,.... T — 1 (67)
Letting ¢, = (1 — p*) (w* 4 (8*)' ¢%) denote the post-break equilibrium mean, then from (65):

Yrin — Oy = p* (Yren-1— ¢5) + (8%) (zysn—1— %) +exyn for h=0,... . H (68)
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As we wish to forecast the time-aggregated outcome, = (yr+2 + yr+1)/2, consideryy;1 andyy 9!

yre1 =05+ 0" (yr — &) + (B%) (v — ¢%) + exs1 (69)

yreo2 = &5+ 0" (yr41 — 9}) + (B%) (zr41 — ¢F) + €x42
= ¢y + (0" (yr — &}) + (0" (BY) + (B°)'T*) (zr — &)
+ evia + prerir + (B%) e (70)
where we have substitutedr — ¢% = T (zy — ¢%) + €2 v+1.
The actual value ofr, ; is, from averaging (69) and (70):
Y=y +p" (L+p") (Ir - &)
+ [+ p") (8 + (87 T] (@Zr — 6%)

- %p* (1+0") (yr—1 — o)
5 1) (8 + (8 ) (v — 62)
+ % lexto + (14 p) exyr + (B ez v 1] (71)

This expression allows us to compare a number of strategssdoon different assumptions about informa-
tion availability.

Suppose that the DGP is known, i.e., that the break was patéd and that the new post-break param-
eters are known. When data through, 1, zy,, are known, the only source of forecast error%kng,
which is the error in forecastingy 2. Secondly, when only data through are known, the forecast of the
aggregate is calculated by combining thstep forecast (ofr,1) and the2-step forecast (ofjv2). This
will worsen predictability, as the three error terms on tlé&tdm line of (71) all contribute to the forecast
error. Thirdly, when only time-aggregated data are avhilatine forecasting model necessarily omits the
terms in the third and fourth lines of (71), and so is infetaggregating the disaggregated forecasts. How-
ever, the aggregate forecasting model will not have the gmrameters as in the first two rows even under
correct-specification, because the omitted (biannualpbbes will be correlated with the annual variables.

In keeping with our general approach in this chapter, supposv that the break is not anticipated, but
the in-sample parameters are known (to highlight the bré@icte In this case, the disaggregatednd
2-step ahead forecasts are given by:

§T+1\’I‘ = (by +p (Z/T - ¢y) + ﬁ/ (ZT - (bz)
Urior = by + 0> (yr — &y) + (pB' + BT) (zr — ¢2),

so the combined forecast of the aggregate is:

§T+1\T = ¢y +p(1+p) Ur — dy)
+ [(1+p) 8" + BT (Zr — ¢.)

p(L+p) (yr—1 — dy)

[(L+p) B+ BT] (zr-1 — ¢2) (72)

N =N =
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The forecast using only the time-aggregated data is given by
Yriur = ¢y + 0" (U — @) + (8 (@r — ¢2) (73)
where the superscriftin (73) denotes a population parameter value in the in-saumaidel:
yt:¢z+p (ytl Qb) (/Ba) (Zt—1—¢g)+ut: tzl?"'aT_la
which delivers the best fit (in population).
Consider the forecast erroiig. 17 = Jy1 — Y417 @Vduri1r = Yry1 — Yrr1r- FOI the former:
Upi1yr = Gy — by
+ 0" L+ 0" @r — ¢y)] = lp (L+p) @ — ¢y)]
+ [(1+p*) (8% + (8 T7] (@r — ¢%) — [(1 +p) B' + BT] (@r — ¢2)

- % " (L4 p") (yr—1—¢)) —p(1+p) (yr—1 — ¢)]
AL+ (B 4 (BT v = 63) — (L ) B+ 8T (1 — 62)}
+ % [6T+2 +(1+p")eryr + (ﬁ*), 62,T+1] (74)

