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Abstract

Analyses of forecasting that assume a constant, timeiamadata generating process (DGP),
and so implicitly rule out structural change or regime shiiftthe economy, ignore an aspect of the
real world responsible for some of the more dramatic histdepisodes of predictive failure. Some
models may offer greater protection against unforeseestsital breaks than others, and various
tricks may be employed to robustify forecasts to change. M#svghat in certain states of nature,
vector autoregressions in the differences of the variafilethe spirit of Box-Jenkins time-series
modelling), can outperform vector ‘equilibrium-correxti mechanisms. However, appropriate in-
tercept corrections can enhance the performance of tteg, latbeit that reductions in forecast bias
may only be achieved at the cost of inflated forecast erroanees.

First draft Febuary 1995. Revised May 1996.

1 Introduction

In recent work (Clements and Hendry, 1994, 1995b), we hauglgdo establish a theory of economic
forecasting that captures three aspects of the real wordioh the forecasting venture is to be under-
taken. First, that the data generation process (DGP) istaiionary due to unit roots; secondly, that it
is susceptible to structural breaks; and thirdly, that tredasting model typically differs from the (un-
known) DGP. These features provide a rationale for the conptage practice of making adjustments or
‘intercept corrections’ to purely model-based forecasee(Hendry and Clements, 1994a, 19941).
Monte Carlo study showed that forecasts generated fronovaatoregressions in differencd3ARS )
may be more robust than models in levels to certain formsrattiral change, but that intercept cor-
rections may help vector ‘equilibrium-correction’ meckans YECMs) to match the performance of
DVARSs .2

An interesting example of the benefit of ignoring long-rufomation for forecasting would appear
to be Mizon (1995), who shows that onlyWAR has a satisfactory forecasting performance in the
context of modelling UK wages and prices over the period £3663. Models such a¢ECMs, which
include long-run information, tend to fail badly. The malate estimated on data up to Mrs. Thatcher

*Financial support from the U.K. Economic and Social Rede@uuncil under grant L116251015 is gratefully acknowl-
edged. The computations were performed using PcFiml ve&i@oornik and Hendry, 1994) and the Gauss programming
language, Aptech Systems, Inc., Washington. Helpful comghevere received from the editors, Frank Diebold and Mark
Watson, and numerous seminar participants.

'Recognition of the potential for such adjustments has a lioegge: see, for example, Theil (1961) and Klein (1971).

2Following Davidson, Hendry, Srba and Yeo (1978), these $eiave been known as ‘error-corrections’. However, they
may play the opposite role when the equilibrium changes byrécting’ to an inappropriate equilibrium. Hence the dean
in terminology, although the acronym is unchanged.



coming to power (1979:2), and then used to forecast the lmiragf wages, prices, and unemploy-

ment during the 1980s. There is anecdotal evidence of atalathange in the 1980s in response to
the dislocating effect of the 1979-81 recession, and thaggh@én government economic policies may
have altered the long-run relationship between these thasro aggregates. Thus, models which in-
clude long-run information tend to ‘error-correct’ on thasis of an out-dated structure, and manifest
significant forecast errors, while models that eschew soicimation perform reasonably well.

The purpose of this paper is two-fold. First, we deduce ditaljy the classes of structural breaks
for which, conditional on the break having occurred at theetof forecasting, time-series models in dif-
ferences should outperform econometric models. We thdndbtine usefulness of intercept corrections
for the class of breaks that affect the deterministic vdemljconstant and linear trend), and derive ex-
pressions for the forecast bias and error variances, alfpam assessment of intercept-correcting strate-
gies in terms of squared-error loss. Secondly, we apply siitiese correction strategies to economet-
ric models based on Mizon (1995), where wider classes okbriban those we analyse analytically may
be important, to investigate their usefulness in pracfide three-variable system of wages, prices, and
unemployment is simpler than would be countenanced by thjedscale macro-econometric modelling
groups, but has the virtue of allowing a ‘statistical analysf intercept corrections. Previous studies,
such as those carried out by the ESRC Macroeconomic ModdBireau at Warwick, have assessed
the impact of intercept corrections on actual forecasthefmbain modelling teams (see, in particular,
Wallis and Whitley, 1991, and Turner, 1990), and have beetfimed to only a small number of fore-
casts (typically less than three). Our setup allows an ass® of the impact of intercept corrections
on forecast uncertainty using empirical mean-square &stegrrors, taking account of their dependence
on the forecast horizon and on the transformation of the fdeitevhich forecast accuracy is assessed.
We distinguish betweenstep anch-steps ahead forecasting performance, given the lack afiamnce
of mean-square forecast erroMdFES) to evaluating forecasts of levels versus changes (sag)the
likely poor discriminatory performance of evaluation irifeiiences (see Clements and Hendry, 1993,
1995a).

Sections 2 and 3 derive analytical results on the forecafinpeance of th&/ECMandDVARmodels
when there are structural breaks, and on the impact of eperrecting th& ECM Section 4 explains
the relevance of some of our recent work on forecast evaluaimd multi-step forecasting for the present
analysis. Section 5 introduces the empirical example obMiA995), and section 6 contains the results
of the empirical study of the efficacy of intercept corresio Section 7 provides some concluding
remarks.

