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Abstract

When breaks occur, equilibrium-correction models (EqQChésed on cointegration face forecasting
problems. We investigate approaches to alleviate fordaiiste following a location shift, including
updating, intercept corrections, differencing, and eating the future impact of an ‘internal’ break
during its progress. Although updating can lead to a lossooftegration when an EQCM suffers
an equilibrium-mean shift, we show that updating can helgnvbollinearites are changed by an
‘external’ break and the EQCM itself remains constant. Bo#thanistic corrections help compared
to just retaining a pre-break estimated model, but an estinanodel of the break process could
outperform. Throughout, we apply the approaches to the mstuttied example of EqQCMs for UK
M1, and compare with updating a learning function as thelbesalves.

JEL classificationsC1, C53.

1 Introduction

Building on the earlier tradition of ‘error correction’ inhllips (1954), Sargan (1964), and David-
son, Hendry, Srba and Yeo (1978), the cointegration reilugparked by Granger (1981) and Engle
and Granger (1987) has greatly improved the econometricelimgdof integrated time series: see e.g.,
Hendry (2004), Hendry and Juselius (2000, 2001) for recamveys. By imposing convergence to equi-
librium trajectories from long-run economic analysis, dsh®n the isomorphism between cointegration
and equilibrium-correction mechanisms (EqQCMs), many newigcal economic insights have been
gained.

Unfortunately, that very strength of cointegration whendelong has proved to be its Achilles heel
in forecasting, namely a susceptibility to systematic dast failure: see Clements and Hendry (1998,
1999). The forms of structural breaks that are pernicionddieecasting with cointegrated systems are
location shifts, namely, breaks which change the undeghgquilibrium means of the cointegration
relationships. When such changes are not modeled, a caitédgsystem converges back to its pre-
break equilibrium—irrespective of where the post-breata gae located—inducing systematic forecast
failure: see Clements and Hendry (2002, 2006). Shifts irmofarameters of a cointegrated system—
when equilibrium means and growth rates are unchanged—aoh tess damaging to forecasts, and
indeed may even be difficult to detemt post see Hendry (2000)EX post however, locations shifts are
relatively easily detected and modeled.

*Financial support from the UK Economic and Social ResearotnCil under grant RES-062-23-0061 and award PTA-
030-2003-00904 (Fawcett) is gratefully acknowledged. Yeéegaateful to Peter Boswijk, J. James Reade, Timo Teriasand
an anonymous referee for helpful comments on an earliet.draf



On the other hand, foex anteforecasting, problems abound: predicting the precisentijmiorm,
and magnitude of location shifts seems beyond the scopesépt methods. Thus, we consider whether
forecast performance can be improved by forecasting daribgeak, which either alters the parameters
of the model in use, or is induced by changes elsewhere incii@oeny. As shown in Hendry (2006),
the class of EQCMs includes most econometric systems wiihgabsed unit roots (regressions, VARS,
DSGEs, GARCH and special cases thereof), and they all shanege of generic properties, of which
the crucial feature here is their convergence back to atgfeegjuilibrium. Consequently for clarity, we
establish the behavior of any proposed solution in the gEsiitqCM exemplar, rather than in a general
cointegrated system. This serves to highlight the key asgezach proposal, and guides the empirical
modeling illustration.

When a break is not predicted, possible solutions to avgidontinued forecast failure include the
well-known techniques of intercept corrections and défering, both being ‘robust’ solutions to past
unmodeled location shifts. These are considered belowrashb®arks against which to judge improve-
ments in forecasting during breaks. For the former, Hendiy Santos (2005) consider ‘setting the
model on track’ at the forecast origin, while Reade (200vedtigates smoothing recent corrections, in
both cases for a step shift. Here, we examine their behauongl an evolving break. For the latter,
Hendry (2006) proposes an explanation for the forecastinngess of so called ‘naive’ devices, such
as differencing, and also derives a hybrid that transformector EQCM to robustify forecasts against
past breaks, while retaining the causal information endmbdh the cointegration relationships. That
approach is investigated here for an evolving break, sinperforms well even in the absence of knowl-
edge of the causes of the break when applied to forecast UKftdfl 2084, which is the illustration we
use throughout.

