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Abstract

When an econometric model coincides with the mechanisnrgéng the data in an unchanging
world, the theory of economic forecasting is reasonablyl deleloped. However, less is known
about forecasting when model and mechanism differ in a matiesary and changing world. The
paper addresses the basic concepts; the invariance ofafdraccuracy measures to isomorphic
model representations; the roles of causal informatiorsipeny and collinearity; a reformulated
taxonomy of forecast errors; differencing and interceptextions to robustify forecasts against
biases due to shifts in deterministic factors; the remo¥atctural breaks by co-breaking; and
forecasting using leading indicators.

1 Introduction

The theory of economic forecasting is reasonably well dgyved assuming the econometric model coin-
cides with the mechanism generating the data in a (diffeesm@tionary world: see, for example, Klein
(1971) and Granger and Newbold (1986). Considet-alimensional stochastic processwith density

Dy, (x¢|X¢_1,0) for 8 € ® CR¥, which is a function of past informatioX; | = (...x;...X;_1).

A statistical forecasky., for period 7" + h, conditional on information up to period is given by
xr+n = fr (Xr), wherefr (-) reflects that a prior estimate 6fmay be needed. Forecasts calculated
as the conditional expectaticty |, = E[xp,|X | are unbiased, and no other predictor conditional on
only X7 has a smaller mean-square forecast et KE) matrix:

M [%rin | X7] = E [(}14n — Xr4n) (X — X740)" | X7] -

However, when the model is mis-specified for the mechanis@mniunknown way, and requires
estimation from available data, less is known about fotgwgsparticularly in a non-stationary economy
subject to unanticipated structural breaks. In such anggttiot only is it extremely difficult to correctly
model the underlying processes, the costs of failing to daredarge. Nevertheless, despite the lack of
strong and specific assumptions, many useful insights cdeibesd, albeit usually articulated in special
cases. Consequently, we consider some results that candiistsed, extending research reported in
Clements and Hendry (1993, 1994, 1995a, 1995b, 1996b) andridiand Clements (1994a, 1994b).

There are many ways of making economic forecasts, includumggsing; ‘informal models’; ex-
trapolation; leading indicators; surveys; time-seriesdats; and econometric systems. By focusing
on statistical forecasting, we will not be concerned wite finst three here, but section 11 discusses
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leading indicators based on Emerson and Hendry (1994).aStiale-series models include Kalman
(1960) and Box and Jenkins (1976), with the latter's aut@®gjve integrated moving-average models
(ARIMAS) being a dominant class, based on the Wold decontipasiheorem (Wold, 1938: any purely
non-deterministic stationary time series can be expreaseth infinite moving average; see Cox and
Miller, 1965, p.286-8, for a lucid discussion). Also seeWgrand Shephard (1992). The most com-
mon multivariate time-series form is the vector autoregjmes (VAR): see e.g., Doan, Litterman and
Sims (1984). However, economic forecasting based on ecemmimnmodels of multivariate time-series
will be our primary focus, since such systems consolidatpiecal and theoretical knowledge of how
economies function, provide a framework for a progresssearch strategy, and help explain their own
failures as well as provide forecasts.
The success of econometric model-based forecasts deppoxs u

(&) there being regularities to be captured,;

(b) such regularities being informative about the future;

(c) the proposed method capturing those regularities; and:
(d) excluding non-regularities that swamp the regulagitie

The first two are characteristics of the economic systemjatstetwo of the forecasting method. The
history of economic forecasting in the UK suggests thatetlage some regularities informative about
future events, but also major irregularities as well (sge, &urns, 1986, Wallis, 1989, Pain and Brit-
ton, 1992, and Cook, 1995). The dynamic integrated systeitiisimtermittent structural breaks that
are formalized below seem consistent with such evidencewveMer, achieving (c) without suffering
from (d) is difficult, and motivates the conceptual struetproposed below, as well as the emphasis
on issues such as parsimony and collinearity, and the nevagtion of the role of causal information
when forecasting models are mis-specified. Several resatispire to be misleading once model mis-
specification interacts with non-stationary data (demptivereby the general sense of processes whose
first two moments are not constant over time). Converselyedbmes feasible to account for the em-
pirical success of procedures that difference data, or nieecept corrections (see e.g., Theil, 1961,
Klein, 1971, and Wallis and Whitley, 1991), although thesshnds have no rationale when models are
correctly specified. Potential improvements also meriggtigation, so co-breaking is considered, and
shown to clarify some problems experienced with leadingcetdrs.

The structure of the paper is as follows. The first three gestiiscuss the background concepts,
models, and measures. The next three sections deducentipdirations for causal information, parsi-
mony, and collinearity, in an attempt to account for recen¢dast failures, but only the first seems to
be important. To resolve that problem, a reformulated taron of forecast errors highlights forecast
biases as due to unmodelled shifts in deterministic facfmeviding a rationale for both differencing
and intercept corrections to offset breaks. The alteraadiwemoving regime shifts by co-breaking is
proposed and applied to forecasting using leading indisato

In more detail, section 2 considers the basic concepts ddeddevelop the analysis of forecasting
when the model and mechanism differ. The notions of (unjptale and forecastable are discussed:
despite their close usage, the former is a property wheogasdsting is a procedure. NexB describes
the framework for economic forecasting using a vector agp@ssion in integrated-cointegrated vari-
ables. The issue of measuring forecast accuracy is deddrilid, since evaluation may be dependent
on the transformations examined for vector processes, envidgrecasting more than 1-step ahead; that
section focuses on the invariance, or otherwise, of p@atieasures to isomorphic representations of
the model.

Then§5 discusses the role of causal information in economic &steg, and shows that non-causal



variables may outperform in forecasting when the model ardhanism differ in a world subject to
structural breaks. An example highlights the potentialantgnce of excluding irrelevant, but changing,
effects. The possible role of parsimony/irstep ahead forecasting is discusseg@nbut only a small
effect is found for the constant-parameter cases examiBedtion 7 shows that collinearity has little
effect on forecast accuracy in constant worlds, but a lagffect if the collinearity alters, so parsimony
may have a justification in non-constant processes.

Based on the analyses in Hendry and Clements (1994b) ande@Gterand Hendry (1996c¢}8
shows that intercept corrections (non-zero values for aalgeérror terms over the forecast period)
can help robustify forecasts against biases due to staldbweaks. The taxonomy of forecast errors
in §9 allows for structural change in the forecast period, thelehand DGP to differ over the sample
period, the parameters of the model to be estimated fromdtee dnd the forecasts to commence from
incorrect initial conditions. This re-emphasizes the gmssole of non-causal variables, and warns of
the potential dangers of selecting policy models by foreaasuracy criteria. It also demonstrates the
central role of shifts in deterministic factors, confirmitige apt naming of intercept corrections, and
the potential efficacy of differencing. The differentialpact of structural breaks on models with and
without cointegration feedbacks highlights that the kagtquilibrium correct, but do not error correct
between equilibria.

Next, §10 considers the removal of regime-shift non-stationdntyo-breaking, namely the cancel-
lation of breaks across linear combinations of variablealagous to cointegration removing unit roots.
Such an outcome would allow a subset of variables to be fetexsmanticipated. Finally, forecasting
using leading indicators is discussedsihl based on Emerson and Hendry (1996), raising issues of
cointegration and co-breaking within the indices, and leetwtheir components and macro-economic
variables. Since composite leading indicators (CLIs) aikely to co-break to mitigate regime shifts,
the effects of adding CLIs to macro models may be potenttaiynful. Given that most of the conven-
tional results for constant-parameter cointegratedastaty processes do not seem to apply in realistic
settings 312 concludes that a formal theory of forecasting for mise#je models under irregular and
substantive structural breaks requires developmentshatasible.

2 Concepts

In this section, we define the predictability of a stochagtimcess relative to the available information,
and the resulting forecastability of the series, then dramvesimplications.
2.1 Unpredictability

v, is an unpredictable process with respect to the informasedf; _; if: !

