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Abstract

Since forecast failure is due to unanticipated deterministic shifts, ‘sensible’ agents should adopt
‘robust forecasting rules’. In such a non-stationary world, causal variables can dominate non-causal
in forecasting, so ‘rational expectations’ do not have a sound basis: agents cannot know how all rele-
vant information enters the data density at every point in time. Although econometric models ‘break
down’ intermittently, that is not due to the Lucas critique and need not preclude policy analyses.
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1 Introduction

There are important implications for modelling expectations formation in economics from forecast fail-
ure being due to unanticipated large shifts in deterministic factors: see Clements and Hendry (1998a,
1999a) for documentation, and Clements and Hendry (1998b) for a general discussion of the implica-
tions of forecast failure. Deterministic variables include intercepts, linear trends etc. (sudh Bs. .;
and1,2,3,...), namely variables whose future values are known with certainty when they follow the
given sequence. Those authors then define deterministic shifts as any change in the mean component
(i.e., unconditional expectation of the non-integratef{0} — transformations) of the variables under
analysis, both directly or induced by shifts in parameters of deterministic variables. Consider the sim-
plest linear trend model of a variable with o = 0 andg # 0:

p=ax1l+F8xt+u (1)

where the precise properties £f;} need not be specified beyond beig@), and the multiplication is
to highlight the interpretation in (2) below. A deterministic shift from tiffi@nwards in (1) induces:

Yren =" X 1+ 8" x (T +h) +uprpn =ax p+ 3 x (T +h)" + upgp 2)

wherep, = o* /o # 1is the shifted intercept, and” + 2)* = (T'+ h) 3* /(3 is an altered trend growth

rate. Thus, although intercepts and linear trends are themselves deterministic, they play a problem-
atic role in econometric models since the combined effect of the parameter times the variable is not
deterministic: many future changes are unlikely to be foreseeable, let alone known.

Deterministic shifts in this sense transpire to be the main explanation for forecast failure, namely
a significant deterioration in forecast performance relative to the anticipated outcome, usually based
on the historical performance of a model. Other factors that mimic deterministic shifts, such as mis-
estimating or mis-specifying deterministic components in models (e.g., omitting the trend in 1)), are
included under that heading. Shifts in other parameters of models appear to have effects that are in
practice difficult to detect: see Hendry and Doornik (1997) and Hendry (2000b).

The aim of this paper is to explore the implications for agents’ expectations formation of these
and related results on the causes of forecast failure. The following analysis is based on the fact that
economies are non-stationary, and sufficiently high-dimensional and complicated that it is an impossible
requirement for a model to coincide with the data generating process (DGP) in macroeconomics: see
Barrell (2001) who presents six examples of endemic structural change since the 1990s, and Clements
and Hendry (2001b) who consider the historical prevalence of forecast failure in UK output forecasts
and their association with major ‘economic events’. Such evidence is buttressed by the outcomes of
the major empirical forecasting competitions, such as Makridakis, Andersen, Carbone,etilles
(1982), reviewed by Fildes and Makridakis (1995), and more recently, Makridakis and Hibon (2000)
discussed by Clements and Hendry (2001a) and Fildes and Ord (2001). Although which model does
best in such forecasting competitions depends on how the forecasts are evaluated and what horizons
and samples are selected, a class of ‘simple’ extrapolative methods tends to outperform econometric
systems. However, all these findings can be explained by a theory of mis-specified models of changing
DGPs: see Clements and Hendry (1999b) and section 6.2. We refer to a theory assuming correctly
specified models of constant DGPs as ‘optimality theory’ following Makridakis and Hibon (2000).

The structure of the paper is as follows. Section 2 outlines the six main implications of observed
forecast failure that will form the body of the paper. Then section 3 reviews the sources of such forecast



failure, leading to the taxonomy of forecast errors in section 3.1. Section 4 discusses the detectability
of deterministic shifts, and the difficulty of detecting other structural breaks. Section 5 then considers
robust forecasting rules which seem to ‘win’ forecasting competitions, investigates why they do so, and
proposes that ‘sensible’ agents will adopt such rules. The potential dominance in forecasting of ‘non-
causal variables’ is shown: a ‘causal variable’ is one which actually enters the DGP with a non-zero
effect; a non-causal variable does not enter the DGP. Section 6 discusses the assumptions needed to
sustain ‘rational expectations’, and highlights the epistemological problems they raise when the data are
generated by an inherently non-stationary process of the kind needed to account for the very forecast
failure that prompted their rise to prominence in empirical macro-econometrics. Section 7 notes results
from Hendry and Mizon (2000a, 2000b) on the inappropriateness of selecting policy models by forecast
accuracy, and the converse that forecast failure does not preclude the policy use of econometric models.
Section 8 concludes.

