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Abstract

Cointegration analysis has led to equilibrium-correcéoonometric systems being ubiquitous.
But in a non-stationary world subject to structural brealkbere model and mechanism differ,
equilibrium-correction models are a risky device from whio forecast. Equilibrium shifts entail
systematic forecast failure, as forecasts will tend to mavihe opposite direction to data. We
explain the empirical success of second-differenced devémd of model transformations based
on additional differencing as reducing forecast-errosésg at some cost in increased forecast-
error variances. The analysis is illustrated by an emgigpalication to narrow money holdings
in the UK.
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1 Introduction

Developments in cointegration analysis from Granger (L98tough Granger and Weiss (1983) and
Engle and Granger (1987), to Johansen (1988) have led thbemumn-correction econometric systems
being ubiquitous for modelling, forecasting and econoroticy analysis. In fact, most economet-
ric models are members of the equilibrium-correction ¢lagsich includes not only explicit vector
equilibrium-correction models (denoted VEqQCMs) based aintegration, and almost all regression
equations and simultaneous models, but also most otheoewmiric systems, including vector autore-
gressions (VARS), dynamic stochastic general-equilibrinodels (DSGES) and many variance models
(such as ARCH, GARCH etc.). The forecasting properties isf luge class are essentially generic,
and seem well represented by those of VEqCMs. Hence we fattitose below.

Initially, both theory and Monte Carlo simulations suggesVEqCMs should outperform when

forecasting, especially for cointegrated combinationvariables: see e.g., Engle and Yoo (1987),
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Litkepohl (1991) and Clements and Hendry (1995). Howetver,findings of forecasting competi-
tions (see e.g., Makridakis and Hibon, 2000, Clements antikye 2001, and Fildes and Ord, 2002),
extensive applications to forecasting macro time seriga &ock and Watson (1999), and empirical
mis-forecasting of events, such as money demand in the UKHsadry and Mizon, 1993) and UK
consumers’ expenditure (see e.g., Clements and Hendral @@&ggested that all was not well. The
theory of forecasting from mis-specified models of nonisteiry processes subject to structural breaks
in Clements and Hendry (1998b, 1999) highlighted that VEgGM&re not robust to shifts in the un-
derlying equilibria, and also showed that a causal econdneiory basis for forecasting models is of
no avail in a world of location shifts: following such breaksethods using no variables from the data
generation process (DGP) could outperform well-specifiedets, both theoretically and empirically
(see e.g., Allen and Fildes, 2001, 2004, for evidence). €halts in Hendry and Doornik (1997) and
Hendry (2000) showed that location shifts, such as changesgjuilibria, were the most pernicious
problem for forecasting in this class. Indeed, followingeauilibrium shift, forecasts from VEqQCMs
tend to move in the opposite direction to the data, theretlydimg forecast failure, defined as a sig-
nificant deterioration in forecast performance relativentsample behaviour. Thus, the prevalence of
structural changes in macroeconomic time series confirm8tbick and Watson (1996) helped account
for such outcomes.

Since VEQCMs should forecast well when a process is dift@estationary, but are unreliable if
location shifts occur, we consider model transformatiorsctv retain their causal basis yet reduce
forecast-error biases, at some cost in increased forecastvariances (other adaptive approaches, and
the basis for these, are discussed in Hendry, 2003). We adsemt a new explanation for why some
so-called ‘naive’ forecasting devices based on doublesificing may be hard to outperform, even
if they are apparently poor approximations to the in-sanip&. Whereas a VEqQCM will perform
badly when forecasting after a location shift has occureedouble-differenced device (DDD) can
deliver near unbiased forecasts in that setting. On thes ledighat finding, we can then show that the
differenced VEqQCM, denoted DVEQCM, should in turn outparidhe DDD.

Section 2 provides some background to the present apprbbett, section 3 specifies the cointe-
grated DGP and its properties as a forecasting device, #eios 4 considers the effects thereon of
location shifts. Section 5 discusses why DDDs may forecadtiw DGPs subject to such structural
breaks, for which even the best VEQCM is an incomplete detson. This leads in section 6 to a differ-
encing transformation which improves the robustness of g when forecasting in such a context,
and helps them outperform DDDs. Section 7 illustrates thesas for the much-studied empirical

example of UK M1. Section 8 concludes.



2 Background

The background to this paper lies in a theory of economicctsting based on the properties of unpre-
dictable processes, considered in Hendry (2003), combiiitxch detailed taxonomy of forecast errors
developed in Clements and Hendry (1998b, 1999), and extietad® non-parametric representation in
Clements and Hendry (2004). The former delineates the migmg $rom an entity being predictable

to a forecast thereof; for each such step, the latter shovishwdf the resulting possible sources of
forecast error are likely to induce forecast failure, andciviare not.

Let:
v =f (Z—1) + ve (1)

wherey, is the set ofn variables of interest, generated by the DG, (y;|Z;—1) whereZ,_; C I,
denotes the (cumulative) DGP information set, agds an unpredictable non-degenerate vector ran-
dom variable, defined by the property that over the pefiod {1,...,7}, the conditional distribution

D,, (v¢|Z;—1) equals the uncondition&,, (v;):
Dyt (Vt ‘ Itfl) = Dut (Vt) Vit € 7. (2)

To forecastyr. 1, the in-sample modep(fT, §T) is developed for some specification of thearame-
ters@ cR! estimated a@T from the full-sample informatiorﬁT where J;_1 C Z;_1 is the available

information set at each point in time, measuredf@yl such that:
Yrr = ¥, (jT, 9T) . €)

There are many ways to formulate the functign (-) in (3) for a dynamic modet) (-), including
‘powering up’ and multi-step estimation, but only the fomi® considered below (on the latter, see
Bhansali, 1996, 1999, 2002, Clements and Hendry, 1996b Clredillon and Hendry, 2005nter
alia). For simplicity of exposition, we focus on the first two mameefor 1-step ahead forecasts, rather
than the complete forecast distribution.

The key factors that determine the forecast error:

Uy = yre1 — Yrar = froa (Zr) + vy — ¥1(Jr, 07),

are: the composition of the DGP information séts;; how eachZ;_; enters the DG®y, (y¢|Z¢—1);
howDy, (y:|Z;—1) changes over time in-sample; the limited informationget; C Z;_;; the mapping

of Dy, (y¢|Zt—1) into Dy, (y¢|J:—1), called the local DGP (see Bontemps and Mizon, 2003), which
induces:

gt (Ji—1) = E [ (Ty—1) | Ti-1],

such thate; = y; — g; (J;—1) is unpredictable relative tg; _1; how Jr will enter Dy, (-|J7) for

a forecast origin af"; the approximation of; (7;—1) by the modely (7;—1, 0); the specification



of 8; measurement errors in ea&g_l for J;_1 (which may themselves change over time); and the
estimation off by 6, which together determine the propertiesygf (). The first six are aspects of
predictability in the DGP; the second four of the formulatiof forecasting models like; (-) which
seek to capture that predictability.