Dut (Vt \ Itfl) = Dut (Vt) ) (1)

so the conditional and unconditional distributions caileci Unpredictability is invariant under non-
singular contemporaneous transforms: e.gsifs unpredictable, so iBv, where|B| # 0. However,
unpredictability is obviously not invariant under intartgoral transforms since if; = v; + Af(Z;,_;):

Dy, (ut | Zt—1) # Dy, (ur)

!The definition is equivalent to the statistical indepen@eoia/, from Z,_, and does not connote ‘wild": indeed, knowing
D., (v+) may be highly informative relative to not knowing it.




whenA = 0. The concept resolves the apparent ‘paradox’ that (e.thpadh the change in the log of
real equity prices may be unpredictable, the level is ptatie: sincer; = Ax;+x;_1, the ‘prediction’
of the current level is merely its immediate past value. Beilve assume the time seriegis of interest,
and the information séf; _; includes at least the history &f. Whenx; = v, thereforex; must be an
innovation, and (weak) white noise when its second momeatsex

Unpredictability is relative to the information set usedy.git can happen that fQf; 1 C Z;_1:

Dy, (u¢ | Ji—1) = Dy, (ug) yet Dy, (ug | Zi—1) # Dy, (uy).

However, 7; 1 C Z; 1 does not preclude predictability. Unpredictability magaabe relative to the
time period, in that we could have:

Dui (ut | It—l) = Dui (ut) for ¢t = 1, Ce ,T (2)
yet:
Dut (ut|It,1)7éDut (ut) for t=T+1,...., T+ H, (3)

or vice versa. Finally, unpredictability may be relativetie horizon considered in that:

Dy, (u | Zs—2) = Dy, (uz) yet Dy, (ug | Zs—1) # Dy, (uy) .

However, the converse, that :

Dy, (ug | Zt—1) = Dy, (uy) yet Dy, (u; | Z;—2) # Dy, (uy)

is not possible ag; -, C Z;_1 by definition.
Sequential factorization of the joint density Xt yields the prediction representation:

T
Dx (X7 | Zo,) = ] [ Dxs (x¢ | Zi-1, ). @)

t=1
Consequently, predictability requires combinations With; : the ‘causes’ must be in train. Such causes
need not be direct, and could be very indirect. e.g., a vigmlown lags may ‘capture’ actual past
causes. Thus, when the relevdnt ; is known, structure is not necessary for forecasting, eveteu
changed conditions. Unfortunately, that ; is known is most unlikely in economics, with important
implications for understanding why ‘ad hoc’ methods cankweell, as seen below.

2.2 Moments

Forecasting tends to focus on first and second moments asgtineise exist. Themw; is unpredictable
in mean at if:
E [Vt | It—l] =E [Vt] .

Similarly, v, is unpredictable in variance aif:
V [Vt | It—l] =V [Vt] .

The converse of the latter includes (e.g.) autoregressindittonal heteroscedastic processes (ARCH
or GARCH: see Engle, 1982, Bollerslev, Chou and Kroner, 1282 Bollerslev, Engle and Nelson,
1994), or stochastic volatility schemes (see Shephardg)19€nsequently, unpredictability in mean is
not invariant under non-linear contemporaneous transpas in the weak white-noise ARCH process:

E [l/t | It—l] =E [l/t] but E [l/tllg | It—l] # E [l/tllg] .



2.3 Forecastability

A forecasting rule is any systematic operational procedrenaking statements about future events.
We will focus on statistical forecasting using formal esited econometric models. Whereas pre-
dictability is a property (of a stochastic process in relato an information set), forecasting is a process.
Moreover, forecasting is undertaken for a purpose, so #kation depends on how well it achieves that
intent. Consequently, itis extremely difficult to definerégastability’. One could perhaps define events
as forecastable relative to a loss measure if the relevaoegure produced a lower expected loss than
(say) the historical mean. This would be consistent withdhange in the log of real equity prices
being unforecastable, but the level forecastable usingi@ora walk, on the criteria of bias MSFE.
Unfortunately, as shown i§4, MSFE rankings for multivariate, multi-step forecasts dependtton
transformations used, so can alter in accuracy relativeddistorical mean of the transform, rendering
most definitions ambiguous.

2.4 Implications

These concepts have a number of important implicationscgpé to most statistical forecasting meth-
ods. First, from (1), since the conditional mean of an uniptatle process is its unconditional mean,
predictability is necessary for forecastability. Howeves not sufficient, since the relevant information
set may be unknown in practice. Further, there is a potesigiguity in the use of the phrase ‘informa-
tion set’ in the contexts of predictability and forecastifig_; denotes the conditioning set generated by
the relevant events, whereas forecastability also regjliinewledge of howZ;_; enters the conditional
density in (1). For exampley;_; may matter, but in an awkward non-linear way that eludes goabi
modelling.

Secondly, translating ‘regularity’ as a systematic relatbetween the entity to be forecast and the
available information, then conditions (a)—(d) above arffigent for forecastability. They may not be
necessary in principle (e.g., inspired guessing; prec¢iagnetc.), but for statistical forecasting, they
seem close to necessary as can be seen by considering theateshany one of them (e.g., if no
regularities exist to be captured).

Thirdly, if the occurrence of large ex ante unpredictableckis (such as earthquakes, or oil crises),
induces their inclusion in later information sets (moving (2) to (3) above), the past will be more ex-
plicable than the future is forecastable (cf. stock-macketmentators?). Consequently, when the ‘true’
7Z:_1 is unknown, to prevent the baseline innovation error vagabeing an underestimate, forecast-
accuracy evaluation may require ‘unconditioning’ fromhinsample rare events that have been mod-
elled post hoc.

Fourthly, from (4), intertemporal transforms affect pdbility, so no unique measure of pre-
dictability, and hence of forecast accuracy, exists. Lirtgamamic econometric systems are invariant
under linear transforms in that they retain the same errocqss, and transformed estimates of the
original are usually the direct estimates of the transfalsgstem: such transforms are used regularly
in empirical research. But by definition, the predictapildf the transformed variables is altered by
any transforms that are intertemporal (e.g., switchingnfrg on y,_; to Ay, ony;_1).2 This pre-
cludes unique generic rankings of methods, adding to ttiewlify of theoretical analysis and practical
appraisal.

Next, since new unpredictable components can enter in ezrdbdp forecast error variances could
increase or decrease over increasing horizons from any diveas a consequence of (2) versus (3).

2While 1-stepMSFEs are invariant to that particular transform, measures as&? are not.



For integrated processe¥|xr.,|Z7] is non-decreasing ih when the innovation distribution is ho-
moscedastic. Otherwise, when the initial forecast pefiadcreases with real time, forecast uncertainty
will be non-decreasing ih unless the innovation variance is ever-decreasing (dirgteps ahead from
T becomesh — 1 from T + 1).3

Finally, and the focus o5, when the ‘true’Z; ; is unknown one cannot prove that ‘genuinely’
relevant information must always dominate non-causabtdes in forecasting. Rather, one can show in
examples that the latter can be the ‘best available’ fotemadevices on some measures in the absence
of omniscience (i.e., when the model is not the DGP). Firstydver, we need to explain the class of
processes and models under analysis, and consider hova$preruracy will be measured.

3 Theframework

For an econometric theory of forecasting to deliver reléwamclusions about empirical forecasting, it
must be based on assumptions that adequately capture trapapie aspects of the real world to be
forecast. Consequently, we consider a non-stationanfuenary) world subject to structural breaks,
where the model differs from the mechanism, and requiresiagon from available data. The present
analysis considers integrated-cointegrated mechanidnichvare linear inx;, but are also subject to
shifts in the deterministic factors. Generalizations togler lags, and non-linear relations seem feasible
but await formal development.

3.1 The data generation process

For exposition, the data generation process (DGP) is definexdhe period = 1,...,T by afirst-order
vector autoregressive process (VAR) in theariablesx;:

x; =T+ Yx;_1 +v; where v, ~ IN, [0,Q], ©)

denoting an independent normal error with expectali@w,| = 0 and variance matri¥[v;] = Q. The
DGP is integrated of order unity (1)), and satisfies < n cointegration relations such that:

YT=1,+ad, (6)

wherea. and3 aren x r matrices of rank..* Then (5) can be reparameterized as the vector equilibrium-
correction model (VEqQCM):
Ax; =T+ af'x1 + vy, (7)

whereAx; and3'x; arel(0). Let:
T=7-op, 8
wherep is x 1 and3’y = 0so in deviations about means:

(Ax; —v) =« (IBIXt—l - u) + vy 9

where the system grows at the unconditional Et&x;] = ~ with long-run solutiorE [ﬂ’xt] = L.