While both these ‘corrections’ can improve dramaticallyeiogimply maintaining the system es-
timated prior to the break, and retain the causal informmagmbodied in the equilibrium-correction
terms—of importance in any policy context—neither is opfinboth double the forecast-error variances
as a trade-off against reductions in biases. Moreovde igttalso known about updating as the time after
a break increases. Thus, this paper also considers pdtiempiavements in forecasting during location
shifts by estimating the impacts of breaks during their pgeg. Even if the initial onset of a break is not
forecast, since the final effect will generally differ frota impact in dynamic processes, methods for es-
timating the outcomes of breaks during their progress nithpsive valuable. In particular, by modeling
the break process, its future progress can be anticipat@dhwve show could improve forecasts. Doing
so requires a modified forecasting model which embodies @iliary’ device to forecast the progress
of the break, such that the resulting forecasts are usedaottyrate and their forecast-error uncertainty is
accurately measured: the type of approach in (e.g.) Pedaestienuzzo and Timmermann (2006) offers
possibilities for the latter, and is not considered hereesehare demanding requirements because of the
very changes inherently induced by location shifts in elé, which thereby automatically alter the
pre-break collinearity structure. This can lead to a mared unavoidable increase in uncertainty with
an adverse impact on mean square forecast erfd8&-Es), despite the increased information which
results from the break. Such an impact turns out to be unabtdd so for example, deleting collinear
variables does not help unless they are in fact essentiadlievant: see Clements and Hendry (2005).
Nevertheless, section 3 establishes that rapid informatiimlates at the forecast origin can dramatically
reduce the forecast uncertainty deriving from changedneatities.

The structure of the paper is as follows. Section 2 reviewsahecast failure resulting from loca-
tion shifts in a cointegrated or equilibrium-correctiors®m using UK M1 as an example, following
the Banking Act of 1984, which legalized interest-beariimght deposits, and hence radically shifted
the opportunity costs of holding money, altering demanatnes to the prevailing information. Section 3
investigates forecast accuracy following an ‘externaakiéhat alters collinearity but leaves the forecast-
ing model unchanged, and demonstrates the advantagesaifngpgdarameter estimates in that setting.



Section 4 analyzes the relative performance of variouscésting devices during an internal break, in-
cluding intercept corrections, differencing and estimgith break-adjustment function in a simple setting
relevant to the empirical illustration in section 5. Seat®investigates forecasting during a break for a
model of UK M1, and contrasts the ‘agnostic’ modeling of tleak effects with the learning function
approach in Baba, Hendry and Starr (1992) and Hendry anddemc(1991) which uses economic theory
to constrain the effect through the shift in opportunityteasf holding money. Section 6 concludes.

2 Forecast failurein a cointegrated system

Location shifts — changes in equilibrium means — are the parsticious form of breaks for cointegrated
systems as they induce non-stationarity and systematcdst failure. The theory behind this claim is
established in Clements and Hendry (1998, 2006), and coaditmg their taxonomies of forecast errors.
In practice, forecast failure remains common — and sysiemats figure 1 illustrates for a model of UK
M1 estimated pre-1984: this failure will be the focus of thepérical illustration in section 5.
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Figure 1: Outcomes for M1 with 95% forecast interval fans.

The sample of quarterly observations is over 1964(3) to (B8¢or the following series:

M nominal M1

I real total final expenditure (TFE) at 1985 prices
P the TFE deflator

Rp 4 the three-month local authority interest rate

Rs  theinterest rate on sight bank deposits

The main reason for the drastic failure seen in figure 1 is fa shthe equilibrium mean relative
to its in-sample value. When that shift is not modeled, thimeded feedback coefficient converges on
zero as the estimation sample grows, which allows bettekitig of the changing data at the loss of
cointegration: see e.g., Perron (1989) and Hendry and N&8®). Figure 2 reports recursive estimates
of the associated feedback coefficient for the cointegyatétationm —p = i —8.7Ap+ 6.6 R, 4 (lower
case denotes logs). As can be seen, the intercept (whiclumsate growth rate of real money in a
differenced relation), falls towards 0.007 (panel a), thi@ated feedback coefficierit{) converges on

1The data terminate in 1989(2) as the conversion to a bank jer tnuilding society (the Abbey National) radically akdr
M1, when its retail sight deposits became part of M1.



zero (b), the 1-step ahead forecast errors lie outside #hwexisting 95% forecast interval (c), and the
sequence of forecast Chow (1964) tests increasingly diraegects (d). The bottom row panels show
the improvement in ‘tracking’ from full sample estimaticex(post panel e), where;; = —0.05 (0.01)

as againséex ante wherea; = —0.10 (0.008) (panel f).
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Figure 2: Recursive estimates of intercept, associated constancy tests, and fitted values.

Figure 3 shows how an unmodeled break affects the cointegraectors. Both panels show the
coefficient on the interest rat@;, 4, in the long-run money demand vector on the left, and the-koimg
output vector on the right, when estimated recursivelyr dffte break. If the model is left unadjusted, then
the impact of the equilibrium-mean shift manifests in thiiiast rate coefficient in the money demand
vector. This tries to adjust to compensate for a fall in theasfunity cost of holding money — which was
hitherto measured b, 4 — even though, in reality, the slope parameters in the agiatig relationship
have not changed.