2 Forecasting under structural breaks

2.1 Thedata generation process

For illustrative purposes, we assume a linear, closed msystethat all non-deterministic variables are
forecast within the system. The vector of allariables is denoted by, and the system is represented
by a first-orde?VAR which includes a constant and a linear deterministic trend:

Wt:To—l-Tlt-i-TWtfl-l-l/t (1)

wherev, ~ IN,, (0,€2). The system is assumed to be integrated, and to satisfyn cointegration
relations such that (see, for example, Johansen, 1988):

Y = In +a5/7



wherea and3 aren x r matrices of rank.. Then (1) can be reparameterized adECM
Aw; = 7o + Tt + o' w1 + vy. (2)

The impact of the deterministic components on the seriesripon the relationship between
andrg, 1. Following Johansen (1994), decomposeZhgarameters iy + 71t as:

7'0+7'1t:aLC0—a)\o—a)\lt—kalclt (3)

whereX; = — (&/a) ' o/T; (2r free parameters) ang} = (o/, a1 )" o/, 7; (2 (n — r) free parame-
ters) whem’a; = 0. Thena\; anda ¢; are orthogonal by construction. When the process does
not contain a quadratic trend,; ¢; = 0, and\g, ¢, and\; can all be varied freely. Thes, process
may still contain linear trends, which will also be a feataféhe cointegrating vectors, as seems to be
the case in the empirical example. Thaiy + a;t lies in the cointegration space, and (2) can be
written as:

Aw; = O‘J_CO + « (B,Wt—l — Ao — Alt) + Vy. (4)

When the system grows at the (vector) rate:
E[Aw,] =~ (5)

from (4), we obtain:
feq= [B,Wt—l] =~ —a yta (A + At). (6)

Wheng'a is non-singular, as assumed throughout:

-1

E[Bwi1] = (Ba) B (v —aily) + Ao+ At = + Ag + Art. (7)

Hence, in (4):
Awy=a o+ oty + o (B'wioi — 1 — Ao — Ait) + vy

’ -1

It is useful for subsequent calculations to introduce thegridotent matridK = (I, — o (8'a) ~ 3')
such thatKka = 0, K = 0, K? = K and YK = K, implying thatKTg = Kv = Ka ¢, and
K71 = 0. The cost of orthogonality in (4) is that the cointegratirectors are no longer deviations
about their means, so the ‘intercept’ ¢, is not the growth ratey which can be expressed 4s:

-1

y=a{g+top =Ka {y+a(fa) A\ (8)
since from (7) and (5):
AE [B'w¢| = BE[Awy] =X sothatB'y = A, 9)
Consequently, we can rewrite tECMas:
Awy =y + o (B'wi_1 — po — pyt) + vy (10)

wherep, = ¥ + Ag andp; = A; with:

Y= (Ba) " B (v—aily)=(Ba) " (A —Bail)

3In previous work (eg. Clements and Hendry, 1995b, p.100%) wi = O, we have used a simpler, non-orthogonal
decomposition of-o. We are grateful to Bent Nielsen for bringing to our attentibe problems with such an approach in the
presence of the linear trend term.




Finally, aVARIn differences PVAR) may be used, which within sample is mis-specified relative t
the VECMunlessr = 0. The simplest is:

Awy =y +ny, (11)

so whena = 0, theVECMandDVAR coincide. In practice, laggefiw; may be used to approximate the
omitted cointegrating vectors, but we do not consider sutiodel here as its behaviour under structural
breaks is rather complicated: Appendix | notes its dervati

2.2 VECMforecast errors

We now consider dynamic forecasts and their errors whempeteas are subject to change in the fore-
cast period. We draw on the analyses in Clements and Hen@eyt] ind Hendry and Clements (1994b),
focusing on the bias and variance components. We also artsid implications of the deterministic
terms lying in the cointegrating space. For simplicity, vastaact from many of the potential sources of
forecast error discussed in those two papers. Thus, thedsireommences from correct initial condi-
tions (equal to the true value of the process;), we assume that the model matches the DGP in-sample,
and we abstract from parameter estimation uncertaintyhatothe forecast functions are based on the
true (but sample period) values of the process. The algemr@sents a Monte Carlo where the same
in-sample value is used, but for different forecast valuesyary both and get the average outcome,
we must take expectations overp. It is crucial how this is done relative to the structural mhe: (a)
change occurs &t + 1; (b) change occurred &t.

Under these assumptions, tliestep ahead forecasts for the levels of the process are ien
wrj = E[wry; [ wrl:

7—1

Wrij =70+ 71 (T + )+ XWryj1 =Y Yir(i)+ Ywr for j=1,...h (12)
=0

where we letro + 71 (T + j — i) = 7(¢) for notational convenience. The associated forecast=arer.
Ui = W) — W

We consider the situation where the system experiencepalstage between the estimation and
forecast periods, such that, : 71: X) changes t@r(, : 77 : X*) overj = 1,..., h, but the variance,
autocorrelation, and distribution of the disturbance teemain unaltered. Thus, the data generated by
the process for the nektperiods is given by:

Wy = ’7'8 + TT (T + ]) + T*WT—i-j—l + VT4

) izl , . (13)
() 7 (i) + > () vrgji + (X)) wr.

0 =0

J

—_

1=

Then, thej-step ahead forecast error can be written as:

j—1 j—1 i—1
Uryj = () 7 (D) + D () e+ (Y wr =Y Xir(i) — Ywy
=0 =0 =0

. (14)

Il
PR
ﬂ. <
o

j—1 j—1
() (i) =Y TZ'T@)) 3 () wrgyi+ (0 =17 ) wy,
i=0 =0



The three components of forecast error are due to the changedepts and slope parameters; error
accumulation; and an interaction term occasioned by thegehan the slope parameter which includes
the initial condition.