3Chong and Hendry (1986) show that forecast confidence migemmay be non-monotonic ih when parameters are
estimated: seg6.

“In (5), none of the roots offl — Y| = 0 lies inside the unit circle (wheré& is the lag operator.*z; = z;—s), and
o', ®3, isrank(n — r), where® is the mean-lag matrix (her®¥), whena; and3, aren x (n —r) matrices of rank
(n —r)suchthab'a, = 38’8, =0.

S~ =B, (a/,B,)  a’, 7. The decomposition using = v — au is not orthogonal since’ap #£0, but as a DGP, (9)
is isomorphic to (7).



3.2 Themodd class

The form of the model coincides with (5) as a linear represténri ofx,, but is potentially mis-specified:
Xt = Tp+ Xpxp_1 +uy, (20)

where the parameter estimates : T Q) are possibly inconsistent, with, # = andX, # Y.
Empirical econometric models like (10) are not numericalffibrated theoretical models, but have
error processes which are derived, and so are not autononseesGilbert (1986), Hendry (1995a),
and Spanos (1986) inter alia. The theory of reduction emrpl#ie origin and status of such empirical
models in terms of the implied information reductions rigkato the process that generated the data.
Some reductions, such as invalid marginalization, affectdast accuracy directly, whereas others, such
as aggregation, may primarily serve to define the objecttefést.

Two specific models considered below are definedby = 7, ¥, = ) and(t, = v, X, =
I,). The first model is the DGP in sample. Although empirical esonatric models are invariably not
facsimiles of the DGP, they could match the data evidencl nesasurable respects —i.e., be congruent;
but as we allow for forecast-period structural change, thdehwill not coincide with the DGP in the
forecast period. The second model is given by:

Axy =y +&;

which is correctly specified only whem = 0in (9), in which cas&€, = v;. Itis a VAR in the differences
of the variables (DVAR), and is mis-specified in sample bytting the cointegrating vectors.

4 Measuring forecast accuracy

Although econometric analyses could begin by specifyingsa function from which the optimal pre-
dictor is derived, a well-defined mapping between forecastg and their costs is not typical in macro-
economics. Consequently, measures of forecast accuraoftan based on thHdSFE matrix:

Vi, = E[erinery,] = Vlerin] + Elerin] E [e7 ] (11)

whereer,, is a vector ofh-step ahead forecast errors. Such measures may lack imvaria non-
singular, scale-preserving, linear transformations fbiclv the associated model class is invariant, so
MSFE comparisons may Yyield inconsistent rankings between &stetg models on multi-step ahead
forecasts depending on the particular transformationanébles examined (e.g., level or differences).
Clements and Hendry (1993) show analytically that for rstidip forecasts, the trace, determinant, and
the whole matrixV;, lack invariance.

Denote the linear forecasting system by:

I's; = u; with u; ~ INn+k [O, 2] (12)

wheres;, = (x}:z}), z; are them available predetermined variables akdis symmetric, positive
semi-definite: for example, in (5%, = (1,x;_;) andT* = (I, : —7 : —=Y). Then the likelihood and
generalized variance of the system in (12) are invarianeusdale-preserving, non-singular transfor-
mations of the form:

MTP 'Ps; = Mu,

SO:
Is; =u; with u; ~IN, 4 (0,MEM). (13)



In (13),s; = Ps;, M andP are respectively, x n and(m + n) x (m + n) known non-singular matrices
where|M| = 1, andP is the upper block-triangular matrix:

I, Py

P =
0 Py

9

with |Pag| # 0. Then:
MEM'| = |3, (14)

so the systems (12) and (13) are isomorphic. Forecasts amch&i confidence intervals made in the
original system and transformed after the evenktpor made directly from the transformed system,
are identical; and this remains true when parameters amaatstl by any method that is invariant
(e.g., maximum likelihood). For example, if a system isrmaatied forx; on x; 1 by full-information
maximum likelihood with&t obtained by identity, then the forecas/k\ScT+h of Axr are identical

to those obtained from modellingx; on x;_; with X; obtained by identity. A point of potential
confusion is that the differences of the forecastg pf;, may not equa@cﬂh despite using\xy ., =
Xr1n—Xryp—1 ifath = 1, the actual initial conditiox is subtracted: this adds an intercept correction
setting the model back on track, often markedly improvirgftirecasts as shown below. Nevertheless,
the forecasts themselves are invariant to linear transptine present issue is the lack of invariance of
some measures of their accuracy.

For transformations involvindI only (i.e.,P = I,.,,), the matrix measurd/; and determinant
are invariant, but the trace is not: see Granger and Newl®l86). WhenM = I, for transforma-
tions usingP, neither the determinant nor thSFE matrix are invariant foi > 1, even though the
distribution of theu, is unaffected by (13): see Clements and Hendry (1996a).

Invariance tdP transformations in a measure requires accounting for @vees between different
step-ahead errors, leading to a generalized forecast-semmnd-moment matriXxaFESM, which is
close to predictive likelihood: see Bjgrnstad, 1990):

o, =E[EE}],
whereE,, stacks the forecast errors up to and includingteps ahead:

I [ / / /
h — [eT—l—b eT+2> cee 7eT+h71¢ eTJrh] .

Then,|®}| is also unaffected bi¥! transforms, since denoting the vector of stacked foreceastssfrom
the transformed model g, :

-/ ! AN} ! / !/ /
Eh: [eT+1M,eT+2M,...,eT+h_1M,eT+hM],

we have:
1] = [e B3] | = [E [BE3]).

since|I,, ® M| = 1.
Although invariance is useful to determine a uniqgue meafura fixed model independently of its
representation, it is not compelling, and often severadast-accuracy indices are reported.

5 Causal information in economic forecasting

We now consider the role of causal information in economiedasting first when the model coincides
with the mechanism, then when it does not; the mechanismawed to be non-constant over time.



In the first case, causal information is always useful, aratipces better forecasts than non-causal.
Adding further variables produces no improvement. Evennathe model is mis-specified, causally-
relevant information generally improves forecasts pringdhe mechanism generates stationary data.
Such a result cannot be shown for a mis-specified model of a&apstant mechanism, and non-causal
additional variables potentially can be more useful thamsaly-relevant ones so long as the model
remains mis-specified.

To demonstrate these claims, we assume all parameters am kestimation uncertainty would
reinforce the main conclusion. While sufficiently poor esites would weaken any conclusions from
the first case, our concern is to establish that causalkwaelk variables cannot be relied upon to produce
the ‘best’ forecasts when the model is mis-specified, andmater uncertainty would strengthen this
finding.

5.1 Modd coincides with the mechanism

Consider the DGP in (5) for the I(1) variablesx;. Here, (5) is both the model and the DGP, although it
could be written in a lower-dimensional parameter spacerims$ ofl(0) transformations of the original
variables as in (9) above. The notation is simplest when teehanism is constant, so we prove the
result for 1-step forecasts in that setting first.

The in-sample conditional expectationsof, ; givenxr is:

E [XT+1 | XT] =7+ Yxr

and this delivers the (matrix) minimuMSFE. Under the present assumptions, the resulting forecast
error is a homoscedastic innovation against all furthesrimftion:

E [VT—i-l | XT] =0andV [VT_|_1 | XT] = Q. (15)

Consequently, adding any further variabigs; to (5) will not improve the forecast accuracy of mean
or variance.