Given such a formulationiz | can be decomposed into errors which derive from each of the

main reduction or transformation steps, namely:

Uryqr = vr1 + [fre1 (Zr) — grg (T1)] + (8041 (T1) — griayr (7)) (4)
+ [grsar (Tr) = %1 (T1,0)] + |1 (Tr.0) = 1 (Tr,0)| + [1(Fr.0) = 91(Jr. 0r)|

wheregr 17 (Jr) is the ‘extrapolated’ value afr 1 (Jr) based on the forecast-origin formgf-).
While decompositions such as (4) are not unique, they helpopit the potential sources of forecast
failure, and which components are less likely to have a paas effect on forecast accuracy.

Taking the six right-hand side terms in (4) in turn, the filsee are unknowable (in the absence of
a crystal ball), being dependent on the future innovaiign ;, the reduction to the limited information
set, and post-forecast-origin changes in the induced psocal 3 are, therefore, unpredictable, will
affect the forecast-error variance, and may influence immehe first and second terms have expected
values of zero for proper information s€tand.7, so will not affectEr [ﬁT+1\T|\7T] . Consequently,

a lack of knowledge of the complete information §ets not an explanation for forecast failure, a
general result of importance below, although using mote\aat) information will reduce the variance

component deriving fronfr; (Zr) — gr41 (Jr). However, the third term is a potential source of
forecast failure whegr 1 (Jr) # gri17 (Jr). That requires an induced location shift to be non-
Zero on average, rather than just structural change in ger@@onversely, this third term would be zero
under constant parameters.

The next three terms depend on the goodness of the modekftwaal DGPDy,. (yr|J7) and on
data accuracy, both in-sample and at the forecast origingliss the choice of estimator. Specifically,
the fourth is a function of the adequacy of the model, the bftthe data accuracy &, and the last
on the properties of the estimat@@ for & when the observed data are used. Thus, the fourth term
would be zero for a correctly specified model, the fifth zenodiocurate data, but the sixth only zero
in an infinite sample. The focus in many derivations of fostearor uncertainties on the impacts of
parameter estimation and innovation error variances tefessumptions of a well-specified model of
a constant DGP based on accurate data.

The three main general lessons of value from this summarghéanalysis below are:
that forecast failure is primarily due to induced locatidtracges: this will account for the failure of the
VEQCM after such shifts;

that limited information does not explain forecast faituttis will account for why a DDD, using



almost no information, can dominate the VEqQCM,;

that more information helps reduce forecast error varignttes will account for the dominance of the
DVEQCM over the simpler DDD.

These results will be established in the special case ofrdegyated DGP, which is now considered in

detail.

3 A cointegrated DGP

We consider a first-order VAR for simplicity, where the veabd . variables of interest is denoted by

x; (often taken to be the logs of the original variables), aadntsample local DGP is:
x; =7+ I'xi_1 + € wheree, ~ IN, [0,Q]. (5)

T is ann x n matrix of coefficients aner is ann dimensional vector of intercepts. The specification in
(5) is assumed constant in-sample, and the system is taken (b), satisfying the- < n cointegration
relations:

r=1,+ag. (6)

In (6), « and 3 aren x r full-rank matrices, no roots di — I'L| = 0 lie inside unit circle (where
Lxy = x4—5), anda/, T3 is full rank (n — r), wherea,; andg, are full column rank: x (n — r)
matrices, witho’a; = 3’3, = 0 (see e.g., Johansen, 1992). Additional lags do not mdsesifiect

the analysis below. Then (5) is reparametrized as the VEqCM:
AXt =T+ aﬁ'xt,l + €. (7)

Both Ax; and3'x; arel(0), but may have non-zero means. HowelefAB'x;| = E[B'Ax;] = 0

being the average growth of &f9) variable. Let:

T=7-ap (8)
and write (7) as:
(Ax; —7v) = « (/let—l - M) + €, 9
then pre-multiplying by3’, and taking expectations:

E[8'Ax)] =By + B'ak [B%1 — p] + B'Ele] =0

Wheng3'a is non-singular:

E[Bx1—pnl=—(8a) 8, (10)



so whenr lies in the cointegration space,= 0, andE [B/xt_l] = u, which matches the condition in
Johansen and Juselius (1990). Taking expectations in {8 (0):

E[Ax] =~ +aE [Bx1 —u] +Ele] =7 —a(Fa)” By = (In —a(fa)” B’) v=Kn,

whereK is non-symmetric idempotent with'’K = 0’ andKa = 0 soT'K = K = KT which
implies thatK~ = K7 . ImposingE [ﬂ’xt,l] = p generally, so the long-run equilibrium mean is the
constant:

E[Bx:] = p, (12)

thend’~ = 0 with 'y = ~, andK~ = ~ and:
E[Ax] =~ + aE [B'x¢—1 — pu] + E[e] = . (12)

Thus, in (9), bothAx; and3'x; are expressed as deviations about their means. Noteytisat x 1,

but subject ta- restrictions from3’y = 0, andy is » x 1, leavingn unrestricted intercepts in total in
(9). Consequentlyy, « and s are assumed to be variation free, although in principlepuld depend
on-~ as in (10): see Hendry and von Ungern-Sternberg (1981). TheR) are not variation free, as
seems reasonable when «, 8 and u are the ‘deep’ parameters: for a more extensive analysss, se
Clements and Hendry (1996a).

3.1 Forecasting properties for a constant DGP

When the parameters of (9) are constant in-sample, samydifgtions in estimates thereof have only
a small effect on the analysis, so we consider the case of kiparameters to focus on the issue of
forecast failure. In that case, 1-step ahead forecasts [@pwnincide with the conditional expectation

Er [Axr41|x7], and are given by:

&T+1|T =v+a(8xr—p) (13)

(this is an example o, 7(-) above). Theh-step ahead forecast errors for the growth rate are
ET+h|T = Axrip — A§T+h|T = €T+1-

It is easiest to first derive forecast err@s, ;v = xr41 — Xr4 7 for the levels, commencing
from:

Xry1r =0+ + a (8'xr — p) = 7+ Txy, (14)
SO€r1 7 = €r41)7- Theh-step ahead forecast errors from (14) are then generatecsiealy by:

h—1

§T+h|T =T+ F§T+h—1\T = Z ].-‘i’T + FhXT. (15)
1=0



As:
h—1 ‘ h—1 ‘
XT4h = Z Tir + Thrxr + Z Terini,
=0 =0
for known parameters, we have:
h—1
erynr =Y Terini,
i=0
with:
E[€rynr] =0 and V [erypr] = Z rQ.nr (16)

whereV [-] denotes the variance, which@(h) in (16) becaus&" increases ini, but eventually con-
verges toK as we now show. We use the well-known results that (see elgmednhts and Hendry,
1995):
BT =0 (I,+af) = (L +8a)s =w3,
and:
Fa= (I, +af)a=alv.