We write the ternyy_; — ¢, as:

yr—1— ¢y =yr—1 — Elyr—1] — (¢} — ¢y)
to isolate the effect of the equilibrium mean shift. Simifafor zy_; — ¢, substitute:
zy—1 — ¢, =zv—1 — E[zr_1] — (¢ — ¢2).
Since:
Elyr] = 1" + p"Elyr—1] + (8) Elzr—1] = u* + p* ¢y + (8%) ¢- (75)
whereas [yr_1] = ¢y, so that:

(W + (1 +p") by + (87 ¢2),

N —

1
Elyr] = 5E(yr +yr-1) =
then the term$y, — ¢,) and (7, — ¢}) are:

Ur — ¢y) = [Yr —E[@r]) + (E[¥r] — ¢y)]
(Ur — ¢y) = [@r — E[r) + (E[Hr] — ¢y) + (¢4 — 65)] -

We decompose the termi*ry in the same way, then writ%énuT as:

Up1|r = [1 — 3o (1+p* )] (¢>* ¢>y)
P (1+P ) —p 1+ p) Yr — E[yr])
pra+p) —p(l+p)](E [ ] by)
(1 + ) (B%) + (8) T*] (¢% — ¢2)
p*) (8°) = (14 p) B+ (8*)'T* = BT| (zr — E [27])
p*) (B*) = (1+p) B’ + (B*)' T* — BT (E[zr] — ¢2)
(1 + p*) lyr—1 — Efyr—1]]
(1 +p) (yr 1 by)
1+p%) + (B*)'T*] [zy—1 — E[z27-1]]
1+ p) 5' + 5T] (zy-1 — <15z)
expo + (L+p)exsr + (B €z,Y+1]

-

+ +
’:’:

(76)
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The first term is the change in the equilibrium meanypthe second is the zero-mean slope change; the
third is the non-zero mean slope change (bec#&lge| # ¢, ); terms (4) to (7) are the matching effects for
z; and (8)—(11) are all zero in expectation.

Consider the aggregated model forecast eﬁpL”T =Yryq — §T+1\T' where the forecast is given by
(73). To further focus the analysis on breaks and time-disagation, we assume thét= 0 in the DGP, so
that thez, variables are absent. We can then derive the in-sample gtapulvalues of the parameters of the
aggregate model ag' = %p (1+ p) andgy = ¢, (see Appendix). Then the forecast error becomes:

Up i = Gy — Py

+ 0" (1 +p") (I — ¢;) — lp(l +p) Ur — by)

2
- %p* (1+p*) (yr-1—¢})
+Slera (14 ) erp] 7

As before, expand the tergx 1 — ¢% asyr 1 — ¢}, = (yr—1 — E [yr_1]) — (¢}, — ¢,), and substitute:
(yr — ¢Z) = [(Wr — E[Hr)) + (E[ur] — ¢y) + (¢4 — ¢Z)]
@r — ¢y) = [Ur — E[yr]) + (E[yr] — ¢y)] -

Then:
~ 1 1
Ur+r = [1 — 5 A+ p) e +p) (1= p*)] (6 — 6,)
+ [p* (1+p") — %p(l + p)} @ — E 7))
+ (" (1+p") = p(1+ )] (E[77] — &y)

. %p* (1+p") [yr—1 — E[yr-1]

b ylero+ (4o e (79
where we have useBl[y;] — ¢, = 3 (1 — p*) (¢} — ¢,), added;p (1 + p) (E[yr] — ¢,) to the first row,
and subtracted it from the third.

Comparing the aggregated model forecast error decompoditi that from the disaggregated model
(excludingz from the DGP and models in both cases), the key finding is teainhpact of the equilibrium-
mean shift now differs between the two. However, the thirchtehe non-zero mean slope change term—is
identical in both cases. Suppase- p*, then we can write the first term of the aggregated error as:

- (1-30-0)| 65-5)

which exceeds the mean-shift term in the error of the dissggged model. Thus, the change in the break
date relative to the forecast origin means that disaggayaan help relative to the time-aggregated model.
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6.2 DDD taxonomy

The DDD forecast ofjr, ; from T"in terms of the aggregated data is:
§T+1\T =yr (79)

with corresponding forecast errey.. 1 = Jr4 —§T+1\T = AYry1 = sl(yrso+yre1) — (Wr +yr—1)).