Conversely, replacing any; ;— by any or all elements from;_; will lead to inefficient forecasts
unless there is perfect correlation betwegp andz;. Denote the resulting regressor vectorsty i,
then, forecasting from:

Xt =v+IX1 + e,

whereE[e;|X;—1] = 0 using:
xr+1 =7 + I'xr,

the forecast error is:
ery1 = X741 — X741 = (T — ) + Yxr — X + vyt
Letx; = ¢ + ¥X; + w; (say) wWithE [w,|X;] = 0andV [w,|X;] = ®, so:
ert1=(T—v+Y)+ (XYY -I)Xr + Ywr +vry

with mean:
Elers1 | %r] = (-7 + X¢) + (Y¥ ~T)%r =0 (16)

so thaty = 7 + Y¢ andY ¥ = T'; and variance:

V [eT_H | XT] =Q+YTPY'. (17)
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Thus, the forecasts are conditionally unbiased (16), keifioient (17).

Next, in a non-constant DGE9 shows that the main non-constancies of interest concezotdir
indirect changes in the deterministic components of (5thdfir can change, or iff changes, the
unconditional means of tH¢0) components alter. We only consider the former. tehange tor*, so
the DGP in the forecast period becomes:

X1 =T + XXp +vp (18)

Since the model also switches to (18) by being the mechanisnforecast errors have the same prop-
erties as in (15), and the previous result is unchanged.ohgerse, that (18) will dominate incorrect
models, is more tedious to show, but follows from a geneaitibn of the argument in (16) and (17).

Such powerful results are not surprising; but the assumptiat the model coincides with the mech-
anism is extremely strong and not empirically relevant.

5.2 Modd does not coincide with the mechanism

First, we show that if the process is stationary, predideire is unconditionally unlikely, irrespective

of how badly the model is specified (see Hendry, 1979), but¢hasal information dominates non-

causal. Even so, non-causal might help, if it acts as a proxthe omitted causal variables.. Then we

provide an example where causal information does not help structural breaks are introduced.
Reparameterize the system as in (9):

Axp =~ +a(Bxi-1— p) + vy (19)

There are many ways in which a model could be mis-specifieth®omechanism in (19), but we only
consider omission of th€0) cointegrating components. Denote the model by:

Ax¢ =6+ p (B1xi—1 — py) +my (20)

wheref3] is (perhaps a linear transform of) a subset ofitl@integrating vectors in (19), ang, is the
unconditional expectation @’ x;. Then, a€[3]x;_1] = py, § = ~, and hence for known parameters
in (20) and forecasxr1 = v + p(B1xr — 1y):

E [&TJA] =

so forecasts are unconditionally unbiased, though inefficiAdding any omitted(O) linear combina-
tions ofx;_; will improve forecasts, as will adding anix;_; which proxy for omitted3,x;_.

Thus, the notion of basing forecasting on ‘causal modeib’rets substance, perhaps qualified by
the need to estimate parameters from small samples of Inaefhsured data. However, once the model
is not the mechanism and the mechanism is non-constant,othhédnce of causal information over
non-causal cannot be shown. We consider a counter examgleewbn-causal information dominates
causal on at least one forecast criterion, unless omniseienassumed. The result may help explain
some of the apparent success of the approach in Box and $6aRinG).

Consider a world in which GNFY") is ‘caused’ by the exchange rate):

Y, = aF;_1 + ¢ with ¢ ~ IN [0,03] for te Ty (22)
where7; = [1,T3]. Then atT} + 1, the DGP changes to:

Y; = BR;_1 + vy with v, ~ IN [O,JZ] for t € T (22)
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where7; = [T1+1, T]. The collapse of Bretton Woods, leaving the ERM, or enteEM}J are potential
examples, albeit that the model is overly simplistic. Weuass thatF; and R; are driftless random
walks, but are always positive (otherwise, shifts in inégts would be needed), given lyF; = e; and
AR; = r; with mean-zero, white-noise innovatioasandr,, and variances? ando?2.

Throughout,Y; is predictable in mean from the universal information setces (settingD; = 1
whent € 77, zero otherwise):

EY; [Zi—1] = oDy 1 + (1 — Dy) Ry—y.

However, using the criterion of unbiasedness of forecasts, forecastable fromH;_, R;—) afterT;
only if the switch point is known. For example,the model lshea regressing; on F;_1 and R;_1,
namely:

Yi=p1Er 1+ YR +uy (23)

()] ()= (")

whereK =T, (171 — 1) /(T (T — 1)). Forecasting usinﬁ =i Fy 1 + YRy fort € 715 yields:

will not suffice ast
E

E [?t | It—l] ~ KaFEi 1+ (1—K)BRi—1 = fRi—1 + K (aEi—1 — fRi—1),

so that:
E[Yi— Vi | Ty, D1 = 0] = K (aBi1 — BRi1).

As F is the relative price of two currencies, it could move wildlye to the other country’s behaviour,
swamping any predictability fronk® to produce badly biased forecasts.

Consider an alternative forecasting procedure that igntbre information orf;_,, R; 1 and sim-
ply uses the time series an. For example, differencing once yields:

AY; = ae1+Ae¢ teTy
AYr 41 = BRp —aBEp 1 +vr41 —epy (24)
AY; = Ori1+Avy t>T1+1

so fort € 7s:
E[AY;] =E[fri—1 + Av] =0

and hence the forecast = Y;_; is unconditionally unbiased (albeit ‘inefficient’). Thusyen though
Y;_1 does not directly enter the DGF; = Y;_; is better in terms of bias tha¥;, which included
the correct causal variablg; ;. However,Y; is slightly biased conditionally of;_;, since after the
break?

E|Yi = Vi | Yoo | = E[AY; | Yioa] = E[Bro1 + Ay | Yioa] = Efvrs | Y] £0,

The inability to prove that causally-relevant variabledl wominate for mis-specified models has
important implications. First, there exist methods of m&tifying forecasts against structural breaks

5The analytical calculations depend on what is assumed dbeutme-series properties &; and R;. If these are not
independent driftless random walks, but (e.g.) are caed|aor have heteroscedastic errors after the regime ¢hifh a
somewhat different, but related, analysis is needed. Agigehprovides the derivation.

7At the switch point, sincéds’ ~ 1, the relative biases conditional @, could go either way aB[Yr, +1 — Y7, +1|Z7, ] =~
BRr, — aEr,, whereasE[Yr, 11 — Y1, +1|Zr,] = BRr, — aEr -1 — E[er, |Zr,], and hence could be constructed to be
smaller forYr, +1.
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that have occurred: the differencing in (24) is one examguhel others are noted below. Alternatively,
other forms of non-causal information may prove relevanthsas intercept corrections. Secondly,
the differenced process in (24) is close to an ARIMA with @éanegative moving-average root and
an outlier at the break point, although that is not the DG (ke analysis of multi-step estimators
in Clements and Hendry, 1996d). Thirdly, for large enoughmadelled breaks, ‘causal’ models will
lose onMSFE (and related criteria) to models that are robustified agdinsaks; this is examined
further in§9 below. Finally, while the example is specifically constaacto demonstrate the possibility
of dominating causal informatior9 provides a general class that also does so, and highligbts t
distinction between error-correction and equilibriunrreation mechanisms.

6 Parsimony

It is not easy to find formal reasons for the advantages ofiparsy in forecasting, despite a general
folklore that it matters. Estimated parameter variancedirde with sample size, whereas inconsisten-
cies do not, so any trade-off rapidly moves against parsymare show below that in correct model
specifications, large parameter variances due to ‘colityea@annot be a justification. The origins of
the arguments for parsimony in the methods of Box and JerikBi&) are because of lack of identifica-
tion in ARIMA models when there are redundant common fa¢tewsdo not generalize to other model
classes. There is some evidence that empirically, pargim@y help (see, e.g., the basis for ‘Bayesian
DVARS’in Doanet al, 1984). In practice, model mis-specification and stru¢tcliange seem likely to
be more important than parameter uncertainty, leading ttamative justification noted below, but we
first consider a case where parsimony can be shown to matésiod’s orh.-step ahead scalar forecasts
under correct specification, drawing on Hendry and Clem@@s3).

Consider a stationary first-order autoregression defined by

Yi = pyi—1 + € Where ¢, ~ IN [0,07]

with |p| < 1. ThenE[y,] = 0 andE [y7] = 07 = 02/ (1 — p?).
We examine the effect on forecastihgsteps ahead of estimatingrelative to imposing it at zero.