In a cointegrated systen¥ corresponds to the eigenvaluesIdfvhich are strictly less than unity in

absolute value, s®" — 0 ash — oco. Sincel, — ¥ = ', then:

h—1
=L +a) ¥g=1,—al - (Ir - q:h) B =K+a(fa) vg,

=0

so thatl* — K ash — oo with:
Xr4n = %7 +hy — o (Bla) ! (Ir—q:h) B'xr — p +ZreT+h . 17)

Thus, any disequilibrium at the forecast origin has an iasirey impact over time on the level of the
series asl™ — 0, albeit possibly ‘hidden’ in practice by the increased adi®m the cumulative error
term.

Returning to growth rates, sin€exrj, = Xr+n — X74h—1"

AXT_|_h = FhilT + Fhil (F — In) X7 + €ET+h + (F — In) Z Fi€T+h_Z‘_1

h—2

= y+aP" ! (B'xr —p) +erin —a Z V'S erin_1-i, (18)
i=0

SO:

&TJrh\T =y +a¥" ! (B'xp — ).



The impact of the initial disequilibrium fades in (18) in ¢oast to (17), a result of importance in ex-
plaining the differing behaviour of levels and growth-rédeecasts when there has been an unmodelled

equilibrium shift. Since&er, 7 = Axrin — Axpipr:

h—2
E |:/€\T+h‘T:| =0 and V [ET+h|T] =Q.+ Z a\IfiB/QEB\Ili/o/, (19)
1=0

whereV [ér 7] isO(1) in A in (19).
Parameter estimation adds term&p{7" ') to V [€r. 7| andV [ér.y 1] for a sample of sizé&'.

Given this background, we now introduce location shifte itte DGP.

4 The impact of location shifts

The main shift of interest here 8u* = u* — i, wherep™ denotes the post-break equilibrium mean.
Although-+, a and€2, could alter as well, reasonable changes to these rarely #igtaame magnitude
of forecast failure: see Hendry (2000). In a scalar settigldg-linear modelsf2, = o2 where

o = 0.015 (1.5%) is a representative value for an error standard tlemiaBeing an unconditional
growth rate, the sizes of changesytare limited for real variables (e.gs, = 0.006 in quarterly data
corresponds to 2.5% pa growth, so even a chande006—which would double real growth to 5%
pa—is only0.40.. However,u need not have any ‘natural units’ (e.g., as in money demamt) even

in cases where it does (as with consumption-income equatidrere values in the range 0.05-0.15
would be a feasible), changes could be very large relative,toamely3o. to 100.. In any case, shifts
in ~ are easily incorporated in the analysis if they are of irgefe.g., as they would be for changes in
China’s growth rate over the last half century).

Following a change t@.* at the forecast origin at time:
Axpi =+ o (8% — p*) +erq (20)
so adding and subtractinrgg in (20):
Axpyr =+ o (Bxr — p) +epy —aVp' = &T-i—l\T —aVp' +ery. (21)

The term&ﬂ”T in (21) is the constant-parameter forecast\ofr;; given by (13) (i.e.g717(+)),
whereas:
E |:AXT+1 - &;{T-I—I‘T = —QVﬂ* (22)

SinceE[3'xr| = w, then—aVu* is the unanticipated increase iaxr, relative to the constant-
parameter setting.
For h-steps ahead:
E [AXTJrh - &T+h|T = —a¥" vy (23)



which tends to zero asincreases a¥” — 0. Thus, following an equilibrium shift in al{1) system,
further ahead growth rates are forecast more accuratelyeanrthan 1-step. This occurs because ad-
justment to the change in the levelxf induced by the shift inx acts like a change in growth, which
dies out as the new equilibrium mean is attained. Such arméds very different from that obtain-
ing in a constant-parameter process, where predictaloditynot increase for a given future outcome
the further ahead it is. However, the increased variance wfi4period forecasts will entail reduced
precision.

Recommencing thé-steps ahead forecast sequencd’at j using an unchanged model does
not alter these results: (22) and (23) continue to hold wétly.f E[Ax7. sy — &TMMTH] =
—a Wy,

For levels forecasts after the break:

h—1 h—1
Xrn =hy —« Z Uy + Z Terin—i +I'xr,
1=0 1=0
yielding a forecast error of:
h—1 ‘ )
E [xrsn — Rppnr] = —a Y ¥Vp = a (o) (IT - \I:h) vt (24)
1=0

which increases tex (ﬂ/a)_lvu* over the forecast horizon aB" — 0. As with (23), (24) persists
even from a forecast origin @f + j well after the break. In both cases, forecast-error vagdoomulae
are unchanged from the constant-parameter setting.

A scalar numerical illustration based on the empirical eplenmof UK money demand in section
7 helps highlight some possible magnitudes. Consideringrée velocity adjusted for the foregone
interest cost of holding money, we have approximately: —0.1, andg = 1 with Vu* = 0.5 (which
is interpretable as 50% of the money stock) apd= 0.015 (1.5%). Then (22) is initially.05 > 3o,
but tends to zero, whereas (24) also start8.@d but increases t0.5 (since(ﬁa)_l = 10), a huge
forecast failure oB83c..

Sections 5 and 6 examine two closely related approache®idiay forecast failure 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 (9) to eliminate the equilibriumean and growth intercept.

We take these two transformations in turn. It must be steetbsd VEqQCMs and DDDs perform equally
badly in terms of forecast biases when a break occurs aftecdsts are announced (see Clements and
Hendry, 1999), so they do not differ in that regard for suclettireg, although the latter will have a
larger error variance, offset in part by smaller parameg@ntion uncertainty. The key difference lies

in their performance when forecasting at any point afteeabhas already occurred, in which case the
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VEQCM continues to perform just as badly (as shown above)heuDDD becomes relatively immune
to the earlier break. As we will show below, differencing HlEqCM achieves a similar objective (for
shifts inu). Such breaks are more common in lower frequency data foremgiccurrence rate, so the
‘insurance costs’ of differencing are probably less wogkiipg the higher the data frequency. Updating
the parameter estimates is considered in Hendry (2003) additional adaptation to change, but in the

present context would simply drive the estimatetb zero, and hence end as a model in differences.