The expectation of thg-step forecast error conditional ewy is:

7j—1
Ery | wr) = (Z ZT% ) () =7) wr (15)
=0
so that the conditional forecast error variance is:
7j—1
V VT+] |WT = Z /
=0

We now consider a number of special cases where only the tnop#tte deterministic components
changes. With the assumption that = Y, we obtain (noting the dependencerdf(i) onT + j):

-1

<.

Elory | wr] = Y[+ 71 (T+j -] = [ro+ 11 (T+5—1)])

™

~
I
- O

(16)

<.
|

= D Yy =) +alpg—m) +a(py —pi) (T +5—1).
i=0
The bias is increasing in due to the first term in square brackets. The impacts of thenskeand
third terms eventually level off because:
lim Y =1,-a(da) 'g =K
71— 00
andKa = 0. When the linear trend is absent and the constant term casbted to the cointegrating
space (iex; = 0 and¢, = 0, which impliesA; = 0 and thereforq:; = ~ = 0) then only the second
term appears, and the bias@g1) in j. The formulation in (16) assumes thft and therefore the
cointegrating space, remains unaltered. Moreover, thiicieat on the linear trend alters but still lies
in the cointegrating space. Otherwise, after the structwesak, w; would be propelled by quadratic
trends.
The conditional forecast error variance is:

Vo, | wr] = Zrzmr“ (17)
which isO(j).

2.3 DVARforecast errors

Now, consider forecasts from a simplifi@¥/AR. Forecasts from th®VAR for Aw; are defined by
settingAwr; equal to the population growth rate

Awryj; =7 (18)

so thatj-step ahead forecasts of the level of the process are obtajnmtegrating (18) from the initial
conditionw:
Wrij = Wryjo1+y=wp+jy for j=1,... h (19)



When Y is unchanged over the forecast period, the expected valtieeofonditionalj-step ahead
forecast error is:

j—1
E[ore | wrl =) Y ro+71(T+j—i)]—jv+ (¥ - L) wr. (20)
=0

The occurrence oy in (20) is awkward for comparisons with th&CMin (16). Thus, we average
overwr to give the unconditional biasy,,. (D74 ]. SinceY =1, + af, forj > 0:

. . . . ]71 .
Y= +af) =" I, +af)=Y""+Y"af = =L, + ) Yas, (21)
=0

so from (7) using:

j—1
(Y9 -1,)=) Yaf =Aap (22)
=0
we obtain:
Ew, [(TJ — In) WT] = AjaE,, [,B’WT] = Ajafr (23)

wherefr = Ey,. [8'wr]| = pd + 84" (T + 1), say, where the values @2 and~* depend on the
regime. Substituting from (23) into (20):

j—1

Ewy (D7) =Y X[y — oy — api (T +j —i)] — jv + Ajafr. (24)
=0

From (21), asy’ =1, + A,a3'"

j—1 j—1 Jj—1
Aj =) YF=)"(I,+ AwaB) =1, + (Z Ak> af = jI, + B;ap. (25)
k=0 k=0 k=0
Thus from (24), sinc@’y = py andB'~* = pi:
j—1
Eory;] = A" —Ajapy— AjaB~" (T+j)+ ZiTZa,B"y* —Jjv+Ajafr

=1
= (26)
= (Y =)+ Ajafr — i — By T+ (D i — jA; + B, | aBy*
=1

= j(v' =7 +Aj(pi—py— B[ =y (T +1))+ CjaBy"

whereC; = (D; + B; — (j — 1)A;) whenD; = >~ iY". However,C;a3' = 0 as follows. Since
Y/ =1, + A;a8 from (22), then:

jAjaB =YX —jL,,
and so eliminatingT,, using (25):
(B; —jA))afB = A; — jY7.
Also:

J J Jj—1
D; =) Y — Y7 =) " — Y+ (Zm’) Y =A;T ;Y +D;Y.
i=1 =1 =1



SinceY =1, + a8
D;af =Y — A; - A;af.

Combining these results:
Cjaf =D;+B;— (1 —1)Aj))af =X —A; — Ajaf + A; — jX7 + AjaB =0. (27)
Thus:
Eors;] =7 (v =) + Aja (g — po) = B[y =+ (T +1)). (28)

In the same notation, théECMresults from (16) are:

E0re] =7 (v =) + Aja(lpo — po] — B v =~ (T +1)). (29)

Thus, (29) and (28) coincide whertf = p,, andy® = ~ as will occur if either there is no regime shift,
or the shift occurs after the start of the forecast period.

2.4 Forecast biases under deter ministic shifts

We now consider a number of interesting special cases ofg28)(29) which highlight the different
behaviour of theDVAR andVECMunder regime changes. Note that whgn= ~, then3'~" = 3,
whereasy* # ~ does not necessarily entail thdty™ # B'~. If we view (1o, 71) as the primary
parameters, then it is informative to map changes in theserpers, via the orthogonal decomosition
into (¢p, Ao, A1), to the parameterization in terms 6f, ¢, 1) that underpins (28) and (29). From
section 2.1 we can summarise the interdependencies @s; A1), g (o, Ao, A1), tq (A1) -

Case | 7(, = 79, 7] = T1. Here, there is no structural changg, = o and~v* = ~ and so:
E[Pr4;] = E[Dry4] =0. (30)

Thus, the forecast error biases in B¥AR and VECMcoincide when there is no regime change,
even when th®VAR omits an ECM which includes a non-zero trend.
Case ll 7§ # 1o, 77 = 71, but{y = {o. Theny* = ~; pf # .