The forecast error will be biased, as only will reflect in part the parameter change, but the bias of the
DDD forecasts will diminish as the forecast origin movest s break point and the mean of the forecast
value approaches the post-break mean. The existence otlifaggregation at the level of the DGP does
not raise any new issues for the DDD compared to previougossct

7 Pooling and breaks

Forecast combination, or pooling, is often found to be berafias seen in the empirical evidence cited by,
e.g., Clemen (1989) and Timmermann (2006): see also theweatiticles by Diebold and Lopez (1996),
Newbold and Harvey (2002), Clements and Harvey (2009), aiotfiACapistran andTimmermann (this
volume). The leading explanation as to why this might be #eeds the portfolio diversification argument
in the original paper by Bates and Granger (1969), and rgcdigcussed by Granger and Jeon (2004)
and Timmermann (2006), amongst others. When a number ofdste are each based on partial, and
incompletely overlapping, information sets, combinagaploits the information from the different sources.
An explanation stressed by Hendry and Clements (2004) ioftfarecasts based on mis-specified models
when there are structural breaks. Given the focus of ourtehape begin this section by briefly reviewing
Hendry and Clements (2004), who provide some analyticailtsefor a simple scenario in which there is
a one-off break affecting two forecasting models, both ofcltare differently mis-specified for the DGP
pre-break. There is also an empirical literature that axide the efficacy of pooling over large numbers
of models, estimation samples and forecasting schemdsg ifate of perceived instability and model mis-
specification of unknown forms, and we briefly review somehafse findings in section 7.2. Finally, we
briefly review some of the literature on factor models in goafuit relates to breaks.

7.1 Structural breaks and mis-specified models

This section draws on Hendry and Clements (2004). There mwender of ways in which structural breaks
may cause forecast combinations to deliver more accuragedets than the constituent models. As an
illustration, we consider a shift in the mean value of onehef €xplanatory variables during the forecast
period. Suppose we wish to forecast the scglavhich is determined by:

yr = Biwy + B4z + e, Wheree; ~ IN [0, 0’2] (80)

Wi ¢w,t wa sz
( Zy ) ~ INn |:< ¢z,t >’< Qu. Q. >:| (81)

with ¢, = ¢.; = 0 in-sample. The in-sample relationship between the twodfatsgressors is:

and:

Zz; = ¢ + I, W + Nzw,t where E [nzw,t] =0, E [th,/gw7t] =0 (82)
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which implies the population parametdis, I1.,,) satisfy:

WO (1 0 N[, y
(o )=(o o) (o) -(ata. )

where¢,; = 0fort =1,2,...,T, but out-of-sample), 71 = p. # 0, so the mean of one of the sets of
determinants ofj; (z;) shifts.
Here, the forecasting models are mis-specified, in thastigators fit the distinct separate equations:

Y = ag + aﬁwt + Ut (84)

Yyt = bo + bz + vt (85)
The 1-step ahead forecasts and forecast errors from these twelsnwtenw, ; andzy 1 are known, are
for (84):
Ure1 = do + ajwriq,
with forecast error:
Urs1 = yr41 — r+1 = (B1 — a1) wrp1 — do + Byzri1 + ert (86)
and from (85): o
Ur+1 = by + bz,
~ / ~
Ur41 = Y141 — Y141 = BiWr1 + (ﬂ2 - bl) zp41 — bo + et (87)