5 Forecasting by a DDD

Most economic time series do not continuously acceleratijlang a zero unconditional expectation
of the second difference:
E [A%x] =0, (25)

and suggesting the forecasting rule:
Axpiapr = Axr. (26)

This will deliver unconditionally unbiased, but noisy, éaasts when the DGP has the form (9), even if
that DGP is augmented by additional lagged differences. Kep¢o the success of double differencing
is that no deterministic terms remain. Indeed, secondréifieing not only removes two unit roots, any
intercepts and linear trends, it also changes locationsstaf'blips’, and converts breaks in trends to
impulses. Figure 1 illustrates. Thus, while (26) will sufferecast failure for large changesnin the
period of change, it adjusts quickly to breaks, and needaib¢¥en one period later.

Figure 1 here

For example, from (20) foilgcTerT+1 = AX741!
Axrio — &T-i—Q\T—f—l =y +a(B'xri— ')+ erpo — Axri = o Axry1 + Aeryo,
so for Axp o — &T+2|T+1 = Ur o741
E [Urio741] = E [@B'Axri1 4+ Aerpo] = E [af'a (B'%xr — p*)] = —a (B'a) V. (27)

Compared to (21), which will remain the 1-step error of theg)Zi from a forecast origin of" + 1,
(27) must be smaller. This pattern persists for 1-step gfrgueriods after the shift:

E [AXT+h - &T+h|T+h_1} = -« (,B’a) w2y (28)

whereaf[AxT+h—&ﬂmﬂh,ﬂ = —aVu*. Forthe scalar numerical example above, (27) delivers
—0.1 x 0.1 x 0.5 which is a bias 0f0.005 = —0.30, S0 is negligible.
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In addition to the properties just noted, there is a dee@erarewhy a forecast of the form (26) may
generally perform well. Consider an extended in-sample &R reflects the analysis in section 2

that the process may depend on a larger information set tizamodel:
Axy = o + ao (Boxi—1 — 1g) + Yozt + vy, (29)

wherev; ~ IN,, [0, X,] independently of all the included variables and their mstwith population
parameter values denoted by the subscrigthus,v; is the DGP innovation such that = Ygz; + v;.
In (29), {z;} denotes potentially many omitted effects, possibly algkdy but which for consistency
with only x; beingl(1), arel(0) perhaps because of ‘internal’ cointegration, diffefag, or intrinsic

stationarity. We assumg is generated by thk-dimensional mean-zero VAR:
zy = ®z,_1 +n; wheren, ~IN,[0,€,], (30)
where
V(z) =V,=®V. ' +Q,. (32)

Although it is unrealistic, we take, to be orthogonal t@(x;_1, with 3, = 0 so the parameter esti-
mates in the original VEQCM are consistent: nhon-orthogonalould exacerbate the mis-specification
problem, so this is probably the most favourable case foMBgCM, and allows us to work with
known parameters to focus on forecast failure comparistwse do those of the previous sectibn.
Now the VEqQCM (13) is mis-specified by omittilgyz; as well as confronting a location shift. Both

effects favourAxy j, ;74,1 @s we now show.

5.1 Changed parameters

The relevant case for our analysis is when the DGP changegsteérecast horizon, and, for gener-

ality, we let all parameters shift to:
Axryi =5+ o ((8Y) X711 — 1) + Xoz74i + vy (32)

If Ax7ii — AXpyiir4i1 = Wrigr4+i—1 When the postulated econometric model is the estimated
VEQCM in x;:
~ ~ o~ A/ ~
AX7yrric1 =Y+ @ (ﬂ XT i1 — ,u) (33)

then:

* * * * * -~ ~ (5 ~
Wi T+i—1 = Yo T &g ((,30),XT+1‘71 - uo) + Xz + VT — Y — @ (5 XT4i—1 — u) . (34)

LIt is feasible, though tedious, to relax this requirement, the additional inconsistency of the estimated cointigna

relations would serve to strengthen the argument.
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All the main sources of forecast error occur, given (32)ckéstic and deterministic breaks, omitted
variables, inconsistent parameter estimates, estimatigertainty, and innovation errors: data mea-
surement errors could be added. Replacing in-sample dstrbg the corresponding in-sample popu-
lation parameter (pseudo-true) values will reduce thectseerror variances, but not otherwise affect

the analysis, so is again imposed, leading to (u&ifig] = v, etc., for in-sample average values):
Wi 4o ~ Yo+ g ((80) Xrtio1 — o) + Xozrpi +vrgi — ¥y — 0 (ByXr4io1 — 1) - (35)

Notice that (35) constitutes a sequence of 1-step aheadafstrerrors as the forecast origin in-
creases after the break. Even so, it is difficult to analyZg (8iconditionally as its terms are not
necessarilyi(0). However, conditional ofix7;1,271i-1), Wr474+i—1 has an approximate mean

forecast error relative to the relevant post-break digtidm at7" + i of:

Ervi [Wrsijrsiot | Xrpic1, 2rim1] = (70 — ) — (051 — app,) + [05(85) — ap3,,] Xrpi1
+Y0Er i [2r1i | Xr4io1,274i-1] - (36)
In general, ignoring chance cancellations, this will besidarably worse than (22)). Also, neglecting

parameter estimation variance uncertaintyCag7 1), WriT+i—1 has an approximate conditional

forecast-error variance matrix:

Vg [Wrpirsiot | Xrgio1,204i-1] = YoVrgi 204 | Xrpio1, 2r4i-1] X3+ Qo (37)

and its conditional mean-square forecast erd8FE) matrix is the sum of (37) and the outer product
of (36).