Elorij] = Aja (ng — 1) (31)

Elorys] = Ajor (g — po) - (32)
The biases are equalgifi = p; i.e. the shock is after the initial condition. Howevefpr ;] =
0 whenu§ = pg, and hence th®VAR wins uniformly if the shock has occurred prior to the
commencement of forecasting. In this example the comparfehe constant term orthogonal to
« is unchanged so that the growth rate is unaffected.
Case lll 7§ # 79, T} = 71 (as in Case Il), but now\; = Ao which implies{; # ¢, and therefore
w1 # o and~* # ~+. However,3'y™ = 3+ holds so that:

EDry] =70 =)+ Aja (g — pg) (33)

EDry;] =7 (v =)+ Aja(pg — wo) - (34)
sincep; depends only onr;. Consequently, the errors coincide wheh = ., but differ when
ui = pg, though it is unclear whether the terms augment or atteressie other.

Case IV 7§ = 79, 75 # 71. All of pg, uy and~ change. 1f3'y" # (3~ then we have (28) and (29), and
otherwise the biases of Case Il



Alternatively, the difference in the forecast bias betw#erDVAR and theVECMis given by:
dj = E[ory)] - E[Drey] = Ajo (o — pf] + B[y =" 1(T +1)). (35)

This is zero wheru§ = pg and~® = -, but otherwise enhances or attenuates the existing biases,
generally inducing a smaller forecast error bias inEMAR when there are unmodelled regime shifts.

An alternative representation is in terms of the changesd®ai successive forecast errors. For the
VECM from (28) and that equation lagged:

Elor] —Epreja] = (v =) + Y a (lpg — p] + 8 [y — 1 (T +1)) (36)

sinceA; — A;_; = YJ~!. The first term is constant, and hence can be removed by amepte
correction once the regime shift has occurred; the secomttt i® zero ag increases since:

Y la - Ka =0.
The results for th®VAR are similar:

Eorjl —EPryal =0 =7+ Y a(lug —pgl +8' =+ 1(T+1). (37

Whenpd = pf and@'~* = 3+, then only a constant error ensues; when= p, and3'v" = 8,
the outcome coincides with thédECM and otherwise, it lies in between.

3 Intercept corrections

We can show that if there is a one-off change in the value ofd#terministic parameters; in the
DGP, which has occurred prior to the period on which the fasex are conditioned, then the optimal
(in the sense of yielding unbiased forecasts) intercepection for theVECMis simply to add in the
periodT residual each step ahead. Below we denote forecasts gathérathis method by, . We
also consider some other general strategies for interagpating, which are applied in the empirical
work. In practice of course, the circumstances under whieli,, ;, strategy is optimal are unlikely to
hold exactly: ther; parameters may shift as welt; may change a number of times over the forecast
period; the slope parameters may also alter, etc. Thus itlmayf interest empirically to compare
the performance of other adjustment schemes, and in thi®sese consider what can be deduced
analytically about their properties.

We may also wish to base the adjustment on some average of mxters rather than simply the
observed model error at the forecast origin.

Below, we assume that the peridtresidual embodies the change in the process, and the d@tuss
is in terms of thevECMeven though there may also be scope for adjustments tOMAR. Assuming
that Y does not change, the peri@dresidual is given by:

I)T:WT—VAVT:(TS—TQ)—I—(TT—Tl)T—I—VT. (38)

We now consider a number of options for forecastingteps ahead. The intercept correction (IC)
can be held constant over the forecast period, so that theddErerror is added in at each step ahead.
This is perhaps the most commonly-used form of interceptection, where the adjustment over the
future is held constant at an average of the most recentsgfiroour example, just the peridd error).
This amounts to solving:

Wrin =70+ T1 (T +h) + XYWy + 0r (39)



wherewr = w, so that:

h—1

Wrin = Wryp + Z Y'or = Wryn + Apbr. (40)
=0
Secondly, only adjust the-step forecast:
. .
Wrylr = W71
: (41)
W{p,.h = To+T1 (T + h) + TW)T-{—h—l
which implies that:
Wrin = Wrip + XY o, (42)
Thirdly, one may adjust the-step forecast by the full amount of the peribderror:
Wrin = Wrgp + D7 (43)
Finally, tailing-off the adjustment induces:
Wrinh =T+ XWrip1 + H' o (44)
so that:
h-1 4
WTih = Wryp + Z TZthlflﬁT
i=0

whereH may be diagonal, say, with typical elemehy;| < 1.

3.1 Biases

It is straightforward to derive expressions for the biasesoeiated with the above forecasts, since in
each case the forecasts are written as the conditional &tjgec (W ,) plus another term, and the
conditional expectation forecast biases are given by (L&®). For the first strategy, from (38):

E[or] = (m5— 7o) + (r1 —71) T,

and noting that the conditional and unconditional (ower) expectations coincide here, then in the
(10, T1) Notation:

E [DT+h | WT] =E [QT-i—h — AhIA/T] = [hAh — Dh] (7‘1< — 7‘1) . (45)

As claimed above, the constant-adjustment strategy yielbsased forecasts whetj = 7.
In terms of the notation of section 2.2:

Aoy = Ap (Y =) — Apa (uf — po) — ApaB' (v =) T,
and takingt [&7. 1] from (29) we obtain:
E[orin [ wr] = (h— Ay — ApaB) (v" =) = = (Ap + Bp) B (v =),

which is zero when the time trend is absent sif¢éy* — v) = p — p; = 0.
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Expressions for the biases resulting from the other adjgistrechemes are:

E[V e | wr] = E[Dryn — (Ap — Ap_y) D7)

S0:
E[Vrwn | wr] = h(v =) — Apor [a(py — o) + B (v —~) (T +1)] (46)
—(Ap—Ap) L+ af] (v =)
and:
E[ T lwr] = by =) = (AT [a(wi - )+ o (=) (T 1]
- [In + O‘B/] ('7* - 7) .
Finally:
E@rin|wr] = h(v* —7) (Z i ( Hh‘l‘i)> [ (1§ — o) + B (v =) (T +1)]
- Z YH'"L +aB] (v - 7).
) (48)
When the time trend is absent, the biases with ICs become:
E(Vrsn | wr] = h(v" =) — Ap_i[a(pf — o) — (Ap — Ap_1) (v — ) (49)
(h—Ap+Ap 1) (v =) — Ap_1 [ (g — 1o)] -
E[ D ren [ wr| = h(y =) = (v =) = (A — L) o (1 — hg)
h—1 ; (50)
= (h=1) (v =7 —ad_ [I+Fa] (u;— )
=1
h—1
E@rin|wr] = h(v* —7) (ZT (I, —H 1" Z)) [ (1§ — mo)]
he1 =0 (51)
. Z Yiggh—1-i (’)’* o ")’)

1=0

Thus, wheny* = ~ but u$ # i, , just adjusting thé:-step forecast (that iSw’ 7.5, in (50)) will yield
a larger bias than adjusting only thestep forecast (see (49). Even if the process remains ugellan
there is no penalty in terms of bias from intercept corregtin

3.2 Variances

The penalty to intercept correcting when the process isamgpbd is in terms of increased uncertainty.
The conditional forecast error variances for strategi€y (@ (44) are given by (52) to (55) below,
and all exceed the conditional expectation forecast emdenceV [V, | wr| in (17) by a positive
semi-definite matrix:

h—1h—1
V[rpn | wrl =2V [Drgn | wrl + ) XIQYY j#i (52)
=0 i=0

\Y [7T+h | WT] =V [BTJrh | WT] + Th_lﬂ’rh_ll (53)
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V[T o | wr| =V o, | wil + 9 (54)
h—1h—1

V[Bri | wrl =V Bra [ wrl + 33T (I - Hh*H) Q (I - Hh*H/) YV, (55)
j=0i=0

For example, the error variance more than doubles for thetantradjustment strategy. The prob-
lem is apparent from (38), since the intercept correctiommises terms reflecting the change in the
intercept and trend parametglus the full value of the period” disturbance, which has an (uncondi-
tional) variance of2. A more precise estimate of the change-in-parameter coemaould be obtained
by averaging a number of recent errors, provided the brealroed sufficiently far back.

Nevertheless, summing the (squared) bias and variancear@nts, for a sufficiently large change
in 1o, holding the adjustment constant over the forecast peritdesult in the smallesMSFE (since
the bias components of the other adjustment schemes candeearitrarily large).

4 Forecast evaluation and multi-step forecasts

Clements and Hendry (1993) show that forecast comparisassdborMSFE may depend upon which
isomorphic representation of the system is selected foaisessment. For example, one method or
model may appear to predict the levels of the series moreraiedy; another the changes in the vari-
ables. Potential ranking reversals suggest caution impregng the results oMSFE comparisons.

In our empirical work we check that our findings are not simatyartefact of one particular chosen
transformation of the data by reporting results for botlelewand differences.

Alternatively, we could employ invariant criteria, suchthe generalized forecast error second mo-
ment GFESM) or its determinant. This is formed by stacking the (vecitfisforecast errors from
all previous step ahead forecasts. Thstep forecast errors determine the complete ranking #®r th
GFESM when there is no parameter uncertainty and the model isattyrrepecified. However, the
choice between mis-specified models may depend on the &ireogzon, so that, independent of the
measure of forecast accuracy, one model may dominate aircéxdrizons, and another at other hori-
zons. Thudl-step forecast performance may not be a reliable guide touteme of comparisons for
h-steps ahead (see, for example, Baillie, 1993; Fama analfré988): for this reason we report the
results of comparisons for multi-step forecasts.

Clements and Hendry (1995a) show that, in the absence cofstalichange or regime shifts]SFE
evaluations of the ability of models to predict differencéshe variables may have low power in iden-
tifying models which incorrectly impose too many unit rgate. VARS in differences when there is
cointegration. We shall check whether all the models havm#as ability to predict the differences of
the data in the presence of structural breaks.

5 Modelling wages and pricesin the UK

Mizon (1995) analyzes the relationships between the faligwihree variables for the UK, over the
period 1965:1 to 1993:1¢,, the natural logarithm of earnings per man-hour (loosefgrred to as
‘wages’), the log of the retail price index,, and the log of the unemployment rate Precise definitions
and sources are given in Mizon (1995) or Clements and Miz88X)L The latter used a dataset that
also included average hours worked and productivity per-hwanr to illustrate the ‘encompassing the
VAR’ approach of Hendry and Mizon (1993), while Mizon (1995es an extended sample on the three
variables.
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Briefly, Mizon obtained a simultaneous model of the deteatidm of wages, prices and employ-
ment, in which there is a single cointegrating vector thatenonly the wage and price equations (see
his Table 10). If the full-sample estimates of the cointégravector are retained, with the model oth-
erwise being estimated up to 1979:2, and used to forecast5@hobservations) 1979:3-1993:1, the
model's 1-step ahead forecast performance is satisfactory, astistlaeDVAR estimated, and used to
forecast, over the same period. However, if the cointeggatiector is also determined from the sub-
sample estimation period (as would necessarily be the nas®ek anteforecasting exercise), the model
fails to provide reliable forecasts.