Since other (mean-zero) breaks are of less relevance fecdet failure, the crucial information
needed to avoid systematic forecast failure in cointedraystems is to forecast location shifts. As this is
currently infeasible in general, one might attempt to fagttheir ongoing effects after such shifts occur,
as is the focus of this paper. At a minimum, adapting rapidlg toreak can help considerably, so we
also examine such strategies. Early detection of breaksg) isgher-frequency data could help in quick
implementation of either adaptation, but a forecast-esaronomy for time disaggregation shows that it
does notper sereduce the impacts of location shifts on forecast errors Gastle and Hendry, 2008),
and measurement errors in high-frequency real-time dataattenuate that benefit. However, we first
need to address the problem that, even though breaks iradless second moments and thereby lower
estimation uncertainty, most breaks also induce collineahanges, usually increasing it—at precisely
the wrong moment from the forecaster’s perspective.
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Figure 3: Recursive estimates of the coefficients on thedsteaateR 4 in both cointegrating vectors.

The left-hand panel shows the coefficient in the long-run eyatemand vector; the right shows that of
the long-run trend output vector. Dotted lines show 95% clemfte intervals.

3 Forecasting during an external break

Structural breaks generally alter the collinearities lestw variables, and so despite there being an in-
crease in the information content of the data due to the, ghifire is an offsetting adverse impact on
MSFEs due to changes in collinearity. This is unavoidable, astuohgj collinear variables does not mit-
igate the problem, unless the variables are irrelevant arlyneso. Hence, despite knowing the DGP,
and even correctly predicting a location shift, parameséimeation updating is valuable in mitigating the
impact of changing collinearity as we now show.

To illustrate the issues involved, we consider the simiegEM, namely a constant-parameter DGP
correctly modeled by a conditional regression model:

yr = B'z; + ¢, where ¢, ~ IN [0, 7] (1)

with the marginal process:
2t ~ IN,, [, 3] 2)

distributed independently dk;}, whereQ = X + ppu/ = H' AH with H'H = I, in-sample. Allowing
for a post-sample change that:
Ezry1z7,1] = Q" =HA™H,

after estimating (1) over the full sample as:

R T -l T
Bar) = (Z Zﬂ;) Z ZiYy = (TQ)il Zztyt 3)

t=1 t=1 t=1

with:
V [B(T)} ~ T 152071,



using
~/

YrhT+h—1 = B, ZT+h 4)
whereer, i ir = yr+1 — Yr41/7, the 1-step ahead SFE for known regressors is:

o _ _ 1 < \F
E[Foyr| = 02 L+ TE [ ar]) = 2 <1 tr i) - ©)
i=1

From (5), the increase in uncertainty will depend most orralie of the smallest eigenvalue)sf(,n)/)\(n)
say, which could be large. If there is no shift, 86 = \; Vi, then (5) reduces to the conventional
o2 (1+n/T), but (e.g.) forT" = 50, Am) = 0.0001 and)\z‘n) = 0.05, then)\fn)/T)\(n) = 10, inducing a
huge increase iIMSFE. Other ratios may also matter, and (5) only rises when aliity is reduced by
a break, but that seems likely for a shiftzin

A new result here is that one period later, after estimatjotfating:

~ L T -1 L T T4+1
Buri = (T—+1 > thé) T 2 mu = (TR0 Y sy, (6)
t=1 t=1

t=1
with: _
v [5(1,T+1)} ~ ol (TQ+ Q%) = oH (TA+ A*) "' H,

then:

E [E%F+2IT+1] = o! (1 + tr {HI (TA+A*)"'HE (7112774 }>

- <1+ZT)\ +)\*>' ()

The reduction in uncertainty depends most on the effect ttmsmallest eigenvalue ratio.;Tif(LT) is
retained, then (5) would continue to hold b(’sl)/ ([T +1] )\(n)), as againstk’(*n)/ (T)\(n) + )\fn)n) in
(7). ForT = 50, A,y = 0.0001 andA(,,) = 0.05, the former i€.05/ (51 x 0.0001) = 9.8, and the latter

0.05/ (0.05 + 0.05) = 0.5, leading to a dramatic reduction of the estimation uncetyatontribution.
We also obtain the impact on rolling-window estimatGg 7:

E[GTJFHT}—U (1—1—2 T k+ ) (8)

which must be worse than (5). HoweverZt+ 1 using B(k+1,T+1)’ so some of the break period is
in-sample, then a substantive reduction ensues:

E[E%”\T“} - <1+Z T - k+1 A +)\*>' ®)

These impacts of a change in collinearity at the forecagirokirere assessed in a Monte Carlo ex-
periment based on (1) in which consists of an intercept and two white-noise processespataneter
values set to result in a population non-centrality of 2 ggitd), withT = 50 and a forecast horizon
h = 10. The intercepd, = 0.28 for a non-centrality of 2. We consider change$lmt timeT" from
to Q*. 1-step forecasts are computed To#- 1 to 7'+ h, for known regressors, aMSFEs are recorded
for each forecast horizon. The forecasts considered iedluose from (4) based on in-sample parameter
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estimates (3); forecastg . j71n—1 = EELTM_UZTM based on updating parameter estimates using

the available sample:
T+h—1 ) “Lrypa

Burin-1) = ( > iz >z (10)

t=1 t=1

—/ . .
and forecastgr, yjr4h—1 = Bk+h—1,7+1—1)27+h Dased on rolling parameter estimates:

T4+h—1 “Lrin
Bk+h—1,1+h-1) = ( > th£> >z (11)
t=k+h t=k+h

wherek = 10, 25.2
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Figure 4: Breaks in collinearity

Figure 4 records the results for the varidasnd Q* reported in table 1. When the smallest eigen-
value ratio is small, there is little impact on the estimat@mntribution (see panels a and b), and short
rolling windows are very detrimental. When the smallesesiglue ratio is larger, recursive estima-
tion yields a greater improvement over the in-sample esiimaand rolling estimation does reasonably
well some time after the break: see panel c. For a large eddigavatio, panel d, the impact of chang-
ing collinearity is evident. After 2 steps, all updating imeds are preferable to the forecasts based on
in-sample estimates. Rapid updating is required to cagiatk the location shift and the change in
collinearity between variables caused by the locatiort.s@ibserve that the impact of the shift depends
on the ratio of eigenvalues and not the levels of correlati@mselves. A shift from a correlation of 0.99
to 0.001 appears extreme, but a shift of the same magnitsdésérom),,) = 0.001 to )\E‘n) =0.1.

2M = 10, 000 replications were undertaken witf = 1.



Panel ) >* A Smallest) ratio

a ( 0%1 Oil > ( 0%9 oig ) 09— 0.1 0.11
b 0.301 0'201 0}39 0'39> 0.999— 0.01 0.01
¢ ( 0%9 Oig > ( 0%1 Oil > 01-09 9

d ( 0;9 O‘fg > ( 0.301 0'?01 ) 0.01— 0.999 99.9

Table 1:Q2, Q* and smallest eigenvalue ratio for Monte Carlo experimanfigjure 4.

Model mis-specification can exacerbate the changing eallity problem. Partition; = (z’l’t : z’Q’t),
wheren; + ny, = n with 8/ = (8} : 3), and thez; , are mutually orthogonal, as the ‘best case’.
Collinearity betweer; ; andz,; can be handled by orthogonalization, as happens anyway dhngm
the latter. Omittingz, ¢, the forecast is:

Yr+r = 21 74151, (12)
with unconditionalMSFE:
E -2 _ 2 1 - )\;k /A* 13
€41 T| = Oc +ZT)\i + ByA%08;. (13)
i=1

This trade-off is key to forecast-model selection. SifgeA,3,; = Z?:mﬂ ﬁ?)\i, defining the non-
centrality of the squaregitest ofHp: 3, = 0 by:

TF2\;
2 LGN
the unconditionaMSFE is (see Clements and Hendry, 2005):
—2 ~2 03 - 2 )‘;
E [6T+1|T] ~E [6T+1\T} + = E <76,- - 1> e (15)
T i Aj

j:n1+1

The impact of interactions between collinearity and misesfication were assessed in a Monte Carlo
experiment based on the previous design in which the misHsgaion is omitting one of the regressors.
Figure 5 illustrates the results for the largest shift idinekrity in the previous simulation with a smallest
Aratio 0f99.9. For72 > 1 we sets, = 0.2, 3, = (3, = 2 such that? = 2 in-sample for an eigenvalue
of \; = 0.01, and forr? < 1, we set3, = 0.1, 3; = 35 = 1 such thatr?> = 0.5.

Whent? > 1, the MSFEs of the mis-specified model are substantially worse for resstnation
methods. Under constant collinearity, the mis-specifiedeti® forecasts using rolling windows of 10
and 25 observations outperform the equivalent corregtbcified forecasts due to estimation uncertainty.
For changing collinearity, all mis-specified models perfanuch worse, except for a lowd8SFE in
the period immediately after the bredk ¢ 1) and using a rolling window with 10 observations. Note
the much greater scale on the graphs for changing colliyeari

However, whenr? < 1, so the omitted variable has a low non-centrality, the mpiscgied model
can do better than the estimated DGP under both constantremdjiog collinearity. Under constant
collinearity, the forecasts from the mis-specified modélg@rove on the correctly-specified models,

8
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Figure 5: Interactions of collinearity with mis-specificat for a large break

albeit the gains are marginal for the full sample and reearsstimates: this demonstrates that parameter
estimation uncertainty is of less importance here. Undangtmg collinearity, all forecasts outperform
the un-updated correct in-sample model after 3 steps, withaorrectly-specified models that update
still outperform mis-specified models.

We also considered smaller changes in collinearity. Figueeords the impact of a shift in collinear-
ity given by the smallesh ratio of 9 in panels a and b, and 0.11 in panels ¢ and d (see table 1 for the
corresponding covariance matrices), again with parameteosen to deliver? = 2 or 0.5 in-sample.
When the mis-specification is large, i.e> > 1, the correctly-specified models mostly outperform the
mis-specified models, although rolling windows do incur atuch that mis-specified models can be
preferable. When? < 1 the mis-specified models often have a loMSFE than the correctly-specified
models, in keeping with the above analysis.