Contrast using the sequencefk;_; to forecastAxr,;, as in an extension of (26):
DX ipio1 = AXT4i 1. (38)
Because of (32)Axr,;_1 isin fact (for: > 1):
Axriio1 =75 + o ((80) x71i-2 — 15) + Xozrrio1 + vryio1. (39)

Thus, (39) shows that, without the economist needing to ki@acausal variables or the structure of
the economyAxr,;_1 actually reflects all the desired effects in the DGP, ineigdall the unknown
influences and all their changes, with no omitted variabdg®l no estimation required at all. Let
Axpy; — AVXTH‘TH,l = uryr4+i-1, then commencing the analysis at least two periods after the

break occurred, so using (39) ftx7;_1:

Uryi|7+i-1 = Yo+ ag ((ﬁé‘))’xﬂi_l - MS) + X027 1i—1 + Vi
— 76+ o ((B6) xr4i-2 — 1) + Xozrtio1 + vrgioi]
= ay(B5) Axryio1 + X5Azpy; + Avpy,. (40)
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All terms in the last line must b—1), so will be ‘noisy’, but systematic failure should not resul
There are two drawbacks to using (38) which partially offeadvantages: the unwanted presence
of vr4;—1 in (39), which doubles the innovation error variance; aridvatiables in the DGP enter
lagged one extra period, which adds the ‘noise’ of ményl) effects. There is a clear trade-off
between using a carefully modelled VEqQCM like (33) which htigevertheless be both mis-specified
and subject to breaks, and the ‘naive’ predictor (38). lledasting competitions across many states of
nature with structural breaks and complicated DGPs, itsy émsee whyAx7,;_; could win. Indeed,

sufficiently far after the break:
E [uriirsio1] = ofE [(85) Axpqio1] + XGE [Azry] + E[Avry] = a(85) 75 = 0.

Consequently, (38) will not suffer forecast failure welteafbreaks, and will fail to win all the time

only because of variance effects. Neglecting covarianges)ave for variances:
\% [uTJri‘TJri,l] =V [QS(,BS)/AXTJ@*J +V [TSAZTJri] +V [AI/TJri]

= al(BL)V [Axrii1] Biod + IV [Azpy ] XF + 29, (41)

which is theMSFE matrix whenE [UTH\THA] = 0. Conventional analysis argues for the doubling
of Q,, in (41) relative to (37). However, only the innovation ervariance component is doubled, so the
variance component could even be smaller (as in section @edrly guaranteeing that the combined
MSFE would be smaller than from the VEqCM.

5.1.1 Scalar illustration 1

Considering only a change im for illustrative purposes, with all other parameters canstand no

omitted variables, the VEqQCM error is:

Wi 7im1 = —0 (g — Ho) + Vi (42)

with unconditional outcome:

E [wrsirsio1] = —ao (1 — po) and V [wr s ] = oo (43)
so the 1-step sequenceMBFEs is approximately:

*

M [wriiirrio1] = of (ug — po)® + o2 (44)

In comparison that of the DDD in (41) is:

2

(6%
M [uriiiriio1] = 207 <1 t3 +0a0> : (45)
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Using the earlier values, = —0.1 with Vi, = 0.5 ando,, = 0.015 related to the empirical example
below, then (44) is approximately 6-fold larger than (45)ddiional parameter shifts, estimation
uncertainty, or specification mistakes would compoundeffatt. If ;uf; = 1o with all other parameters
constant, and no omitted variables, then the VEQCM mustgdreSurprisingly, however, once model

mis-specification is allowed, (38) can outperform (33) efm@rconstant parameters, as we now show.

5.2 Constant-parameter case

In the constant-parameter DGP (29), both VEqQCM and DDD amespécified, but in different ways,
S0 a contrast of their forecasts foris useful. The 1-step forecast error from the VEqCM gz 1 +
vr+1 where from (30):

E[Yozr+1 +vri1] =0 (46)

and:
V [T()ZTJrl + VT+1] = Tov [Zt] T6 + Qu. (47)

The DDD 1-step forecast error isxr1 — Axy = upq which has mean zero and variance:
Viuri1] = aoBoV [Axr] Byog + YoV [Azria] T + 20, (48)
as the covarianc€ [Axy Az, | vanishes whegB; Y, = 0, where:
VI[Az] = (® - 1) V[z] (& - 1) + Q. (49)
Using (31) and (49), the difference between (47) and (48) is:
Yo (BV [z4] + V[z] B — V[z]) X — a0,V [Axr] By — Q. (50)

When® = 0 (or, of course, Xy, = 0), then, in the absence of parameter estimation uncertainty
the VEqQCM forecast-error variance dominates that of the DBiBce (50) is negative semi-definite.
However, if® ~ I, soz is nearl(1) and the omitted variables are important in explainiagthen
the difference is:

YoV [z X, — aoByV [Ax7] Byay — 2y,

which could be positive semi-definite, albeit that serious-gpecification is required. Nevertheless, the
usual argument that differencing doubles the error vagapplies only to the innovation component

of the error, and is attenuated by omitted variables unlessetact like innovations as well.

5.2.1 Scalar illustration 2

Whenn = k = 1, explicitly comparable formulae are readily obtained fu scalar DGP:

Azxpir =y + ag (T — 1) + Aozre1 + vrga-
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Then (47) becomes:

2 )\g 2
oy pe + oy (52)
sinceo? = 072/ (1 — ¢?); and (48) becomes:
o2 + 02) 1
9 2 ( n”*0 v 2 2)\2 2 2 52
a072+a0 + 20, 01+¢+ o, (52)

so the difference between (47) and (48) is:

20 — 1 202 202

242 0 2 0

A — — 14—

0n0<1—¢2 2+Oéo> UV( +2+040>’

which will be positive only if¢ > 0.5, but can certainly be positive (e.gygy = —0.1, Ay = 1,

037 = 02, ¢ > 0.75 would suffice). Thus, even in a constant parameter world;rtaiwe’ predictor

KI‘T+1‘T could outperform a (mis-specified) VEqQCM.

5.3 Longer-period differences

A potential drawback of a DDD is its noisiness, so instead38),(one might consider an average of

recent growth rates, denoted ARD

A(m+1)XT- (53)

y 1 o 1
Akr i = gy L AT =
=0

Notice thatAXy, ;77— would use all the in-sample data when = T" — 1, switching to (26) for

m = 0. A special case is the latest annual change:

3
5 1 1
AXp 173 = 1 E Axr_j = ZAZLXT' (54)
i=0

While ad hoc Ax, 75 is an adaptive estimator ef which is slower to reflect breaks thanx but

is smoother, so its empirical behaviour is noted below.

6 Forecasting from a transformed VEqCM

We first consider replacing only the equilibrium-correnti@rm in the VEQCM by its first difference,

retaining all the other parameters unaltered, namely:

Axi=v+al (B'xi1—p) +& =7+ af Ax 1 +&,. (55)

2/ referee noted that this explanation may also show why sadnieocforecasting devices in the finance literature, such
as a buy-and-hold strategy, moving-average trading (& ADD,,,), or a momentum strategy (similar to (26)) are often

found to out-perform more ‘sophisticated’ forecasts basedtructural models.
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In this simple setting, the effect in (55) is to produce aroeegression im\x;, albeit not what would
be found on estimation: if there is already a lagdexk in the VEqCM, with coefficienII; say, then
IT; must be added tex3'. Since shifts inu are the most pernicious for forecasting, (55) might be
more robust to such breaks than the original VEqQCM (9). Onotier hand, there will be a loss of
information during periods where no breaks occur.