This finding is not peculiar to the model specification foundtbe full-sample. A ‘general-to-
simple’ model selection strategy applied to the sub-sartgaeto a model which differed somewhat
from the full-sample specification (see Table 1 for the pat@mestimates), but nevertheless possessed
the feature that the ‘error correction’ terms causeditiséep forecasts to go awty.

Table 2 gives the first two moments of thestep forecast errors and two forecast test statistics (see
Doornik and Hendry, 1994, for details) for a (third-ord®YAR, the model given in Mizon (1995)
with the cointegrating vector estimated over the full saaniBM-s), the same specification with the
cointegrating vector estimated on data up to 1978M2 ), and a model specified and estimated on the
sub-sample alon&/ECM Finally, VECM* is VECMbut with the equilibrium-correction terms omitted.

From the first part of the table, it is apparent that thetep forecasts from thé&Vgs and VECM
models for the quarter on quarter growth in earnings are enage 0.8% points too high. This is
approximately twice the size of the bias from the other tmeelels (which either neglect the long-run
information or base it on the full sample). By way of compainisthe average growth in earnings over
the forecast period (1980:1-1993:1) was 2% a qua®is and VECMalso record larger biases in
forecastingAr. The standard deviations of the forecast errors are agigdnigher for bothAe and
Ar for the GV andVECMmodels. The forecast tests in the third part of the tableatiépe resounding
rejection of theGVks andVECMmodels alluded to above. A comparison of the results/lBEMwith
those forVECM highlights the problems caused by the equilibrium-coroecterms.

The tests have-distributions with degrees of freedom as specified in théetghe quantities in[}’
following the test statistic values apevalues. The first test headegis an index of numerical parameter
constancy, and ignores parameter uncertainty and seniedlation between the forecast errors, the
second (headeqh) allows for parameter uncertainty (see Doornik and Hendl®g4, p. 197, for full
details).

Figure 1 depicts time series plots of the ‘equilibrium esidor the full sample where the coefficients
of the cointegrating vector have been estimated both frenfiuthsample and from the sub-sample. The
sub-sample error has a sharp downward trend in the 1980enger appears to be &ft) process, and
by the 1990s is over 10% lower than at the beginning of theogderi

6 An empirical study of the impact of intercept corrections

Of the models incorporating long-run information discuksesection 5, we will explore the behaviour
of VECMwhen use is made of intercept correctio@®»s andGVk s either result from, or are motivated
by, knowledge of the full sample, which is ruled out ¢t anteforecasting.

Three of the forms of intercept correction discussed in@e@& are implemented: a constant adjust-
ment throughout the period, a one-off adjustment in the fiesiod of the forecast, and an adjustment
which is tailed off as we forecast further ahead (the madtix (44) is a diagonal matrix witi%s on

4We use the sub-sample 1965:1-1979:4 rather than 1965:9:23vhich makes little difference to the results.
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the leading diagonal). In fact the constant adjustment tonployment led to a ballooning MSFEs
(the unemployment equation is solely in differences), sécbgstant adjustment to all equations’ is to
be understood constant adjustment to earnings and pritésiled-off adjustment to unemployment.

Forecasts can be adjusted using the value of an equatiooisa¢the forecast origin, or an average
of that and the previou§ — 1) errors. More elaborate schemes might utilise informatiomf other
equations, for example, or conduct significance tests, leushall consider adjustments based on the
latest own-errorf1] and the latest four errord]. We also consider the impact of only adjusting the
equations with ‘error-correction’ mechanisms, thatiandr.

The precise way in which the forecasts are obtained is asafsll The models are estimated only
once on data up to 1979:4. Then, 1979:4 is taken as the fiestdet origin (initial condition) from
which we calculate forecasts farthrough to12 steps ahead. The exercise is repeated with 1980:1 as
the forecast origin, and so on, subject to the constraintwiegahave data on the period being forecast
(the sample ends in 1993:1). This gives fifty-thdestep forecasts, where the last forecast is made in
1992:4 of 1993:1, fifty-tw@® step forecasts (a forecast made in 1979:4 of 1980:2 thraugHfdrecast
made in 1992:3 of 1993:1), and so on to forty-tw® steps. The means and forecast errors for each
length of forecast are calculated by averaging over thdabtainumber of forecasts, corresponding to
averaging over the forecast origins.

The results are summarised in figures 2, 3, 4 and 5. In eaclefithex-axis denotes the forecast
lead, and the-axis the trace mean-square forecast erfdl$FE). The first two figures ard MSFEs
for predicting the levels of the data, the second two for tifferénces. Consider figure 2. The figure
conveys information for th& ECM for one-off adjustments to thé¢ECMbased on the latest residual
(one-off[1]) and an average of the latest 4 (one{dfj; and for constant adjustments to ¥MECM(const
[1], and const4]). In each case, the line is scaled by THdSFE for the DVAR, to aid interpretation.
Figure 2 is based on correctionsd@ndr only, and figure 3 on corrections to all equations (but recall
the ‘constant’ adjustment to is a ‘tailed’ adjustment). The fully tailed-off adjustmetdses are not
depicted.