Since:
h—1

yren = p"yr + Y _ P ern—j, (25)
j=0
the h-step conditional forecast error from the estimated mosliglgyjr,, = pyr in (25) is:
h-1
€T+h = YT+h — UT+h = (Ph - ﬁh) yr+ > perin (26)
j=0
so that for forecasting the levef,;, on aMSFE basis (see Schmidt, 1974, Baillie, 1979, Chong and
Hendry, 1986, and Campos, 1992, noting the caveats in Cksraed Hendry, 1993):

1—p?)o? -
((1—/)2) T (1= %)

_ 05 [(1 _ p2h) T2 2D (1 _ p2) ?/TTQ] ’ @7)

whereyTT = yr/o,. When a forecast of zero (the unconditional mean) is use¢dadssajr, = 0 Vh,
then (again for levels):

12

Mlérin | yr]

(1- p2h) o2

M [epih | yr] T < 4 pPhyl
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= o2 [(1 _ p2h> +p2hyTTQ] . 28
Hence, the relativéISFE, denotedR (), is:
R(&éh) = M [érn | yr] —2M [€r+n | yr]
Uy
= T2 (1- p?) 62y — h2] yi2, 29)

where¢?_, = Tp?/ (1 — p?) is the non-centrality parameter of thetest ofHo: p = 0in (25). Thus,
the condition for retaining the estimated coefficient ratihen imposing it arbitrarily at zero becomes
increasingly stringent dsincreases, crudely expressed as neetljng h. Although the term as a whole
is tending to zero, this provides some basis for parsimomgiimation for forecasting. A cross-over of
sign inR (-) must occur at someg: there always exists af at which negativeR (-) values occur. The
formula in (29) also explains why forecast confidence bamdsxan-monotonic irk, and can exceed
the unconditional forecast uncertainty (see Chong and iea886, and Ericsson and Marquez, 1989).
Further, whenﬁazzo > 1, a weighted average of the estimated and imposed model®utperform
either, matching the optimal weight for pooling the modditained in Hendry and Clements (1994b).
This leads in turn to a scientific basis for intercept coiogs using zero as the long-run outcome (e.g.,
for second-differenced data). At first sight, thereforepranfula such as (29) seems promising.

Unfortunately, Hendry and Clements (1993) show that thelre®es not generalize easily, nor is
the effect large in Monte Carlo studies. Single parametev&ctor systems cannot be selected by such
a criterion, since powering a matrix has very indirect éfem its elements. More generally, parameter
uncertainty is of orde0 (T—l) in stationary processes, and even smaller for unit-rootes®es, as
against other errors @ (1). Consequently, sampling uncertainty does not seem to badisé serious
problem, particularly as we now show that collinearity catnjuistify parsimony for forecasting unless
structural breaks occur.

However, as noted earlier, one argument for parsimony igiéxg non-constant aspects. If an
‘irrelevant’ variable with a non-zero mean is neverthelesmated as significant in a model, perhaps
because it proxies another omitted effect (or acts like; in (23)), biased forecasts will result when
that variable undergoes a change in its time-series bealvavifter a break, re-estimation on a least-
squares criterion will reveal its irrelevance, so the madklrevert to a relatively constant fit despite the
forecast failure. However, a ‘more parsimonious’ modet thecluded that effect would have produced
better forecasts. One route that such effects may act asorgllinearity, so we next look at that.

7 Collinearity in forecasting

One might anticipate that parsimony would have a more inaobrtole when there was substantial
‘collinearity’ in the explanatory variables. Despite thenauniqueness of collinearity (see Hendry,
1995a), we investigate such a possibility in this sectidngithe static regression model :

yr = B'x, + vy where v, ~ IN [0,07] (30)
with x; ~ INy [0, 2] independently of v, } . For largeT":
VT (B-8) & N [0,02071].
Then fork regressors with estimated coefficients and known futuneegbfx:

. a1
U741 = B X741,
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so that the forecast error:
DTyl = YTl — U1 = VT4l — X (5 - 5) :

and hence:
M [ | xp1] ~ o0 (L+ T % Txri) (32)

FactorizeQ2 asH' AH whereA is diagonalH'H = I, andHx; = z;, so thatz; ~ IN [0, A], and:
v = 'z + 1, where v = HS. (32)

Thenx/.,,Q 'xr equals:

k 2
-1 _ . Z;
X/TJrl (H/AH) XT+4+1 = X/TJrlH/A 1HXT_|_1 = Z/TJrlA 1ZT_|_1 = E Z’§+1 . (33)

)

=1
On averageE[zzTH] = )\;, and thereforeE[xngQ*leH] = k. Hence:
M D] ~op (1+ T k). (34)

This shows that any ‘collinearity’ irx; is irrelevant to forecasting so long as the marginal process
remains constant. Alternatively, the model is invariardenlinear, and therefore orthogonal, transforms
as shown in (32), so 1-step forecasts are unaffected.

However, wher3 stays constant, b2 changes t&2*, with A changing toA* then:

a Zi2,T+1 _ a ;
E Z—Ai _;A_f (35)

=1

SO:
M [D741] ~ o) (1 + 7! Z )\_Z>
i=1 7"

Thus, changes in the eigenvalues of the least-well detexhiincorresponding to the smallest will
induce the biggest relative changesMnor;]. For example, when\; = 0.001 but A7 = 0.1 then
even forT = 100, the error variance is doubled. Thus, simplification cowdg dividends for ex ante
forecasting in such a state of nature.

Generalizations to dynamic systems are less clear cute she collinearity can alter only if the
system specification changes, which anyway induces a gtalidireak in some equations. However,
(30) might be the only equation of interest in a system, inclvltiase the analysis applies. Again we see
a potential case for tighter parameterization once breakalbbwed.

8 I ntercept corrections

Intercept corrections (ICs) are non-zero values for a nwaetor terms added over a forecast period
to adjust a model-generated forecast to prior beliefswaftr anticipated future events that are not
explicitly incorporated in a model, or ‘fix-up’ a model forpeived mis-specification over the past: see,
for example, Wallis and Whitley (1991). A general theoryué tole of intercept corrections in macro-
econometric forecasting is provided in Hendry and Clemgtfd94b). here we establish the effects of
one commonly-used IC following Clements and Hendry (1996c¢)
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A typical IC for al-step ahead forecast is to add in the residual from the fimapkaobservation
to the first period forecast value. To see the consequeneasider the simple example of a stationary
first-order autoregressive process:

Yt = pyr—1 + ¢ where e ~ IN [0,02] (36)
and|p| < 1. Let p denote the estimate pf then the conventional forecast of peridd+ 1 givenT is:
Yr+1 = PYT;
with forecast error:

€rt1 =Yr+1 — Yr+1 = (P — P) YT + €741

The intercept-correcting forecast is:
Y T+1 = Yr+1 + € = pyr + €r,

with a forecast errog, 7,1 given by

€141 =Yr+1 — Y141 = (P — P) Y1 + €741 — €r = Aeryq,

so that the IC differences the original forecast error. Weths result in the next section to help correct
for forecast biases arising from unanticipated structoraks.

9 A taxonomy of forecast errors

To clarify the impact of structural breaks on forecasting, reconsider the taxonomy of forecast errors
in Clements and Hendry (1994). Despite allowing generakstral change in the forecast period, the
model and DGP to differ over the sample period in any way, Hrampeters of the model to be estimated
(perhaps inconsistently) from the data, and the forecastsmmence from initial conditions (denoted
by x7) which may differ from the ‘true’ valueg, nevertheless some useful results can be established.
The present analysis will highlight the role of changes itedwainistic terms.

Write the closed system (5) if0) space using the variablesy; (r of which are3'x;_; andn — r
areAx,) as®

yi=¢ +Ily, ;| + € with € ~ IN, [0, ], (37)

where by construction, the unconditional mearypfs:

Elyd =1, ~I) '¢p=¢ (38)
SO.
vi— e =II(yi—1 — @) + €.