Suppose the models are such that (84) provides a betterti¢ wetta, and therefore more accurate forecasts
in the absence of any breaks, other things being equal.
From the estimation sample, prior to any shifts, and assgrtgast-squares estimates of in-sample
parameters:
Elag) =0 and E[ay] = 8 + I}, 2,

where the expression f&r[a;] reflects ‘omitted variable bias’ in (84). If we ignore the iagp ofO,, (7 !)
terms on theMSFES, then we can replace the estimates in (86) and (87) by the@céed values. Doing so
for (86), and substitutingr1 = p, + I,Wr41 + 720,741, WE Obtain:

aT+1 = 5&!& + 5énzx,T+1 +ert1,
with unconditionalMSFE of:

which reflects the effect of model mis-specificatigh Q,,.,, 52) and the effect of the shift in the mean of the
omitted variable @511, 52).
But a break may also be induced in (85) when ; shifts because:

wrp1 = K+ Wyzp41 + Nwz, T+1 where E [nwz,TJrl] =0 and E [ZTJrlT/;)z,TJrl] =0,

sox = —IT,,u,, whereadl) , = Q_!€.,, leading to a forecast error of:

~ / /
U1 2 B1wzr+1 — Billwpiz + erqa
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from substituting@o =0, Bl = B9 + I, 51 and forwy 1, in (87).
Then the approximatMSFEs (ignoring parameter estimation uncertainty) are:

Model (84):E [@%,,] ~ 02 + 84, B + (Bhu:)’
Model (85):E [07.1] = o7 + By, 81 + (8 Tupsz)”

Hence the relative forecast accuracy ranking may be ovextLin favour of (85) to the extent that the mean
shift () is large and the correlation betwegmandw is low (in the limitIL,, = 0).

However, our interest is in relative performance of the ciomt forecast. Consider the simplest form
of forecast combination, namely equal weighting. This agerforecast is:

Yrp1 = B (Yr+1 +Yr+41),

with error:

=~ - 1 .
er+1 = ury1 + 5 (Ur41 — Ur41)

1 1
= 5 (/Bé - /Bil_-[wz) e + 5 (/Binwz,TJrl + /Bénzw,TJrl) + ert1,
and approximat®SFE for E[??Hl] given by:

02 +0.25 [B1R,..51 + B, B2 — 28Ry (T, — T, TIT,,.) o + (B — BiTus) )] (88)

Examination of (88) indicates that the combined forecasticcdeat both individual forecasts, and that
rankings will depend on the size of the unmodelled shift ia zhprocess, the error variances, and the
correlations. Hendry and Clements (2004) show that shameelictions can be drawn if, for example, each
forecasting model contains a single explanatory variable.

The benefits of pooling in the above example derive from difieation, similar to portfolio theory: the
idiosyncratic risk associated with each model is averageeivihe ‘shocks’ are relatively uncorrelated. And
like that theory, averaging fails when ‘shocks’ are hightyrelated, as would be the case in our example if
there were a location shift in the DGP (80), or in other vdaalx;, unknowingly omitted. That last scenario
may suggest averaging over many variables, so all relevardahles are included. Unfortunately, that can
also be a bad idea: for 9 candidate variables, theré@renodels, but if only 4 variables matter, there are
so many ‘bad’ models that they dilute the relevant, even iy asmall weight is attached to each. Hendry
and Reade (2008) show that Bayesian model averaging (BM&g Hadly in such a setting, especially when
there are large outliers, and that arbitrary rules like @tsavindow do not correct that problem. Rather,
it seems important to select the relevant variables, oreat leliminate many of the irrelevant. There are
few useful analytical results on averaging versus selecatiith mis-specified models confronting breaks,
as most studies consider small models with constant paeasnehere almost all the variables matter, and
hence show that selection is dominated.

Estimation of (80) should dominate averaging the two suldlgi®in the above illustration, although,
while it is an ‘external break’, the change in the meam-pf, would affect the accuracy of forecasts from
an estimated version of (80) due to the change in collineartenII,,, # 0 (see e.g., Castlet al, 2010).