To examine the behaviour of (55) forecastifg» from T + 1 after a break i at timeT’, let:3

Axp o =7 +af Axry (56)
so the forecast error is:
Axpio — Axpyorir =7+ o (B'xrp1 — 1) + €ro — v — af Axpy. (57)
Since:
E[Axr42] = —a®Vp" and E [ET+2|T+1] =7—«a (5,04) vy,
then:

E [AXT+2 — ET-I—Q‘T—I—I] = —a\IlV/,L* + (,B/a) V[,L* = —aVu*,

which is the same as the mean forecast error from the ori§yiBglCM, delivering no benefit. Intu-
itively, the source of the forecast error can be seen in (&R)ch depends om* only through the
EqCM term, yetE [B'x741] = p* — ¥V p* does not fully reflecp.*.

However, later-period forecasts will benefit. For forerapi\x 3 from an origin atl” + 2, say:
E [Ax7y3 — AXpygimis] = —a®Vp",

so the mean forecast error will gradually decline. Altho§8) will induce a smaller increase in the
error variance than (38), namefy, + a3'Q.Ba’ rather thar2Q2., merely eliminating the equilibrium

mean by differencing does not seem advantageous. Morgd&@remains vulnerable to shifts in

6.1 Differencing the VEqQCM

Since shifts iy are the next most pernicious for forecasting, we considexctsting not from (9)
itself, but from a variant thereof which is the differencetbé estimated congruent representation,

namely:
Axy = Axi_1 + af/ Axe1 + Ae = (In + 045/) Axy 1+ =TAx; 1+ ¢ (58)

where (58) is just the first difference of the original VAR ndéed DVAR, since(I, + a8') = T,

but with the rank restriction from cointegration imposedtefatively, Ax;_; can be interpreted as

3Forecasting one period after the break serves to confirmdbenae of a gain from this approach.
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a highly adaptive estimator o in (9), whereu is then also approximated by the previous value
of the cointegrating combinatiori’x;_», so both parameters are replaced by instantaneous unbiased

estimators, leading to:

Axy =v+a (,B/Xt—l — ,u,) +e 2 Axp 1+ (,B/Xt—l — ,let—Q) +e = Axi 1+ af Axy 1 +e€.
(59)
In (59):
€& =(v—Ax 1)+ a(Bx0—p) + e =Ag

so the errors’ composition il{0) (rather thar(—1)) terms is revealed on this interpretation, albeit still
being Ae;. This form has the added advantage of clarifying the protdéthe point at which breaks

actually occur iy andu, namely:
€ = (v — Axi_1) + o (B'x—2 — p*) + €

so the forecast bias i3y — v) + a (n — p*) at that point, but rapidly vanishes as the values\af
and@3'x converge on their new means.

A second representation from (58) is:
A?x; = aff/ Ax; 1 + ¢, (60)

where (60) can be interpreted as augmenting the DDD fordwast3' Ax;_1, ‘adding back’ to the
DDD the main observable component omitted by using justdabged first difference, shown in (40).
Since zero-mean shifts in parameters do not have a majat effieforecast accuracy, such a strategy
is likely to have some benefits everifor 3 change. The remaining terms are all unknown, so absent
knowledge of some of the;, no further improvements are feasible down this route. TAU3DD is
not only the difference of a first-order DVAR, but is also ob& by dropping the mean-zero term
o Ax;_1 from the simplest DVEqCM.

A third representation of (58) is:

Axy = Axy_ 1+ af/ Ax 1+ Mg =v+a (B'x—1 — p) + [Ax_ — v — a (B'x—2 — p)| + A€
(61)
The term in bracketsdx; 1 — v — « (ﬂ’xt,g — u) = €;_1, SO acts like an intercept correction (IC),
adding back the previous realised error (see e.g., HendhCéements, 1994). However, the effect is
not the same as an IC given the different error term whichltefom adding and subtracting_ .
Like a DDD, the DVEQCM in (60) has no deterministic terms (eapnstants or linear trends,
and hence does not equilibrium correct, thereby reduciagigtks attached to VEqQCMs. However, it

will produce noisy forecasts, although smoothed variarg®asily formulated like ADD,. When there

4] am indebted to an anonymous referee for this suggestion.
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are no locations shifts, the ‘insurance’ of differencingstwrorsen forecast accuracy and precision, so
is a clear cost of using that strategy. Conversely, if lazaghifts do occur, the policy will pay. We
consider both cases, beginning with location shifts. Frewtisn 5, we can recover results for mis-
specified models of an extended DGP by substituting= Yoz; + v;: that section also established
most of the algebraic results needed below.

To trace the behaviour of (58) after a breakinlet:

Axp iy = (I, + af') Axy (62)
where from (21):
Axpy =~ +a (Bxp — p) + eppr —aVp'

Attime T, Ap* = Vu*, so:
E[Axri1] =~y — aVp',

and hence:

E|Axry1 — &T+1|T =7 -aVp' —vy=—-aVu"

As before, there is no gain when the break is after forecastarmounced.

However, Ap* = V™ only at timeT', so one period later:
E[Axrio] =E[v+ a (Bxr11 — 1) + erqa] =7 — a®Vp',

as.:
E[B'xr1] =p—BavVu' =p* — ¥V,

SO:

E|Axri2 — AXp oy | =7 — a®BVp' — (v — aVy') + afaVp* = 0. (63)
Thus, the differenced VEqCM ‘misses’ only for the forecadgio, then does not make systematic, and
increasing, errors. Notice that WhilSe[B’Axt] = 0 when the process is in equilibrium, 1-step after a
break,E [3'Axp;1] = —3'aVu* so contains important information about the recent foreeasr
bias. When breaks occur i, (60) should outperform, especially 4f also alters. Moreover, (63)
demonstrates thaiNv;c dominatesAx in (28) in mean.

If all parameters are constant, (62) remains unbiased bfftdrent, even at the forecast origin:

E AXT+1 - A\;(T+1‘T =0.

The next sub-section considers the impact of unnecessigeyetticing on forecast-error variances,

in the context of 1-step ahead forecasts.
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6.1.1 Forecast-error variances

Let §T+h|T+h_1 = Axpyp — &TM‘T%_l be the sequence of 1-step forecast errors from updating

(62), then, ignoring parameter estimation variance@,aéT‘l):
erqr = —aVu' + Aerqy,

whereas:

erior1 = A€rgo.