Four conclusions follow from this analysis of changing ic@hrity when using mis-specified models.
First, one m|n|m|ze£[eT+1|T] by eliminating all regressors when% < 1. SecondIyE[eTHlT] is

possibly smaller than thMISFE of the estimated DGP equatlon Thlrdly, one cannot forebater
simply by dropping collinear variables if they are relevaith Tﬂ > 1. Fourthly, updating only reduces

the first term in (13), so the mis-specification componenteiélses relatively. Hence it is especially
valuable to correctly eliminate or retain variables WD%B/)\(”) is large.

4 Forecasting during an internal break
Again we consider the simplest DGP, now given by:

ye=a+ A1 —exp (=9 [t =T +1])] 1oy + € with ¢ ~ IN[0,07] (16)
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Figure 6: Interactions of collinearity with mis-specifiicat

where 1>y is an indicator function which is zero before tirfieé and unity thereafter, ang > 0,
althougha and X\ could have either sign. The existence of a break at fifrie known, but the form it
takes is not known, to match section 5. Figure 7 shows thegflan exemplar of (16) whena = 1
andy = 0.2, with the own interest ratef{s but scaled by 10) following the Banking Act. Despite its
simplicity, (16) can be interpreted as havipgas the deviation oAz, from an equilibrium correction,
soa denotes the unconditional growth rate, and — exp (— [t — T + 1])] 1;;>7y models the shift in

the equilibrium mean.
1.
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Figure 7: Artificial break function and the own interest rate

At the break:
yr =a+ Al —exp(=¢)] +er
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and the outcome & + 1 from (16) is:
yre1 = a+ A(1 —exp (=2v)) + ery1. 17)

We consider four alternative 1-step ahead forecastingcdsvid.1 an intercept-corrected model (IC); 4.2
a differenced device; 4.3 an estimated version of (16); addghoring the break, forecasting each of
T+ 1fromT, and theril" 4+ 2 from T' + 1 in subsection 4.5.

4.1 Intercept correction

Here the model of (16) is:

Yyt =7+ 0Dy + vt (18)
where D7y is @ dummy variable with the value unity froffi onwards, and is zero otherwise. As
Dyry = 1, using the full-sample datg, is the sample mean ovér... T — 1, SOE [7] = o

2
O

VAl =5 (19)
and: B
S =yr—F=(0-3) + A(1 - exp () +er (20)
soE m = A (1 —exp(—v)) and:
v[}ﬂ:V[a—ﬁ]+a§:a§<1+(T—1)—1>. (21)

The forecast g, =7 + 4, so from (17) the error iy 7 = yr+1 — Yry1/7°

Erar = (@—7) + A1 —exp (—2¢)) — 6 + ery1 = Aexp (—) (1 — exp (—¢)) + Aery1,
with:
E [ert1yr] = Aexp (=) (1 — exp (—1))

and asC[0,7] = -V [}

~ ~ 2
E [(ETJrl\T —E[er4111]) } =E [(AGTH)Z} = 207 (22)
so as usual, an IC doubles the forecast error variance. Tei8|SFE is:
M [Eryuir] = A% exp (=2¢) [1 — exp (—¢)]* + 207 (23)

4.2 Differenced device

This is simply:
AYpiqr =0 (24)
Of Yy 1yr = yr, SO from (17), lettingr 17 = yr41 — Yrpy 7t
ey = Aexp (=) [1 — exp (—¢)] + Aertq (25)

with E [e71)7] = Aexp (—¢) [1 — exp (—¢)] and:

— — 2
€ [(rar — Efera])’] =€ [(ern —en)?] =202
Differencing also doubles the forecast error variancehe®SFE is:

M [er 1] = A exp (=2¢) [1 — exp (—=¢)]* + 207 (26)
which in this setting is identical to IC.

11



4.3 Estimated DGP

Next, using the sample mean over.. T — 1 for & in (16), since\ andy cannot be separately estimated
atT, the forecast from the estimated DGP is again identicaléd@h

Yry1r =@ +0 (27)

so theMSFE is:
M [ery1yr] = A exp (—2¢) [1 — exp (—9)]* + 202 (28)

Thus, (23), (26) and (28) are identical, despite (26) ndtmeging any parameters. This result is not
likely to hold for forecasting,r » from a forecast origin df’ + 1, as the third method should ‘track’ the
evolving break better than the first two.

4.4  An unadjusted model
Finally, if no action is taken in the face of the break:
?T+1|T = (29)

wherew = .1 | 4,/T, then:

a N

A1 —exp(~y)) and V(@] = %

— — .
so for’'e T+1T = YT+1 — Y T+1|T-

E[rar] = A1~ exp (~20)) — A (1~ exp (1)

with MSFE:

M€ror) = (€[Frol)* + o2 (14 1) (30)

The ranking varies with the DGP parameter values, spedifitta size of the break relative te?, but
in general (30) will be larger than (23), (26) and (28) fordks bigger thaw..
441 Numerical illustration

For the parameter values in figure 7, namgly= 1 andy = 0.2 wheno,. = 0.1 andT = 100, which

is an initial shift of1.80, then (23)=(26)=(28) and (30) have the valwe$120 and0.1176, see figure
8. Thus, the ‘corrections’ for the break outperform relatio taking no action, and would do so even for
values ofo, as large a$.25.