In practice, general models tend not to outperform, suggeshat other factors are important, particularly
the robustness of the various models to breaks. Indeed.eéutahoice of the set to average over seems
the most essential consideration, and should not only decthe various ‘structural’ models that have been
developed, but also their differences, intercept-coetatariants and other robust devices (see Hendry,
2004, for such an averaging application in a policy context)
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7.2 Empirical comparisons

We focus on a relatively small number of recent empiricalligts. The review articles cited in the intro-
duction to this section cover much of the literature up ts fwint. As well as combining forecasts from
models with different explanatory variables, a charastierof the more recent literature is the combination
of forecasting models which are essentially based on the sxyplanatory variables but differ in regard to
the specification of the model and/or the estimation sample.

Clark and McCracken (2009a) consider VAR models of outputaiion and interest rates for the US.
Because such models appear to be unstable, they calcukxi@gas of individual VAR model forecasts,
where the individual VAR models are designed to counterowarforms of instability, and include: estima-
tion using rolling windows of data; with intercept correxts (see Clements and Hendry, 1996); Bayesian
VARs; time-varying parameters; and discounted least sgas in Clark and McCracken (2008). The
argument is that the form of instability in the output, infbat and interest rate DGP is unknown, while
the efficacy of the different individual methods of dealinghathe instability will depend on the form of
instability. For example, slowly-changing parameter ealmay be picked up by the use of a rolling estima-
tion window or discounted least squares, say, whereas @ $ingctural break may favour methods such as
intercept corrections. Hence averaging the forecasts &lbthese methods may produce forecasts that fare
well, by and large, and this is their main finding.

Pesaran, Schuerman and Smith (2009) assess forecast atiorbin the context of the global vector au-
toregressive (GVAR) model of Dees, di Mauro, Pesaran andr§@007)® They consider combinations of
forecasts from a range of different GVAR models (in partatigintiated by the degree to which theory-based
long-run restrictions are imposed, as well as differentdieders), as well as combinations of forecasts from
the same specification estimated over different sampleg®riHence there is pooling in two dimensions—
across models and estimation windows—giving rise to ‘devatveraged’ forecasts. They find these forecasts
fare well for a number of variables, including the two key meacariables of output growth and inflation.
Clark and McCracken (2009b) also consider pooling acrossason samples, specifically, they present
analytical evidence pointing to the value of combining ree and rolling forecasts (i.e., forecasts pro-
duced from models estimated on samples of increasing stzé@m models estimated on windows of data
of fixed size) when there is instability.

There is also evidence that the more traditional combinatidorecasts from models with different ex-
planatory variables is beneficial when there are breaks.xamele is Stock and Watson (2003), who show
that the leading indicators that might have been expecthdlmpredict the 2001 recession in the US (based
on past performance) generally failed to do so (e.g., buglghermits and consumer confidence), while other
indicators did better than expected (namely, stock marditators). This general instability implicit in
the failure of individual indicators to consistently ‘léamlitput suggest instead it might be advantageous to
combine the forecasts from the individual-indicator medéior the period 1999Q1 to 2002Q3, Stock and
Watson (2003) find some modest improvements of the order cbBMSFE from forecast combination
relative to a benchmark autoregression in output growttentéhts and Galvao (2009a) revisit this issue
using real-time data and exploiting the availability of riidy observations on the indicator variables (see
also Clements and Galvao, 2008).