2 Six implications of observed forecast failure

The first implication of the theory which accounts for observed forecast failure is that one can disprove
the basic ‘optimality theorem’ that forecasting based on causal variables will dominate that using non-
causal: see Hendry (1997) and section 6.1. Since ‘rational expectations’ rely on causal claims — being
the correct conditional expectations — they do not, therefore, have a sound theoretical basis, an issue
amplified in section 6.

The second implication is that the methods which should do best in forecasting competitions are
those which are relatively immune to unmodelled deterministic shifts: Clements and Hendry (1999hb)
present evidence supporting that view. Robust forecasting methods are generally different from ‘ratio-
nal expectations’, which are not robust in the face of unanticipated deterministic shifts: this aspect is
followed up in section 6.4.

Thirdly, in such a non-stationary world, forming ‘rational expectations’ requires agents not only to
know all the relevant information, but also to know how every item of information enters the joint data
density at every point in time, when many of the events involved cannot be unanticipated. ‘Sensible’
agents who learn that they cannot form expectations any better than the best forecasting models may
well adopt such ‘robust forecasting rules’: see section 6.3.

Fourthly, these criticisms appby/fortiori to ‘model consistent’ expectations, which seem to embody
the worst of all possible worlds: they are neither rational nor robust unless the model is correctly speci-
fied over the future. ‘Rational agents’ would be wise not to use model-based expectations, when models
—including their own — are manifestly mis-specified (for earlier critiquesirgeealia, Pesaran, 1987):
section 6.5 amplifies.

Fifthly, should agents adopt such robust forecasting rules, they have the property that their form does
not usually vary with policy changes (although the resulting forecasts do), rendering the Lucas (1976)
critique otiose: see section 6.6.

The final, and closely related, implication is that although econometric models ‘break down’ inter-
mittently, not only is this unlikely to be due to the ‘Lucas critique’, but rather suggests its irrelevance,
consistent with the increasing empirical evidence of its absence in practice: see Ericsson and Irons
(1995) and section 6.6.

The remainder of the paper establishes these six implications.



3 Sources of forecast failure

Forecast failure should rarely occur in a constant-parameter, stationary world, albeit that it is all too
common in practice. Many ‘conventional’ results that can be proved in a constant-parameter, stationary-
data world change radically under parameter non-constancy as we have noted: examples include the
potential dominance in forecasting of causal variables by non-causal, of well-specified models by badly
mis-specified, of 1-step forecasts by multi-step, and of known parameter values by estimated, as well as
the value-added of intercept corrections and differencing transforms: see Clements and Hendry (1998a,
1999a).

The first of these examples is central to the implications of expectations formation for econometric
modelling. If forecasting devices using no causally-relevant variables can outperform those based on
the best-available causal information, there is no ‘approximately-correct’ concept applicable to ‘rational
expectations’: unless the underlying model held by all relevant agents is perfectly specified, it can be
dominated in principle by non-causal devices — and in practice, such devices regularly ‘win’ forecasting
competitions: see Makridakit al. (1982).

Forecasting models have three main components: deterministic terms, whose future values are
known; observed stochastic variables with unknown future values; and unobserved errors all of whose
values are unknown. Any, or all, of these three components potentially could be the source of forecast
failure. Moreover, a model’s relationships could be: mis-specified; poorly estimated; based on inaccu-
rate data; incorrectly selected by data-based methods; involve collinear variables with non-parsimonious
formulations; or suffer structural breaks. Given the complexity of modern economies, most of these pos-
sible causes will be present in any empirical macro-model, and will reduce forecast performance, either
from inaccuracy or imprecision. However, some mistakes have more pernicious effects on forecasts than
others, and most combinations do not seem to induce systematic forecast failure: theoretical and simu-
lation analyses and empirical evidence implicate structural breaks in deterministic terms as the primary
cause of forecast failure.

The potential sources of forecast errors include mistakes that derive from:

(1) formulating a forecasting model from an inadequate theory,
(2) selecting by inappropriate empirical criteria,

(3) mis-specifying the deterministic components,

(4) mis-specifying the stochastic components,

(5) mis-estimating the parameters,

(6) using inaccurate observations,

(7) subject to intermittent structural breaks.

Such a framework closely mimics the apparent empirical world, so any resulting forecast-error taxon-
omy must include a source for each of the effects in 1-7, partitioned appropriately for deterministic,
observed-stochastic, and error influences. Although the decompositions of the resulting forecasting
mistakes are not unique, for any given system they can be expressed in nearly-orthogonal effects corre-
sponding to influences on forecast-error means and variances respectively (higher moments undoubtedly
alter as well, but that will not be of concern here). The former involve all the deterministic terms; the
latter the remainder. We now consider these major categories of error for a first-order vector autore-
gression (VAR) describing an integrated-cointegrated process that is subject to intermittent structural
breaks. A general (i.e., model-free) forecast-error taxonomy can be developed, and delivers the same



implications as the simpler exemplar used here: see Hendry (2000a).