45 2-periodslater

Now the outcome is:
yri2 = a+ A (1 —exp (=3%)) + eri2 (31)
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45.1 Intercept correction

Updating using (18);y remains as before, but there are two possibilities, namelneing D, or
setting Dy7y = 147y and addingDr1,. We consider the former here, as the latter yields a similar
analysis to 4.1 moved forward one period. Thus:

1

B = ¢ (yr +yra) =7 = a7+ 3 (A1 —exp (—)) + AL — exp (~20))) 43 (er + ers) (32)

SOE[d2] = A — Aexp (—v) (1 + exp (—1)) /2 and:

V[SQ] :V[a—ﬁ]+%a§:a§ (%—F(T—l)_l). (33)

The forecast igr o741 =7 + 02, With errorer o741 = yri2 — Yry2/741 SO:

eriorir = (a—7)+A(1—exp(=3¢)) — o + €742

_ )‘e%(_w) (14 exp (=) — Aexp (—=3¢) + erqo — % (er + er41)

whereE [ET+2|T+1] = Xexp (=) (1 +exp (—v) — 2exp (—2¢)) /2, and hence:

~ ~ 2
E [(5T+2\T+1 —E [eryaria]) } = 1507,
so theMSFE is: ,
M [eriori1] = (E [éryori1])” + 1.507 (34)
Estimating two parameters here to offset the break only &@Qés to the forecast error uncertainty over
a known DGP, but ‘smoothing’ the IC imparts a bias.
45.2 Differencing

This forecasting device remains:
Yri2iT+1 = YT+1 (35)

so lettinger o741 = Y142 — Yrqojroi

€ryory1 = Aexp (—2¢) (1 —exp (=) + Aeryo (36)
W|th E [ET+2‘T+1:| = )\exp (—2¢) (1 — €XpP (—¢)) a.nd E[(ET+2|T+1 —E [ET+2‘T+1:|)2] = 20'?, SO the

MSFE is: ,
M [eryori1] = (E [Eraori1])” + 202, (37)

This is generally smaller than (34), as:

E [eriori1] — E[ersori1] = Aexp (=) (1 —exp (=) /2> 0

so the 2-period averaged IC should be dominated by the @iféerd model for forecastirifj + 2.
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453 Estimated DGP

Now ) and+ can be estimated by non-linear optimization, albeit withsiderable uncertainty, from

1
: 2
filldfl Z T4k
k=0
Using the form in (16) allows ‘extrapolation’ to the outcoiehe next period, namely:

Yrpore1 =+ A (1 — exp <—31Aﬁ)) (38)

wherea remains as before. The forecast e@pLy 71 = yr+2 — Yry2i7+1 from (38) is:

erqory = (@ — Q) + <)\ - X) — Aexp (—3¢) + Xexp (—3@) + €142

soE [€T+2|T+1] ~ 0; andE[E%H‘TH] depends on the (co)variances of all the estimated parasndtee
MSFE need not exceei [ET+2|T+1], due to eliminating the bias by projecting an additionaliqubr
ahead, but at 2 periods later for this ‘ogive’ break, estingathe DGP seems unlikely to outperform
given the potentially large variance effects. Howeverhagiost-break sample increases, its performance
relative to mechanistic corrections should improve.

454 An unadjusted model

If no action is taken after the break:

!

Yriorel = @ (39)

= T+1 — — )
where'a =3, 7y /T + 1, s0for'e pior i1 = yri2 — Y riori!

E [Troarin] = (1= exp(-30) — 7 (1= exp (—)) + A (1 = exp (~20))]
with MSFE: )
M€ rsar] = €[ Crara]) +o? (14 757 ) o

4.6 Simulation results

The results in sections 4.1-4.5 were checked in a simulatiarhich the DGP is generated by (16) for
the parameter values in 4.4.A: = 1,4 = 0.2, 0. = 0.1 andT = 100. M = 10,000 replications
were undertaken, and results for up to 4 periods after thekifa the 4 alternative forecast devices are
reported in figure 8 which summarises the restilitne results demonstrate that estimating the ‘ogive’
break does yield a lowaMSFE than the IC, even just 2 periods after the break, due to a tiedua bias,
but not relative to the differencing device where M8FEs are similar even up to 4 periods later. All
updating devices do substantially better than ignoringbttleak. Thus, taking no action does not seem
advisable unless the shift is small.

*The parameters for the 2—4 period forecasts for the estihia@&P were estimated by non-linear least squares for fixed
with initial conditions ofAq = 1 andv, = 0.25.
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Figure 8: Mean error and MSFE for up to 4 periods after thelbfeathe non-linear exponential DGP.
Symbols indicate values far + 1 andT" + 2 from the theoretical formulae above.