This formulation is convenient for distinguishing betwedranges that induce biased forecasts, and
those that do not.
The h-step ahead forecasts at tififor h = 1,..., H are (usingp = (I, — I1)"1¢):

Yrin— @ =M (Jrn1— @) =" Fr — @), (39)

8The identities determining the future values of the coiratigg vectors are omitted for simplicity: see Hendry and
Doornik (1994). The analysis is conditional on assumindhstectors remain unchanged, so the transformed systemnemai
1(0) after the structural change.
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where *'s on parameters denote estimates, and on random varidbiesasts. Although the initial
condition is uncertain, we assuri§yr| = ¢ so on average it is unbiased.

Prior to forecasting(¢ : IT) changes td¢™* : II*) whereII* still has all its eigenvalues less than
unity in absolute value, so fromi + 1 the data are generated by:

yr+1 = ¢ + I'yp + €r41.

Letting ¢* = (I,, — IT*) o*:
h—1 4
Yren — " =" (yrino1 — @*) + ern = ()" (yr — ") + > (1) epypi.  (40)
i=0
Many other factors could induce serious forecast errord sisclarge blips (e.g., 1968(1) and (2) for
consumers’ expenditure in the UK), but we construe the fiipttb be the above change in the mean,
followed by a second shift superimposed thereon. From (8@)(40), theh-step ahead forecast error
€T+h = YT+h — YT+h IS:
h—1
~ ok ~ *\h * Th (- ~ *\ %
erin=¢" — @+ ()" (yr — ") 1" (57— @) + Y _ (") €7 pi. (41)
i=0
Deviations between sample estirrjates and population pteesree denoted by, = ¢ — ¢, where
p, = (I, — Hp)*lqbp, andéy = II — IT,, with (yr — yr) = d,. To obtain a clearer interpretation
of the various sources of forecast errors, we ignore powseoss-products in thés for parameters,
but not those involving parameters interacting with initi@nditions. Appendix B details the derivation,
and defineC;, andF},.
Table | combines the possible sources of forecast errotsitls® from the above decompositions.

Table I: Forecast error taxonomy
Eran ((H*)h - Hh> (yr —¢) (ia) slope change
+ (In — (H*)h> (¢* — ) (ib) equilibrium-mean change
+ (II" —112) (yr — ) (iia) slope mis-specification

+ (L, —101%) (¢ — »,) (iib) equilibrium-mean mis-specification
—F 6% (iiia) slope estimation
— (In — H;}) 0, (iiib) equilibrium-mean estimation
— (1‘[2’; + Ch) Oy (iv) initial condition uncertainty
h—1 ‘
+) () eryn—i (v) error accumulation.
=0

In the present formulation, the second and fourth rows aledece biases, whereas the remainder
only affect forecast-error variances. The role of econoicgetn reducing each of the forecast errors is
discussed in Clements and Hendry (1994) and Hendry and @isniE994a): here we concentrate on
the consequences and properties of breaks.

First, we establish the approximate unbiasedness of fet®t@sed on estimatesdf in equation
(37) when the model is correctly specified apd= 0, even thougtE[df;] # O. Sincee; ~ IN,,[0, ],
an antithetic-variate argument based on normality (or ngereerally, any symmetric error distribution:
see e.g., Hendry and Trivedi, 1972) can explik;) = P (—¢;). Sincey, (e;) = —y: (—¢€;) in VARS,
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whereadl] is an even function oé;, soIl ({e}) = I ({—e:}), denoting forecast errors byand -
respectively when the generating procesgeig ({—e:}), for 1-step ahead:

€ri1 = (H - ﬁ) yT + €741 and €y = — (H - ﬁ) YT — €141 (42)

and these average to zero for every possible error procassrdy. Although the system is a dynamic
process, the parameter estimate bias does not necessasiithb forecasts. Whefd,| # 0, or for
more complicated processes, the result is not exact, bgestgthat finite-sample forecast error biases
are unlikely to be the most serious problem.

Next, taking expectations in Table I, assuming such firdieysle biases are negligible:

H&de(h—%Hﬂﬁ(¢“—¢%%@n—H@(¢—¢Q- (43)

However, almost all estimation methods ensure that relsidhaae zero means in-sample, in which case
the second term is zero by construction. Then, forecastdbwibiased only to the extent that the long-
run mean shifts from the in-sample population value. Thedast-error bias is zero for mean-zero
processesg, = ¢* = 0), or when shifts inp™ offset those inlI* to leavey unaffected ¢* = ¢).
Only direct or induced shifts in the deterministic factarad to serious forecast biases. Moreover, such
effects do not die out as the horizon increases, but convergiee full impact of the shift. There are
variance effects as well, which are detrimental MSFE basis; and the ex ante forecast-error variance
estimates will mis-estimate those ruling ex post, but th@eblems seem likely to be dominated by
mean-shift structural breaks. Although non-linearitiasymmetric errors, or roots moving onto the
unit circle could generate more complicated outcomes, #secldinding points up the requirement for
eliminating systematic forecast-error biases.

By way of contrast, changes in the dynamics, and dynamicpetier mis-specifications, are both
multiplied by mean-zero terms, so vanish on average: indiey would have no effect whatever on
the forecast errors if the initial condition equalled theuiégrium mean. Conversely, the larger the
disequilibrium at the time of a shift in slope, the larger thsulting impact; but abl*, IT andIL, (by
assumption) have all their roots inside the unit circleséheffects die out as the horizon expands.

At the time when the parameter change occurs, forecastbaiticorrect from almost any statistical
procedure. However, consider the period following the kré@recasting’ + 2 from T + 1 using (39)
will generate the same bias @5+ 1 (given by (43) forh = 1). However, some robustness to regime
shifts which would otherwise bias forecasts can be obta@idebr by intercept corrections (ICs) that
carry forward the shift from tim& + 1; or by suitable differencing to eliminate the changed icept
in later periods. For the former, at tinfe+ 1 to forecast timél” + 2, subtracting the previous forecast
error will on average produce unbiased forecasts (at a ndstécast-error variance):

Elérya | Zri1] — Eléry1 | Zr] = 0. (44)

This IC again differences the forecast errors that woulettise have been made, but possibly at a
large cost in terms of increased forecast error varianckafger values ofi: see Clements and Hendry
(1996c).

Alternatively, first differencing thé(0) data produces the naive forecdsyr.,o = 0, or yr 2 =
yri1, and aE[yr,n] = ¢* + (IT*)" (¢ — ¢*), the mean forecast error is:

Elers2] = Elyri2 —yri2]
(T1)? (p — ¢*) = T* (p — ")
= II'(L, - IT") (¢" — ) .
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The bias vanishes d* = 0 and is smaller than (43) in general. Thus, once again, a aosat
variable f,—;) can dominate on some forecast-accuracy measure; andifteremcing need not be
disadvantageous (noting that some of thg; are second-differencexi).

Clements and Hendry (1996c¢) show that a VEqCM and DVAR foihg)e identical forecast-error
biases when a forecast is made before a break occurs forzhdhat includes the break. This is so
despite the former including, and the latter excludingital cointegration information; however, their
forecast-error variances will differ. The biases for thedZB/ do not depend on whether the forecast
starts pre or post the break: thus, there is no error cooreetiter the break. However, the DVAR has
different biases pre and post for breakgvimndy, and these are usually smaller than the corresponding
biases from the VEqCM. A forecasting model lik€x,; = A%x; seems robust to many of the shifts,
but may ‘over-insure’ by not predicting any developmentintdrest, merely ‘tracking’ by never being
badly wrong.

Although such devices can improve forecast accuracy, &glyean bias measures, they entail noth-
ing about the usefulness for other purposes of the foregastiodel. Even if the resulting (intercept
corrected or differenced) forecast is more accurate thatrfrthm (39), this does not imply choosing the
‘robustified’ model for policy, or later modelling exercgsdf any policy changes were implemented on
the basis of mechanistic forecasts, the latter would hagetid property of continuing to predict the
same outcome however large the policy response. Thus, iieydoe benefits to pooling robust predic-
tors with forecasts from econometric systems in the polmytext, and this is a hypothesis to consider
if encompassing fails: see Hendry and Mizon (1996).