3.1 Forecast-error taxonomy

Consider a vector of. stochastic variable$x; }, where the sequential expectationqf at timet is
E:[x¢|X{_1,at] (Where that exists), conditional on informatidd! ; = (x1...x¢—1) available at
the time, wheng; denotes the relevant deterministic factors (such as intercepts, trends, and indicator
variables), withQ} = (qi ... qt). Because the underlying densities may be changing at each point in
time, all expectations operators must be time dated. It is desired to forecast a functignpfsuch
as itself, or perhaps the non-integrated components, dedgtedy, } below, over forecast horizons
h =1,...,H, from a forecast origin al’. Forecast accuracy is to be judged by a criterion function
Ce (eT-i-l\T .. eT+H|T), which we take to depend only on the forecast erefs it = XT1n —
X4n|T, Where ‘smaller’ values o€, (-) are preferable. Even so, unless the complete joint density is
used, evaluation outcomes depend on the specific transformatiop, gf considered.

To illustrate the sources of forecast error concretely, we focus on a first-order vector autoregressive
(VAR) DGP which is stationary in-sample (perhaps after appropriate cointegration and differencing
transformations), written as:

vyt = ¢ +1Ily, 4 + €, (3)

with intercept¢ and dynamic matridI (all of whose eigenvalues lie inside the unit circle) where
€t ~ IN, [0, €2]. The forecaster uses the corresponding forecasting model:

Yr4hT+h—1 = ¢+ Iy in-1 (4)

wheré denotes estimates for parameters, and forecasts for random variables. In (3k:vidEh) and
there are- < n cointegrating vector8, they; compriser elements3'x;, andn —r elements ofAx, so
arel(0) by construction. Further, the only deterministic term retained fgns the intercept (although
this allows a trend in they). The forecast-error transformation of interestis ;7 = yr+h —Y14n/T)
andCg () will comprise only the mean and variance{@f 7 }. It is important to remember that the
detailed results are dependent on these choices: ‘forecast-accuracy’ measures depend on both the data
transformation inspected and the loss function (see e.g., Clements and Hendry, 1993).
The unconditional mean ¢f; is:

Elye] =(In—II) ' o =¢ (5)

and hence, in deviation form, the DGP is:

yi — @ =I(yt—1 — @) + €.

The h-step ahead forecasts at tihdor b = 1, ..., H from (4) can be written as:

Yrin — @ =T (Frin1 — @) =" (57— @), (6)
wherep = (I,, — ﬁ)—lg?). Althoughy is unknown in practice, we assuri§y+] = ¢ here, so that on
average no systematic bias results from data inaccuracy — in practice, however, the forecast origin might
be unavailable or less well measured than earlier data (see e.g., Wallis, 1986) and such mis-measurement
can be an important source of systematic forecast errors.



After the forecasts have been made at tifyehe DGP parameter valuéé : IT) change tq¢™ :
IT*), whereII* still has all its eigenvalues less than unity in absolute value, so the process ré@gins
The break may well be endogenously induced, perhaps as a proxy for a ‘sharp’ non-linearity, or may
reflect changes elsewhere in the economic system, but the implications of its not being modelled appear
unrelated to its source, though not to prospects of eventually developing models which anticipate such
breaks. Then, frorfi" + 1 onwards, the data are generated by:

yr+h = @ +II'yrin_1 +éerin
= ¢ +II" (yrin-1—¥") + €ryn

h-1
= @+ (yr —¢*) + > (") erini, (7
i—0

so both the slope and the intercept alter, whete= (I,, — H*)_1 ¢*. Letér 1 = YT+h — YT+h|T:
then the forecast-error taxonomy in (8) decomposes the various sources into eight interpretable, and
potentially freely-varying, components (see Clements and Hendry, 1998a):

VAR forecast-error taxonomy
€T = (In - (H*)h> (" — ) (ia) equilibrium-mean change

+ ((H*)h - Hh) (yr —¢) (ib) dynamic change

+ (In —IIB) (¢ — ¢p) (iia) equilibrium-mean mis-specification

+ (1‘[h — H*I;) (yr — ) (iib) dynamic mis-specification ®)
— (I —1II}) (2 — ¢p) (iiia) equilibrium-mean estimation