The figure shows that tiEMSFE of the VECMmodel almost always exceeds that of DMAR, and
is over 40% higher foil2-steps ahead.Constant adjustments appear to work best on average (across
horizons) for longer horizons, and one-off adjustmentsiltes a better performance at long horizons
when applied to all equations (as in figure 3) rather than trdg andr equations (figure 2). Averaging
residuals 4] versus[1]) works best for constant adjustments, and for horizons d@tquarters ahead,
the VECM model now outperforms thBVAR on the TMSFE measure (figure 3). For predicting the
changes in the data, the one-off adjustments are less tisafuthe constant adjustments, underlining the
danger of relying on a single transformation of the datat (msels, say) when forecast models/methods
are compared in terms MSFE (Clements and Hendry, 1993). The finding in Clements and Hend
(1995a) that evaluation in terms of differences might beeeigd to have low power to discriminate
between models does not apply in the presence of structtgakd. The adjustments are not quite as
successful in improving the forecast performance oMBEMmaodel.

It is apparent that automatic adjustments bolster the &stgquerformance of the model incorporating
long-run information. Indeed, at short horizons, YeCMmodel outperforms thBVAR by about 20%
(due to its better fit combined with the intercept correctaifsetting the bias), and only when the
variance of the intercept correction becomes large doeBWA& win. This suggests the possible use of
selection criteria or longer averages when correcting.

We now look at whether the improvements due to the intercepections result from reductions

SPerhaps surprisingly given the test statistic resultsntepdn table 2, there is little to choose between the twb-step
ahead.
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in the bias or variance components of M&FEs. Table 3 records the bias and forecast error standard
deviations for th&/ ECMmodel, theDVAR, and the constant adjustments{t@ndr only), and the one-off
adjustments (to all equations), for a selection of forelsssd times, for the levels of the variables.

The constant adjustments (cofs) reduce the biases in forecastiagndr at all horizons, but at
the cost of larger forecast error variances. Averaging fesiduals to form the constant-adjustment in-
tercept correction (con$t|) is generally less successful in reducing biases, but hasHbes inflationary
effect on the variances, consistent with the analysis iti@e8. The impact of the one-off adjustments
on biases is largely short term, and there is a minimal impadhe variance component.

7 Conclusions

In the empirical illustration, based on modelling and fargtng wages, prices and unemployment, we
find that vector autoregressions in the differences of thiabtes (which eschew long-run information)
forecast well compared to a vector equilibrium-correctsystem( VECM when the long-run relation-
ships are subject to structural change. HoweverMBEMclearly provides a better description of the
data within-sample, and the equilibrium-correction terans significant at conventional significance
levels.

In line with the analysis in section 3, in the empirical ilizgion we found that intercept corrections
can improve the forecasts of econometric models when ttgefon relationships appear to alter over
the forecast period. In particular, the corrections resbih significant reductions in forecast bias. The
precise form of the adjustments affects the forecast bidvarnance, which also depend on the forecast
horizon, emphasising the need to consider multi-step &stsc
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8 Appendix |: A dynamic DVAR

Here we derive the population parameters @\&AR for Aw; regressed orf\w;_; and an intercept.
First, from (10):
o\ Awy=d |y +a v, (56)

is a white-noise innovation process, accountingrfer r of the equations in thBVAR. Next:

B'we— (po+py (t+1) = (L + B8a) [B'wio1 — (1o + pmit)] + Bve.
Also:
AB'wy = py + Ba (B'wi1 — pg — pyt) + B'vy
Let:
Bwi—py—py(t+1) =%
be the remaining variables in thdDVAR. Then:

X = Axp_1 +wy

where:
A=1 +F«



has all its eigenvalues inside the unit circle. So:

E[AxAX; ] = 2E[xex;_;] — E [xex}_o] — E [xe—1x}_]

= 2AE[x1x;_|] — A’E [x¢—9x;_5] — E [x¢—1x}_]
2

= L-2A+A)M=( -AP’M=—(8a)'M
and:
E[Axi 1A% ] = 2B [xiax] — B [xi1x(_p] — E [xi0%]
= (L—A)M+M(L, - A) = —F'aM - Ma/8.
Finally:

E [xtxi] =M=AMA'+3Q8.
Noting thatAx; = 3’Aw,; — u; and letting:
AB'w;=—Bap + AAG'w,_1 +e

then:
A= (B’a)2 M (B'aM + 1\/10/,6)71 .
Thus, we stack the — r equations from (56) with the from (57) to yield:

-1
[ oy 0 o vy
o= () (5 ) (o )2 (2]

16

(57)
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GVrs: M zon (1995), Table 10. Estimated by FIM.. 1966:1--1993:1

Ae =  +0.3145 Ar +0.3291 Ae 2 +0.3022 Ar_3
(0. 138) (0. 0742) (0. 0820)
-0.03728 Au_2 -0.1269 ecm 1 +0. 0259 D793
(0.01723) (0. 05549) (0.01212)
+0. 03758 D745 -1.095
(0. 004799) (0. 4838)
Ar =  +0.3737 Ar_1 -0.03827 Au_2 +0. 1815 ecm 1
(0. 05695) (0. 0104) (0. 02358)
+0. 04739 D793 +0. 00675 D745 +0. 01119 Budget
(0. 00720) (0. 00304) (0. 00105)
+1. 585
(0. 205)
Au = +0.7554 Ae 1 +0. 7851 Au_1 +0. 1218 Au_2
(0. 1652) (0. 0570) (0. 0620)
-0.142 Au_3 +0. 129 Expansion  -0.01232
(0. 0554) (0. 0094) (0. 00535)
0. = 0.0108 o, = 0.0071 o, = 0.0310

where ecm= e - 0.88r - 0.017u -0.008t.