10 Co-breaking

At this point in the analysis, econometric systems do natnsiebe doing well relative to rather naive
methods when the objective is forecasting. We cannot ésttatie relevance of causal information, yet
can show cases where such systems perform poorly. Parsimagmot been demonstrated as uniformly
beneficial, and ad hoc adjustments such as intercept doms&ppear to be of value. We now introduce
an alternative approach to handling structural breaksséins well suited to econometric systems, and
transpires to link back closely to cointegration.

Co-breaking is defined as the cancellation of breaks aciosarlcombinations of variables. The
breaks could be changes in anywf 3, ~, or . as before, but again we focus on one-off shifts in the
last two (soY stays constant). Thus, the relevant regime shiftgdre- u + Vu andy* = v + Vv
where:

Axpyr =" +a (B'xp — p*) + v (45)
Then from (45):
Axry = [v+a (8% —p) +vra] +[Vy —aVy]
= Axri + [Vy—aVy]. (46)

The first term is the constant-parameter valuédafr, ; and the second term is the composite intercept
shift. Form them linear combinationg)’ Axy1:

@' Axryq = qb'A/X\T_:1 + ¢ [Vy —aVu]. (47)

Thenm-dimensional equilibrium-mean co-breaking requires thatV . = 0; whereas;-dimensional
drift co-breaking requireg’V~y = 0. We now establish that each is almost certain to occur, sda su
system will be independent of the breaks (see Hendry, 198ba,general formulation and analysis of
co-breaking).
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First, ‘common trends’ are equilibrium-mean co-breakicea’, a = 0, whenV~ = O:
o Axriy =ad |y +a vry. (48)

Thus, then — r dimensional subset’, Axr, is unaffected by the shift in the equilibrium mean.
This result comes close to explaining the effectivenessffgrdncing as a ‘solution’ to intercept shifts,
noted above. Alternatively, it could be used to charactelidmmon trends’ as those combinations not
affected by shifts in underlying equilibria.

Secondly, cointegrating vectors are drift co-breaking they are trend free (i.ed'~v = B'~v* =
0). Thus, premultiply (45) by3’ whenVu = 0:

B'Axri1 = Ba(8xr —p) +Bvri, (49)

thereby eliminating the shift in the drift parameter. Pding 3« # 0, the resulting subsystem is unaf-

fected by changes in the trend rates of growth in the econQumversely, a vector that eliminated such
breaks would look like a cointegration vector, so discriation between cointegration and co-breaking
may not be easy (and may be perhaps unnecessary). Thus,eh glibgquations remains constant de-
spite the break. If these were really ‘structural’ (see,epndry, 1995b) they would continue to be

constant across further breaks. The remaining variablbe forecast would need extra differencing or
intercept corrections pending further developments.

Consequently, there are concepts that suggest that ectimoBystems may yet prove a superior
vehicle even in the forecasting context. We now apply thisomoto help account for the potential
benefits of econometric systems over leading indicatoesigely because the former involves causal
information and the latter does not.

11 Forecasting using leading indicator s

Indices of leading indicators are often used in both for&egsand in macro-economic modelling:
see, inter alia, Artis, Bladen-Hovell, Osborn, Smith anédp (1993), Diebold and Rudebusch (1989,
19914, 1991b), Lahiri and Moore (1991), Neftci (1979), Rtand Watson (1989, 1992), and Zarnowitz
and Braun (1992). However, the procedures used to selecbthponents of composite leading indi-
cators (CLlIs), and construct the resulting indices, amradt frequently. It is proposed in Emerson and
Hendry (1994) that this phenomenon may be due to ignoringegssf cointegration within the indices,
and between their components and macro-economic varjadahesto the possibility that non-causal
indicator systems are unlikely to co-break to mitigate mesyshifts.

First, an indicator is any variable believed informative@aianother variable of interest; an index is
a weighted average of a set of component indicators. A lgdditicator is any variable whose known
outcome occurs in advance of a variable that it is desiredrechst; a CLI is a combination of such
variables. The Harvard A-B-C curves were the earliest congbn meant to serve as a prediction
system (see Persons, 1924).

Co-breaking provides conditions under which regime shiftisish for linear combinations of vari-
ables. Such an outcome either entails a coincidentallylexffect, or a genuine relationship: across
many breaks, the former seems unlikely, leading to poorcases. This highlights the key distinction
between an indicator — which is non-causal of, and non-chbgethe target — and a causally-related
variable. The former is unlikely to systematically expade the same shifts as the target. Thus, al-
though CLIs and econometric models face similar problemsxante forecasting in a world of regime
shifts, CLIs should suffer relatively when the mappingshaf indicators to the outcomes are not causal
relations.
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Non-constant processes pose problems for all forecasfipgoaches. In leading-indicator meth-
ods, breaks can occur for reasons that would not affect anoewetric model which embodied co-
breaking relations. For example, the demand for moneysaltgrportfolio reasons as well as transac-
tions changes, so the demand function could be stable fagimeeshift in interest rate policy, yet the
correlation with GNP be unstable. Conversely, CLIs withaseh basis, that are both cointegrated with,
and co-break with, the target, will maintain constant refahips with that target and hence provide a
useful forecasting procedure, but one that is tantamouauh 'econometric model.

11.1 CLIsadded to econometric systems
Next, consider adding a CLI to a DVAR for the DGP in (5):

Ax; = 0 + OAX,_; + ;. (50)

As shown above, such approximations can be robust to rediifte, particularly ing (see Clements
and Hendry, 1995b). Denote the CLI by | = ¢'x;_1 and add it to (50), taking the special c&e= 0
for simplicity, so that the augmented DVAR becomes:

Axy =06 + pci—1 + uy. (51)

Wheng' = h/3’ (whereh is r x 1), the CLI is a cointegrating combination, $a; } will be stationary.
Generallyp # 0, with py’ of rank 1 andE[¢;] = h'p (if ¢’ does not cointegrate;, {u;} will be
stationary only ifp = 0). When® # 0, both Ax; ; and¢;_; will proxy the omitted cointegrating
vectors, probably reducing the significance of the latteowkler, ifc;_; does enter empirically, the
intercept in (51) will depend op. Similar reasoning applies to a CLI based on differenced.dat

There are interesting implications of this analysis undgime shifts iny andu. The CLI will im-
prove forecasting performance relative to the DVAR onlyoflreaking occurs using the CLI's weights.
Since is co-breaking for shifts in the growth ratewhen the cointegrating vectors do not trend (so
B~ = 0), whereas{u,;} depends ony, a CLI will be a poor proxy in such a state of nature relative
to the correct cointegrating vectors. Further, althoughDNAR is little affected by changes in, the
CLI-based model in (51) depends pnand will experience similar predictive failure to the VEqQCM
so the robustness of (50) to shifts in the equilibrium medassas well. Emerson and Hendry (1994)
offer some empirical evidence supporting this argument.

12 Conclusion

Despite the relative weak assumptions that the economyr wardgysis is non-stationary and subject
to unanticipated structural breaks, that the model magdifiom the mechanism in unknown ways,
and that it requires estimation from available data, mamjulisnsights can be derived. The resulting
implications often differ considerably from those deriwglden the model is assumed to coincide with a
constant mechanism. The fundamental concepts of predittand forecastability point towards many
of the general problems confronting successful forecgstiGausal information cannot be shown to
uniformly dominate non-causal in such a setting, and thex@a unique measures of forecast accuracy
although some measures are not even invariant across igbimanodel representations. Also, intercept
corrections have a theoretical justification in a world sabjto structural breaks of unknown form,
size, and timing by ‘robustifying * forecasts against deteristic shifts. Such ICs reveal that the best
forecasting model is not necessarily the best policy model.
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There is a case for increased parsimony when making maelti-&irecasts in constant-parameter
worlds, but it is weak, particularly given the absence of esig for collinearity. However, even if the
forecasting model remains constant, a break in the coigelatructure of the regressors can induce
poor forecasts due to variance effects from the least sigimifivariables retained, consistent with the
need to eliminate non-systematic effects.