Relative to a DDD, therefore, there is a gain from the DVEqGMce the former also has the com-
ponent from the variance of the omitted variabl®’ Axr.; (namelya3'V [Axr,1] B’ in (41)), as
well as the same innovation and any omitted variables errdhsis, both central tendency and vari-
ability should be better for the DVEgCM than a DDD, at leasthia absence of parameter estimation
uncertainty. Where; = Yz; + v; we obtain similar results to those for a DDD depending on the
properties of z; }.

These findings provide a clear ranking of forecast perfooaafter a location shift ip: the DVE-
(qCM should dominate DDD in both mean and variance and hensSIRE; DDD should dominate
VEQCM in mean, but not necessarily in variance MBFE comparisons depend on the relative mag-
nitudes of shifts to error variances; and hence DVEqQCM shdoaiminate VEQCM in mean, but not
necessarily in variance &SFE depending on the magnitude of any shift. Additional unknasmit-
ted variables strengthen such an ordering. We turn to anr@alpilustration with a known location

shift to evaluate these predictions.

7 Empirical illustration: UK M1

The two ‘forecasting’ models of UK M1 in Hendry and Mizon (¥9and Hendry and Doornik
(1994) respectively illustrate several of the above phesran(related studies include Hendry, 1979;
Hendry and Ericsson, 1991; Boswijk, 1992; Johansen, 198&1dP, 1996; and Rahbek, Kongsted
and Jgrgensen, 1999). The data are quarterly, seasodalsted, time series over 1963(1)-1989(2),
defined as:

M nominal M1,

1 real total final expenditureT¢E) at 1985 prices,

P the TFE deflator,

R;,  the three-month local authority interest rate,

R, learning-adjusted own interest rate, zero before 1984(2),

Rpet  Rig — Ro.
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All computations are based on PcGive: see Doornik and Hefafg1).

The first model was based on using the competitive interdst Bg,, and the second on the
opportunity-cost measuri,,.; appropriate after the Banking Act of 1984 legalized intepeg/ments
on chequing accounts. To simplify the results, we first atgrsonly the money-demand equation, then
turn briefly to system behaviour. In both cases, ‘forecaats’over the five years 1984(3)-1989(2), or
subsets thereof, from an origin shortly after the Act.

Figure 2 here

Figure 2 (panel a) shows the time seriesdet p + i — m (log velocity, using lower case for logs)

and R;,, with a marked divergence apparent at the end of the sampleel ® graphs the computed

EgCMs for ‘excess money’ from the two earlier studies, defirespectively by:

Bx = m—p—i+T3R,+O0R,+56Ap
Bx, = B'x —73R,

These coincided till 1984(2), after which the former belsams in earlier cycles, whereas the latter
appears to plumb new depths: by the end of the sample, theydiaerged by more than 50% of the
money stock. That the correct EQCM is discrepant, may, dtdight, seem counter-intuitive, but it
occurs precisely because the opportunity cost has shifdatically, yefﬁ/xt does not reflect that
shift: not doing so causes the forecast failure shown in édbelow. Figure 2c illustrates that the
Banking Act corresponded to an equilibrium-mean shifttiedsto the model based aRy,.° The own
rate, R, has a mean of approximately 0.072 over the forecast horamha shift indicatot ;- 19g5(2)y
times that mean closely approximates the actual time path,pfo R}, = R, — 0.072 X 1g;1985(2)}

in figure 2d is close td,,.;. Consequently:

~/ ~
B x>~ B x; — 0.525 X 1g51085(2))

yielding Vu* = 0.525 as used above. On this basis, the legislative change aeta tikassive step shift
in 1, so the earlier theory should be relevant to explaining eépisode of forecast failure. Indeed, if
real money and?,,.; co-break, as illustrated in Clements and Hendry (1999, (;,hh@nﬁlxt should

also be an appropriate EQCM post the legislative change.

7.1 Single-equation results

Figure 3a shows the dismal performance on 20 1-step ‘foi€cakthe Hendry and Mizon (1993)
model for the growth rate of real mone¥, (m — p), based orﬁ,xt, denoted EQCME;,]: this model

5M1 data ceased to be collected after 1989 when Building 8esiéin M4, but not M1) started converting to banks,

which led to large jumps in the value of M1 on conversion days.
5The figure also shows why an intercept correction might perfaell after 1985(4).
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uses current-dated values®f, andAp, yet almost none of the:25 ¢ error bars includes the associated
outcome. In fact, a large fall in money demand is forecasindwvhat was the largest sustained rise
ever experienced historically. The mean forecast errérdi% with a root mean squared forecast error
(RMSFE) of 4.9%.

For comparison, the 20 1-step forecasts from the first diffees of that original model are shown
in figure 3b, denoted DEqQCM),,]: there is a very substantial improvement, with no systématder-
forecasting, suggesting that the adaptation proposeddtioee6.1 can be effective in the face of
equilibrium-mean shifts. All the panels are on the sameesaa the increase in the conventionally-
calculated interval forecasts due to the differencing $® alear (although these error bars no longer
correctly represent the uncertainty). The correspondiegmforecast error i8.4% with anRMSFE
of 1.8%: these are a dramatic improvement, especially noting beirnt-samples is 1.3%. Figure 5a
below shows the two sets of forecast errors (all panels osdhee scale).

Figure 3 here

Figure 3c shows the good performance on 20 1-step forecasts worrect’ model EQCMR,¢¢],
which is identical in-sample to the failed model. The meardast error is negligible &06% with
anRMSFE of 1.14%. Thus, these forecasts are better than the fit.

Since one cannot know in advance whether or not a given me@airirect’, and hence robust to an
apparent break, the effects of differencing applied tothg based-model are also worth investigating,
denoted DEqQCMR,,.;]. This produces similar forecasts to EQCR}].:], as shown in figure 3d, but
again with larger (conventional) error bars. Now the meaedast error i9.05% (the smallest of
the four) with anRMSFE of 1.79%, which is essentially the same as from differencing the rirga
model: in fact, their forecast errors are correlafie®it. Thus, the costs of the differencing strategy do
not seem to be too high for the ‘correct specification’, betlkenefits are substantial when differencing
is needed.

For comparison, forecasts based on the other adaptiveeddhiz= DDD from section 5, are shown
in figure 4 panel a. The DDD actually has a smaller mean er@m the ‘correct’ model (less than
0.001%), but a much largeRMSFE of 2.25%, so there are definite benefits from correct causal infor-
mation/ Moreover, the benefits from using either DEqQCM are markeative to the DDD, consistent
with the earlier theory that including3’ Ax;_; would improve performance. Finally, that tMSFE
has essentially doubled relative to EQCRAL:] suggests that omitted effects, other parameter changes,
and estimation uncertainty must be minimal. Figure 5b shihv@scomparative forecast errors, and
reveals how much smaller they are than those in panel a.