See the comments and response published in the same istiedriétnational Journal of Forecasting
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7.3 Factor models

Dynamic factor models are becoming increasingly populagdanomic forecasting: see, e.g., Stock and
Watson (1999), Forni, Hallin, Lippi and Reichlin (2000) abck and Watson (this volume). Factor models
are a particular way of ‘pooling information’ and contraketcombination of forecasts. Of interest is
whether there are reasons to expect factor model fore@atsrhore or less accurate than other approaches
to forecasting when there are instabilities in relatiopstbetween variables. A key reference in this regard
is Stock and Watson (2009), who also discuss the limited veorkactor models and instability. Their
main finding is that it might be possible to obtain good esténaf the factors themselves even when the
relationships between the individual series and facttes fictor loadings) are unstable. This suggests that
factor models are more likely to fail because of instabilityhe coefficients of forecasting models that use
the factors, rather than because the factors themselvgmarly estimated. In the empirical exercise they
report covering the period 1959-2006, with a putative biagld84, this appears to be borne out as more
accurate forecasts are obtained using the full-sampletitnas the factors but only the post-break sample
to estimate the coefficients of the forecasting model.

Stock and Watson (2009) suggest that the reasons given bgriHand Clements (2004) as to why
pooling works when individual forecasting models are scibfe location shifts might be essentially the
explanation as to why factors can be reasonably accurattiyated even when the factor loadings are non-
constant. Estimating the factors by using many series mayige reasonably accurate estimates because
the instabilities ‘average out'.

8 Data vintages and location shifts

The forecast-error taxonomies of the earlier sections im ¢hapter suggest data mis-measurement as a
possible source of forecast error. The literature sugghatsmeasurement errors and especially different
data vintages may have pervasive effects on empirical refs€seejnter alia, Hendry, 1994, and Croushore
and Stark, 2003). There are issues to do with the validitypsétido out-of-sample’ forecast comparisons
that use vintages of data that would not have been availalilect forecaster at the time the forecast was
made (see, e.g., Diebold and Rudebusch, 1991b, 1991a, tRmba@nd Tallman, 1998, Orphanides, 2001,
Croushore and Stark, 2001, 2003, Faust, Rogers and Wrigh8, 2nd Orphanides and van Norden, 2005).
A number of ways of accounting for data revisions when fasng have been proposed, including the
use of state-space models (e.g., Harvey, McKenzie, Bla#deDasai, 1983, Howrey, 1984, Jacobs and van
Norden, 2007, and Cunningham, Eklund, Jeffery, KapetaamkLabhard, 2007), as well as the use of an
early estimate of each observation, as in Koenig, Dolmadager (2003) and Clements and Galvao (2008,
2009a, 2009b).

Although data are typically subject to various rounds ofjtriar’ revisions, as well as infrequent bench-
mark revisions, so that at any forecast origin the availaala set will include a first estimate of the most
recent data observation, first and second estimates of éveops observation, and so on to multiple esti-
mates of the earlier observations, our exposition allowgust two vintages. Following Patterson (2003),
we show that estimating the forecasting model on ‘fullyised’ data, and then generating forecasts from
first-estimates of the latest data, will show up as an equilib mean shift when the revisions (between
the first estimates and fully-revised data) are non-zeronni@aany of the variables in the cointegrating

"For example, the national income and product account datiaeof).S. Bureau of Economic Analysis are subject to a com-
plicated revision process that includes three annualiondsin the July of each year (see Fixler and Grimm, 2005, 2008
Landefeld, Seskin and Fraumeni, 2008).
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relationship. To bring out the impact of data revisions, \ge abstract from other sources of forecast error.
Thus, we assume that the DGP is the VEqCM given by (18), rejuexd here as:

Ax{? =+ afxP +a, t=1,..,T—1 (89)

where the superscript denotes the fully-revised data. \&fanas that the forecasting model matches the
DGP, that its parameters are known, and that there are n&srddne error in forecasting pericl + 1
based on information up t6 would simply be the innovation erret-; if the forecast was conditioned on

x§?>, namely:

Axpir =7+ af'’xy) (90)

Suppose instead only an early estimatepis availablex(Tl), so that the forecast is of necessity conditioned

on this vintage of the data. Suppose tiaé?t) = u® 4 x(Tl) + nr. Whenp® = 0 and E[nTx(Tl)] =0,
then the first estimates are efficient for the later vintagdhat the revisions are unpredictable and the later
vintage adds news. Wher?) £ 0 then the first release is unconditionally biased for ther legéease.
Some early findings of Mankiw and Shapiro (1986) suggestedutfut growth revisions were largely
news, whilst more recent research by Aruoba (2008), Carfatnandez and Swanson (2009) (who allow
for a non-linear relationship when they test the ratiopadit the early release) and Clements and Galvao
(2010), has been more mixed.