5 Empirical illustration

The phenomena discussed above are illustrated in an ajpli¢a the data on money demand in the UK,
using the time series defined in section 2. We use the modélemary and Mizon (1993) and Hendry
and Doornik (1994) (also see Hendry, 1979, Hendry and Entsg991, Boswijk, 1992, Boswijk and
Doornik, 2004 and Hendry, 2006), and express the varialdes@integrated system. The theoretical
basis is a model which links demand for real money,- p (lowercase denoting logs) to (log) incore
(transactions motive) and the interest r&tg4 measuring the opportunity cost of holding money.

The Banking Act of 1984 altered the opportunity cost, sirtcsimultaneously allowed banks to
pay interest on checking accounts (which is capturediiy the interest rate on sight deposits) but
required them to report interest income payments to thenthRevenue. The latter change affected
individuals who had hitherto not paid income tax on intenesbme (previously banks were not obliged
to report). By switching wealth to checking accounts, thouifpey were able to earRg interest on
deposits, whilst previous non-payment of interest incoreld be attributed to its absence on such
accounts. In combination, these forces provided both tineade and supply for a shift in assets from
non-M1 deposits to M1.

The break caused by the Banking Act is relevant to the framedeveloped above, in two respects.
First, the dramatic shift in the opportunity cost shown irufig9, panel (b) (afp = Rpa — Rg) is
a significant non-linearity that needs to be modelled cdigrdo avoid the systematic forecast failure
shown in figure 1 for a model usinB;, 4. Secondly, since the cause of the change was legislatide, an
knowledge of it did not spread immediately across the econdne case offers potential insights into
forecasting during a structural change through modeliedearning process, a third variant as in (41).

The baseline system is from Hendry and Mizon (1993), whidaksug;, 4 as the opportunity cost

15



measure, and we contrast this with the learning-adjustegbure used by Hendry and Doornik (1994).
The process by which agents in the economy learn of the gtalathange is captured by a weighting
functionw; of the form analyzed in section 4:

(41)

[ (I +expla—pBt—t+1))"t fort>t¢*
L ) otherwise

with o, > 0, andt* = 1984(3). The weight is applied to the interest rate on sight depdsitsand
the resulting serieg,; = Rr4 — wyRg, is added to the system. In estimating the parametexsd

0 in the weight function, and then using the function itselthie system, we can address two important
issues:

1. How quickly did agents respond to the shift in the oppadtjucost, and at what point would an
econometrician have been able to learn about this?

2. Provided that they succeeded in modeling the adjustmreneps, how soon could an econometri-
cian have used this updated knowledge to forecast bettethigzaalternatives of no adjustment or
a robust method?

The first sheds light on the adjustment process in the aftérofahe break. We can address that question
by using the single-equation specification in Hendry and€sion (1991) to obtain estimates foandj3

in a non-linear regressichOver the whole sample period, 1964(3) to 1989(2), the pa@mestimates
obtained fora and 3 are3.16 and0.74 respectively, consistent with previous studies in thedigre:
Hendry and Ericsson (1991) found estimates of and 1.2 for the same coefficients using US data.
Using these estimates, we construct a weighted seriesyiaghe full-sample estimates at all points
following the break at* = 1984(3), which is shown as the solid line in panel (a) of fig@reThe
weight is zero before 1984(3), climbs to approximately Oithiw four quarters oft* and is close to
unity after eight quarters. Thus, adjustment was modevate nearly complete transition to the interest
rate differentialRp; = Rra: — R, after two years, although the fact that it took one year toistdj
half way suggests some sluggishness.

From the perspective of an observer at the time, we can estaibw quickly plausible estimates
of o and 5 could have been obtained, through recursive estimatiohehbn-linear equation. Since
there are two parameters, the first viable estimates artableain 1985(1), the third quarter following
the break, but these estimates= 85.8 and = 28.9, are wild, so for the first three periods after the
break, we imposa,; = 0. Thereafter, parameter estimates are stable, allowingible values ofuv; to
be constructed, as shown by the dotted line in panel (a) ofdiguThus, by the second quarter of 1985
— within a year of the break taking place — an econometricidgh knowledge ofRg (which was in the
public domain) could have obtained a realistic estimatdefadjustment process in (41).

To answer the second question, we embed the resultinghggaauijusted interest rafey ; = R4+ —
wyRs shown in panel (b) of figure 9 into the four-variable systestdssed above (i.e., replacify 4 ¢
with Ry ;). Then, using an expanding estimation window from 1984{2)can compare the roMSFEs
(RMSFESs) of the set of eight dynamic forecasts from the end of eaclrse/e estimation point. Figure
10 shows th&RMSFE series for the baseline model incorporatifig4 (denotedVig, ,) and the adjusted
model with Ry (Mg,). As panel (a) demonstrates, once a learning adjustmentdasporated into the
forecast — at 1985(2) — there is a dramatic improvement ecfist accuracy, with tiRMSFE falling by
55%, which Morgan—Granger—Newbold tests of comparativecfast accuracy show to be statistically

“In doing so, we can apply, and test, the restriction that thefficient on thew; R ; term is of the same magnitude but
opposite sign to that o, 4. Statistically, this restriction is accepted, and in tewhgconomic theory, this formulation is
consistent Wit Rz 4,+ — w:Rs,+) measuring the opportunity cost.