Figure 4 here

The ADD; forecasts shown in figure 4c are distinctly better than théDiaving a mean forecast

"Subject to theaveatshat the ‘correct’ model uses current-dated variablessitfirecasts’.
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error of —0.07% and anRMSFE of 1.8%. Hence some degree of smoothing seems to pay. This is
also true of the ADDR and DDD forecasts foR,,.; shown in figure 4 panels b and d (AQDas an
RMSFE of 1.5% as against DDD of.9%). Thus, while double differencing is highly adaptive when
a break occurs, the additional error variance at all poie&srs to more than offset its advantage in
comparison to the smoother adaptation used here. FigutedBesghat the resulting forecast errors are

more volatile than those in panel b, but less biased thangi@MER;,,] forecasts.

7.2 System behaviour

In a system context, there are three major aspects to corfsidmost of the methods, although the
DDD and ADD;, devices are unaltered. First, the contemporaneous vesiablthe money-demand
model must be forecast, even for 1-step ahead. There is desiaals from doing so here than might
be anticipated, with a mean forecast error0df% and anRMSFE of 1.59%. Figure 5d records
the VEqCMIR,,.,] forecast errors fo\ (m — p) for comparison with the conditional single-equation
forecast errors. It also shows the corresponding DVEQRM{] forecast errors to highlight the small
loss from the additional differencing of the correct speatiion. The forecasts from VEqCM|,] are
as poor as the single equation ones fofm — p), but differencing that VEQCM again corrects the
main forecast error bias, delivering errors similar to tho§DEqCM[R;,].
Figure 5 here

Secondly, multi-step forecasts can now be calculated. élbesre to confirm the above results,
and while more representative of the operational settimfroating forecasters, add little to our under-
standing of the properties of the alternative devices undasideration here. Since the two VEqQCMs
are identical in-sample up to the break, so are their mtép-$orecasts for any horizok: for later
forecast origins, however, they will behave distinctlyfeliéntly, with that based oR;, continuing to
perform poorly whereas that based 8., will perform well once the location shift is past. Conveysel
the DDD class has a rapidly increasing variance as the hogrows due to its additional unit root.

Thirdly, the break which occurred in the money-demand égnath VEqQCMI[R;,] becomes a shift
in the R,,; equation in VEqQCMR,,.;], which in turn could not be forecast accurately. The probfer
forecasters is that the most difficult variable to prediat aaduly worsen the overall outcome. This is
an aspect that multi-step forecasts of the levels highlgist, as can be seen in figure 6, fot — p)
andR,,.; (the outcomes forand Ap are omitted). Figure 6 is based b= 4, so the first four forecasts
match for the corresponding variables, after which VEq@&\}] does noticeably better farm — p)
but is still unable to forecask,,.; very well.

Figure 6 here
Other aspects of adaptive forecasting could be incorprait any of the above devices, including

intercept corrections, recursive updating of parametiémates, and re-selecting the relevant variables
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(see e.g., Phillips, 1994). The first of these should be baakfgiven the systematic departures visible
in figure 6. When implemented following a large location shifie second often leads to estimates
closer to a DDD than a VEQCM, as the additional differencifigni@ates some of the adverse effects

of the shift. The third accelerates the tendency just noted.

8 Conclusions

Using a cointegrated linear dynamic system with breaks twerforecast horizon as the illustra-
tive DGP, two adaptations were considered to improve thastoless of forecasts from equilibrium-
correction systems. The first was using second differerccks¢cast (DDD); the second was forecast-
ing from the differenced VEqCM (denoted DVEqQCM). Both prepts were shown to help robustify
forecasts against unanticipated location shifts, pdettushifts in the equilibrium means.

A new theoretical explanation for the relative success ef@DD was proposed, as capturing all
changes and mis-specifications in the DGP, albeit with alDegpite the DDD being mis-specified for
the local DGP, it could outperform a VEQCM even in constaatapneter processes, when the latter
used incomplete information, as seems inevitable in gractirhen the DVEqCM was related to the
DDD as also retaining one of the key observable componeatsaffected the latter’s forecast errors,
namely the change in the equilibrium correction.

These results provided a ranking across the three methoels fehecasting after a location shift:
the DVEQCM should dominate DDD in both mean and variance awté inMSFE; DDD should
dominate VEQCM in mean, but not necessarily in varianceyiS6-E comparisons depended on the
magnitudes of shifts relative to error variances; and héndeqCM should dominate VEqQCM in mean,
but not necessarily in variance MISFE. Additional unknown omitted variables would strengthealsu
an ordering.

The empirical example of the behaviour of M1 in the UK follogithe Banking Act of 1984 illus-
trated these two adaptations in action, for mis-specifietl'‘@orrect’ variants, respectively dependent
on the pre and post Act opportunity-cost measures. The VEg@Mronting the location shift had a
RMSFE of 4.9% as agains.25% for the DDD and1.8% for its DVEqQCM (compared to an equation
standard error of.3%). The corresponding mean forecast errors wet&?, 0.001% and0.4% respec-
tively. These demonstrate the potentially large ‘insueapayoff’ from differencing in the face of a
location shift. There seemed to be some benefit from usingomtérad DDD, in that the four-period
moving average, denoted AQDPhad a mean forecast error-6f).07% and arRMSFE of 1.8%, which
is competitive with both DVEqCMSs, and suggests investigaiome smoothing for those.

For the post-break correctly-specified EqQCM, where therg mealocation shift, itS)RMSFE was

1.14% as against.79% for its DEQCM, which is essentially the same as from diffeiag the incorrect
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model. That measures the ‘insurance cost’ when needles@yeticing a constant model, and is close
to a factor ofy/2. However, when the post-break behaviour of the new oppitytgost measure also
had to be forecast in a VEQCM, much of the benefit of the appatgpspecification was lost, making
either DVEQCM a competitive forecasting alternative wheealkion shifts occur.

All the approaches behaved as anticipated from the thendydamonstrated the difficulty of out-
performing ‘naive extrapolative devices’ when these arapéide to precisely those location shifts
which are inherently inimical to econometric systems. @ilethe outcomes suggest that, to retain
causal information when the forecast-horizon ‘goodnesgi@model in use is unknown, model trans-

formations based on differencing may prove a worthwhilgeou
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