VECM nodel , estimated by FIM.. 1966: 1--1979: 4

Ae = +0. 3538 Ae_2 -0.1005 ecnv94_1 -0. 8204 Const ant
(0.0862) (0.0498) (0.4161)
+0. 03685 D745 +0. 03616 D793
(0.00504) (0.01194)
Ar = +0.1906 Ae_ 1 +0. 2877 Ar_1 -0.06187 Au_2
(0.0600) (0.0752) (0.01602)
+0. 1994 ecniv94_1 +1. 675 +0. 04376 D793
(0.0427) (0. 357) (0.00860)
+0. 00872 Budget
(0.00155)
Au =  +0.4669 Ae_1 +0. 7541 Au_1 +0. 1264 Expansi on
(0.1492) (0.0719) (0.0122)
c. = 0.0118 o = 0.0086 o, = 0.0407

where ecnv94 = e - 0.76r + 0.076u -0.013t.
D793, D745, Budget, and Expansion are dummy variabl es, see M zon (1995).

Tablel Full-sample model and the sub-sample VECMmodel.



Mean of forecast errors: ‘bias’. 1980:1 - 1993:1.

M odéel Ae Ar Au
DVAR -0.0037| -0.0017| 0.0010
GVlrs -0.0040| -0.0005| 0.0007
GVkss -0.0080| 0.0039 | 0.0004
VECM -0.0076| 0.0026 | -0.0050
VECW -0.0041| -0.0023| -0.0049
Average value| 0.0212 | 0.0157 | 0.0186
of actuals

Standard deviations of forecast errors. 1980:1 - 1993:1.

M odé€l Ae Ar Au
DVAR 0.0120| 0.0079| 0.0281
GVrg 0.0105| 0.0069| 0.0219
G\Vks 0.0147| 0.0152| 0.0219
VECM 0.0136| 0.0139| 0.0232
VECM 0.0121]| 0.0077| 0.0235
Average value 0.0137| 0.0127| 0.0581
of actuals

Forecast Tests.

M odel F[,] m 72

DVAR | 159,44 0.82[.81] | 0.69 [.95]
GMrs | 159,49 0.69[.96] | 0.64[.98]
GVks | 159,49| 2.62 [.0001]| 1.96 [.004]
VECM | 159,51| 2.21[.0007]| 1.72 [.01]
VECM | 159,52| 0.73[.92] | 0.70 [.95]

Table2 1-step forecast performance of models.



1-step forecast errors

Mean s. dev
M od€ e T U e T U
DVAR -0.004 | -0.002| 0.001 || 0.012 | 0.008| 0.028
VECM -0.009| 0.004 | -0.005|| 0.014 | 0.012| 0.023
const [1] || -0.001] - -0.005| 0.012 | 0.010]| 0.023
1-of f [1] | -0.001| - - 0.012 | 0.010]| 0.026
const [4] || -0.002| 0.001 | -0.005|| 0.011 | 0.008| 0.023
1-of f [4] || -0.002| 0.001 | 0.001 || 0.011 | 0.008| 0.025
4-step forecast errors
Mean s. dev
Mod€ e r U e r U
DVAR -0.019| -0.013| -0.020|| 0.026 | 0.018| 0.152
VECM -0.036| - -0.065| 0.038 | 0.034]| 0.141
const [1] | -0.009| 0.001 | -0.048| 0.044 | 0.043| 0.133
1-of f [1] || -0.030| 0.003 | -0.043 || 0.033 | 0.033| 0.129
const [4] || -0.013| 0.003 | -0.051|| 0.029 | 0.027| 0.136
1-of f [4] | -0.031| 0.003 | -0.041| 0.032 | 0.032| 0.141
8-step forecast errors
Mean s. dev
Mod€ e r U e r U
DVAR -0.046| -0.034| -0.099|| 0.025 | 0.027| 0.314
VECM -0.068| -0.024| -0.212|| 0.044 | 0.046| 0.285
const [1] || -0.025| 0.002 | -0.166|| 0.084 | 0.093| 0.268
1-of f [1] || -0.065| -0.018| -0.182 || 0.042 | 0.047 | 0.268
const [4] | -0.030| 0.002 | -0.172|| 0.049 | 0.064| 0.268
1-of f [4] || -0.065| -0.019| -0.176 || 0.041 | 0.047| 0.280
12-step forecast errors
Mean s. dev
M odé€l e T U e T U
DVAR -0.070| -0.054 | -0.236| 0.028 | 0.033| 0.409
VECM -0.089| -0.055| -0.414| 0.037 | 0.050| 0.381
const [1] || -0.032| 0.005 | -0.341 | 0.122 | 0.152]| 0.346
1-of f [1] | -0.087| -0.049| -0.375|| 0.038 | 0.053| 0.370
const [4] || -0.041| 0.001 | -0.354 || 0.080 | 0.106| 0.341
1-of f [4] | -0.088| -0.050| -0.375| 0.036 | 0.053| 0.381
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Table 3 Effect of intercept corrections on means and standard deviations of forecast errors. A
‘—' denotes a number less thad—3 in absolute value .
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Figurel ‘Equilibrium errors’: full and sub-sample estimates.
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