The taxonomy of sources of forecast error clarifies the rofesodel mis-specification, sampling
variability, error accumulation, initial condition miseasurement, intercept shifts, and slope-parameter
changes. While structural breaks reduce forecastaltitig/consequences of many forms of break can
be derived analytically. Further, models may be differhtisusceptible to structural breaks, as shown
analytically for VEqCMs and DVARSs.

Co-breaking suggests the possibility of eliminating dnel breaks by taking linear combinations
of variables, which may help produce more robust subsysté&nsily, while leading indicators based
on ex post correlations should forecast well in constanupater processes, they seem unlikely to
provide a reliable forecasting approach under structuredlts as their intercepts are not likely to co-
break when variables are genuine indicators that are nkedircausally to the target. Thus, causal
information retains a central role.

In many ways, this research aims to discover why methods asi@ox—Jenkins or DVARS ‘work’
when econometric systems fail. Some potential answers s proposed, namely, that they impose
(so do not estimate) unit roots; that their formulation #fiere retains the full values of the previous
levels of the transformed variables which ensures a fornrrof €orrection; they restrict the informa-
tion used by appealing to parsimony claims, and therebydrappexclude non-systematic effects that
might otherwise swamp forecastability; and overdiffeirgaemoves permanent breaks in determinis-
tic factors (perhaps at the cost of inducing negative meewgrage residuals) demonstrated above to
be central to avoiding systematic forecast error biasesirViery advantages as forecasting devices that
are robust against deterministic shifts mitigate agalmsit use in a policy setting.

The case for continuing to use econometric systems seenepémd in practice on their competing
successfully in the forecasting arena. Cointegratiorhreaking, model selection procedures and rigor-
ous testing help, but none of these ensures immunity togireelfailure from new forms of break. Thus,
there is a powerful case for adopting more robust forecgstpproaches than intercept corrections: a
key development must be error-correction methods that deliminate other sources of information
such as cointegration. An approach that incorporates tarfigsemation in the econometric system for
co-breaking and policy, but operates with robustified faste merits development.

Many of the conclusions entail positive prescriptions fotian; many are at first sight counter-
intuitive (but then intuition is just the legacy of previdyisinquestioned beliefs); and many of the
difficulties have possible remedies. In particular, we hawlg just begun to explore the implications of
forecasting across structural breaks with mis-specifiedatsp and many surprises undoubtedly await
future researchers.
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13 Appendices

13.1 A: Parameter estimates

From the properties of thi€l) variables in the example, the expectations of the estisnaf A\; and Ao
in (23) are:

3 -1
E %1 = E T2 Zf:l Et2*1 T Z?zl Ei 1R T2 Z?zl E, Y,
AQ T_2 Z?:l Et*lRtfl T_2 23:1 Rt2_1 T—Q Z?ZI Rtfln

(T2 B[R] 0 T arrylE(E]
0 T2 ZtT:1 E [Rz%—l] pT—2 Zf:TlH E [Rg—ﬂ

(el 0 T er?ylie-)
- 0 T2y (1) BT gy (= 1)

2
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o (T —1)! 0 a1 (Ty - 1)
0 2T (T —1)! 1BT2(T(T - 1) - T1 (T1 — 1))

where: T (T _ 1
g-nm=-1
T(T-1)
13.2 B: Taxonomy derivations
First, we make the approximation:
h—1 ‘ ‘
" = (IL, + op)" ~ I} + ) IL4pIL ! =117 + C,. (52)
=0

Also, using (52), lettind-)” denote forming a vector angd a Kronecker product:

h—1
Ci (yr —¢,) = (Cu (yr —9,))" = (Z I, @ (yr — )’ HZ”‘”) 5ty = Fidfy.
1=0

To highlight components due to different effects (paramet@nge, estimation inconsistency, and esti-
mation uncertainty), we decompose the tef#i)" (y; — ¢*) andII" (37 — ¢) in (41) into:

(IT)" (yr — ") = (IT)" (yr — ) + (IT")" (¢ — ¢%)
and:
" (yr - ¢) = (HZ + Ch) Oy = (2 —@,) + (yr —0) — (0, — 9))
_ (H;} + Ch) 5, — (HZ + Ch) 8, + (HZ + Ch) (yr — ©,)
= (T +C) 8y — (T + € ) 0, + Fudty + 1T (yr — @) — TS (19, — o)
so(I1")" (yr — ¢*) — II"(y7 — ) yields:
()" =11} (yr = ¢) — Fudty — (I + Ca) 8,
— ()" (¢* — @) + 1! (0, — ) + (HZ - Ch) Sy (53)
The interactionC 4, is like a ‘covariance’, but is omitted from the table. Hené8)(becomes:
((H*)h - Hh) (yr — )+ (Hh -~ HZ) (yr — )
— ()" (" = ) +T0; (0, — )
~ (1) + Ch) 8, — Fyd% + L6,

The first and third rows have expectations of zero, so thensbmmw collects the ‘non-central’ terms.
Finally, for the termp* — ¢ in (41), we have (on the same principle):

(" = @)+ (¢ —¥p) — I
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14 Alternative derivation

This takes the initial parameterization and derives thelrés check the answer. From:

— ¢+ 1y, | +e with €~ IN, [0, (54)
the h-step recursion is:
yr+n = @+Iyp 1 +€rgn
h—1 4 h—1 4
= Z II'¢ + M'yr + Z Merypn .
=0 1=0
Now:
h—1 ‘
S =T, 4T+ I = (I —Hh) (I, — 1)~
1=0
as:

ZHi(In—H):(In+H+---+Hh_1) (I, ~II) = I, — II.

After break, get:

h—1 h—1
YT+h = () " + ()" yr + ) (%) €rpi
=0 1=0
h—1 ‘
= (L -1 (T = () ¢+ () yr + > (AT e
=0
Next, the model forecasts:
h=1 N1 SN
ron =y We+Myr = (L, -I) (L, -T") ¢+ gy
=0
so forecast error is:
h—1 -1 h—1 '
Yrin—Yren =y (T Z II'¢ + ( Hh) yr+ 1" (yr = §7) + Y (1) erp .
i=0 i=0 i=0

Need a mechanism for approximating stochastic properfifsho Use:

h—1
" = (IL, + op)" ~ I} + ) ILSIL ! =111 + C,. (55)
1=0
Also, neglect interaction, so:
Cryr ~ Cpep

asE[yr| = ¢. Then:
yh NN h
" (yr —yr) = — (Hp + Ch) dy,
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and:
() —i")yr = (@) -1 - C)yr

- HZ) (yr — ) + ((H*)h — HZ) ¢ — Crep.

1
—
H

Further:

h-1
Che = (Crp)” = (Z IT), @ Q'TI) " 1’) o1 = Froy.
=0

The most complex term is:

h

|
—_
D“‘
—

h—1
(H*)z ¢>«< _ Zﬁz$ _ (In o (H*)h) (I _ H* -1 d)* Z Hz + C d)p + 5¢))
] i=0

~
I
o
<
Il
=)

h—1
- (I” - (Ir) h) Z IT, ¢, — Digy, — Z IT,6 — Z Cidy
=0 i=0

= (L)) ¢ — (L, - 11}) ¢, - Digy, - th 11,0, — Didy
=0

where:
h—1
D, =) C;
i=0
as:

¢:¢p+¢_¢p:¢p+6¢
Combining, first the terms in variance components:

h—1
— > 10,6, — Fuél; —D; (85 + ¢,)
i=0
where:

§ I8, = (1, - 13) 6.
1=0

The covariance termsD;(d4 + ¢,,) have been dropped in general: but may not be negligible.
Next, those in slope conditions:

+ (@) 1) v — ) = ()"~ 1) (y7 - ) + (0"~ 1) (7 — )
and finally in the equilibrium mean factors:
(1 — @) ¢ = (L, -1 o, + (1) — 11} )
- ()= (1) gy (1) - (1))
= (In - (H*)h) (¢" — ) — (In - HZ) (p — ) -

This delivers the above taxonomy table. Hence biased fetecamlessp, = . Buty, # ¢ would
entail non-zero mean residuals in-sample, which seemkalyli