SAll estimation is conducted using Oxmetrics: see Doornié Hiendry (2006).
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(a) Learning weights (b) Interest rates
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Figure 9: Learning weights

significant (see Morgan, 1940). Even before the weighteaches one (for instance, in 1985(2), when
w; = 0.519), there is still a benefit from including an adjusted interase series. By 1986(2), nearly
two years after the break, this benefit is even larggrig close to unity by this stage), although the bulk
of improvement in accuracy occurs within the first year.

(a) Dynamic forecasts: real money (b) Dynamic forecasts: interest rate
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Figure 10: Comparisons of forecast accuracy

The early success of this learning adjustment in improviogueacy is itself beaten by intercept-
corrected forecasts, which appear as a dotted line in papeif(figure 10. These were obtained by
adding an intercept correction term like that in (18), td @ representation of the cointegrated system.
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The IC dummy in this case is equal to one in 1985(1) and 19852} found to be significant in only
the real money equation (and therefore the IC-adjusted himdenitted from panel (b) of figure 16).

Using the IC to set the forecasts of money growth back on fracll then integrating these growth
rates to provide forecasts in levels, there is an immedmpedvement, confirming the benefit of this ap-
proach that was identified in section 4. After three peritialsiigh, the ogive-adjusted model dominates,
suggesting a role for explicit modeling of the break process

Noting thatRMSFEs are measured relative to the model's own interest rateMigr, this isS Ry,
and forMp, itis Ry), panel (b) in figure 9 reveals an interesting point aboutsthectural break (in the
form of a step shift) that occurs in the interest rate sefigs since there is anek anteunpredictable)
fall in the interest rate, forecasting models suchMag, suffer from predictive failure because they
attempt to forecast post-break observations using prakbdata. Since this shift did not affeél; 4,
we can now explain whilr, , actually forecasts its own interest rate better tigg, does. Once the
learning-adjusted model succeeds in forecasting itséateate more accurately, there is a concomitant

improvement in accuracy for the real money forecasts as well
(a) Unadjusted model (b) Learning-adjusted model
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1984Q1 86Q1 88Q1 1984Q1 86Q1 83Q1
M1 in constant prices =~ ---------- Forecasts

Figure 11: 4-step forecasts of real money

We can see the importance of a correct equilibrium mean whretdsting with VEqQCM models by
comparing panels (a) and (b) of figure 11. Both show a sequefrfoar-step forecasts of the level of real
money before, during and after the break in the opporturast.dPrior to the change, both the learning-
adjusted and unadjusted models share identical fore@sisgemonstrate some success in forecasting
the rate of increase in real money. However, when the Bankeigalters the cointegrating equilibrium
mean, the unadjusted model forecasts start to undershalom@ney persistently. Underlying this is
the fact that inside the cointegrated system, the growtkeah money responds partly to any long-run
disequilibrium in the system. When this changes in rediti,not in the forecast model, then problems
ensue, as at each point the forecasts point to a correctichntbaheincorrect equilibrium mean. By
using a learning-adjusted model in panel (b), the changbénmean is captured successfully, which
explains why this model can forecast more accurately a@86@2), when learning is incorporated.

SPrior to 1985(1), the IC-adjusted and unadjusted modelgtaefore identical, so panel (a) only reports REISE
comparisons for subsequent periods.
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6 Conclusions

Changes in equilibrium means create serious forecastioglgmns for all members of the large class
of equilibrium-correction models (EqQCMs), including tleobased on cointegration. We have consid-
ered several approaches to alleviating forecast faildl@efioing such location shifts, including updating,
intercept corrections, differencing, and estimating titeife impact of a break during its progress.

We find that updating can help when collinearites are chahgesh ‘outside’ break but the EQCM
itself remains constant. Dropping collinear variablessduat help, even when such variables are not very
significant. Updating the pre-break model helps offsetdast failure for location shifts in the EQCM,
but at a cost of loss of cointegration. Mechanistic cormedihelp in that setting as well, compared to
just retaining a pre-break estimated model. A model of tleakiprocess should be able to outperform,
but seems to require at least three periods into an evolvieakito do so.

The much-studied example of EQCMs for UK M1 illustrated tinalgsis, and showed some gains
from updating a learning function as the break evolves. Engtirical example suggests that even if a
break is not predicted, its course can sometimes be traaktzlgell relatively soon after its occurrence,
and economic analysis based restrictions had clear valiedaafter a learning modification.

We conclude that progress in developing forecasting moaslttsan ability to adapt to breaks and
forecast during the progress of a break is feasible, andldmiinvaluable in cointegrated processes.
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