We writeT = v — apu, as before, then conditioning the forecast (90)::§H results in:

AXT+1\T,(1) =v+af (ng) - M) - Oéﬂlu(?) —af'nr
= Axpppr — af'n® — af'nr. (91)

In general, the mean of the forecadsk;_ ;|7 (1) has shifted relative to (90), which by construction is unbi-
ased. This will only not be the case when either (i) data rewisare zero mean, or (i 2 = 0 so that

[ is contemporaneous mean co-breaking: see Hendry and Masgi2@07). In any event, the stochastic
component of the revisiom(3'n7) will inflate the forecast-error variance relative to whée forecast is
conditioned on the final data. Hence, even though there maydmnstant-parameter LDGP for the final
data (as assumed here), the use of earlier release dateet@tgeforecasts may induce a location shift in the
forecasts relative to the actuals. This adds to the likehelits from improved initial estimates (nowcasts),
especially when location shifts occur in some of the disagates (see e.g., Castieal, 2009, and Castle
and Hendry, 2010).

9 Conclusion

Economic forecasting is inevitably carried out using (unkimgly) mis-specified models, in the face of
unanticipated location shifts. In Clements and Hendry 819999), we investigated the consequences
for forecast inaccuracy, and showed that much of the egigmpirical evidence on forecast performance
could be accounted for by a theory which allowed for bothuezg, using parameter estimates based on
mis-measured data. Here, we have summarized approacheslorating the adverse effects of breaks
when models may be incorrectly specified, and consideragstifying forecasts by additional differencing,
disaggregation over variables and time, pooling of foreeascluding factor methods—and the impacts of
changing data vintages.
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We explained why additional differencing confers subs#hitenefits when location shifts occur, with-
out excessive costs when they do not, while retaining theyotlevant parameters. We showed that
disaggregation by variable and by time may be fruitful orfee lireak has already occurred. Specifically,
disaggregating variables does not alter the impacts ofaklatthe forecast origin, but differentially affects
aggregate forecasts and forecasts of disaggregates ooe lpger. This suggests that in some circumstances
it may pay to forecast the disaggregate variables, and thgregate those forecasts to obtain a forecast of
the disaggregate, rather than forecasting the aggregasbbeadirectly using only aggregate information.
Similarly, time disaggregation does not ameliorate theat# of breaks that occur at the forecast origin, but
we were able to show that one (disaggregated) time peried ke forecasts from the time-disaggregated
model will be less adversely affected by breaks than directdasts of the aggregate. Pooling can help
reduce the effects of breaks, and factor methods can be sesnexemplar.

Overall, unanticipated breaks remain a major problem foedasters. The chapter by Castle, Hendry
and Fawcett considers a number of related issues. Theselénatan breaks be forecasted, and if not, are
there methods of improving forecasts during breaks?

10 Appendix

Here, we derive the in-sample population parameter valfidisecaggregate model of section 6.1 for the
process given by equation (64) with= 0. The aggregate model is defined by:

Yt :¢Z+PQ(§t—1 —¢Z) +u t=1,...,T —1.
The population value gf* is given byp* = Cov (7,,7,_1) /Var (y;). From:

Yr +Yr—1 Yr—2 +Yr—3
2 ’ 2

1
Cov (U1, Ty_1) = cov ( ) =3 {2E [yryr—2] + E [yryr—1] + E [yryr—sl} — &,
whereE [y-y-—i| = p'o? (1 — p?)+¢2,i =1,2,...,itfollows thatp® = 1p (1 + p), andg? = E [%] =
Dy.
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