_F, (ﬁ _ n)” (iiib) dynamic estimation

— (H*I; + Ch) (yr —¥y7) (iv) forecast-origin uncertainty
h—1 ‘

+> (") erin; (v) error accumulation.
=0

The first two terms isolate the impacts of changes in DGP parameter values on the mean and dynamics
respectively; the next two isolate (so far as possible), the effects of mis-specification, again separately for
the mean and dynamics; the next pair show where estimation variation enters; the seventh term reflects
all the uncertainty around the forecast-origin; and the last term is the unavoidable error accumulation
as the forecast horizon lengthens. In (8), terms involyrg— ¢ have zero expectations even under
changed parameters (e.gh)(and (ib)). Moreover, for symmetrically-distributed shocks, biase§Tin

for IT will not induce biased forecasts (see e.g., Clements and Hendry, 1998a), angl,thdave

zero means by construction. Consequently, the primary sources of systematic forecast failiae are (
(iia), (iiia), and {v). However, onex postevaluation, /) will be removed, and in congruent models

with freely-estimated interceptsiig) and (iia) will be zero on average. That leavda)(as the main

source of bias: the remaining terms add variance effects, discussed in section 3.3. We now consider
these implications in more detail, commencing with mean effects, then turn to variance components,
and return to the implications for ‘rational expectations’ of (8) in section 6.

1The matricesCy, and Fy, are complicated functions of the whole-sample data set, the method of estimation, and the
forecast-horizon (see e.g., Calzolari, 1981)’ denotes column vectoring, and the subsgrigenotes a plim.



3.2 Mean effects

The key effect derives from changes to the ‘equilibrium mean’ (not necessarily the intercept in a model,
as seen in (8)), namely the unconditional expectakpfy.] (where that exists) of the non-integrated
components of the vector of variables under analysis. Because the model will generally be a mis-
specified representation of the DGP, a different expectations opefdtris used to denote expecta-
tions based on the estimated model. Consequéhily, [yr+n] — £7 [yT+n] iS the major determinant

of systematic forecast failure.

The admissible deductions on observing either the presence or absence of forecast failure are rather
stark, particularly for methodologies in which forecasts are deemed the appropriate way to judge em-
pirical models. Its absence is consistent with severe mis-specification, inaccurate data, and inconsistent
parameter estimation, so hardly provides much comfort. Conversely, in the present setting of structural
change in deterministic components, there may exist non-causal models (i.e., models none of whose
‘explanatory’ variables enter the DGP) that do not suffer forecast failure, and indeed may forecast ab-
solutely more accurately on reasonable measures, than previously congruent, theory-based, efficiently-
estimated econometric models: example are provided in Hendry (1997), Clements and Hendry (1999a),
and section 5 below. Consequently, even relative forecasting success or failure is not a reliable basis for
selecting between models — other than for forecasting purposes. Moreover, a model that suffers severe
forecast failure may nonetheless have constant parametezs paostre-estimation: apparent failure
on forecasting need have no implications for the goodness of a model, or its theoretical underpinnings,
as it may arise from incorrect data, that are later corrected (as in the concept of extended constancy
in Hendry, 1996). To summarize, while forecast failure may reflect an inadequate model in-sample, it
is neither necessary nor sufficient; whereas large deterministic shifts are sufficient to induce forecast
failure.

Further, mis-specification of zero-mean stochastic components is unlikely to be a major source of
forecast failure, but stochastic mis-specification (e.g., omitting key explanatory variables) could en-
tail deterministic mis-specification, which might interact with deterministic breaks elsewhere in the
economy, and thereby precipitate failure. Equally, the false inclusion of variables which experience
equilibrium-mean shifts could have a marked impact on forecast failure: the model mean shifts al-
though the data mean does not, thereby changiny . n], whenEt_y, [yT+n] is unaltered. Finally,
forecast-origin mis-measurement can also be pernicious, as an incorrect starting level is ‘carried for-
ward’ in dynamic models — hence most forecasting agencies carefully appraise the latest observations
for consistency with other available information. Economic agents might find such detailed analysis
expensive and unrewarding in terms of costs relative to resulting benefits.

3.3 Variance effects

Compared to the problems of the previous section, estimation uncertainty for the parameters of stochas-
tic variables seems a secondary problem, as such errors add variance t€igDf for stationary
components —an@(1/7'?) for non-stationary — for samples of size However, mis-estimation of coef-

ficients of deterministic terms could be deleterious to forecast accuracy &y n) —Effmh]

is large by chance. For some model classes, such as VARs in levels, estimated intercepts have very large

2In non-stationary dynamic processes, where unconditional expectations may not be defined, this expression can be gener-
alized toE1 1 [xT+n|XT] — E7 [xT+n|XT] WhereXt denotes observations up to and including the forecast origin



standard errors, but this just reflects the inappropriateness of that parameterization. Finally, neither
collinearity nor a lack of parsimonger seseem key culprits, although interacting with breaks occurring
elsewhere in the economy could induce serious problems: see Clements and Hendry (1998a).

4 The detectability of structural breaks

The taxonomy in (8) also highlights the relative ease and difficulty with which different kinds of struc-
tural breaks can be detected. This is the topic of a separate analysis in Hendry (2000b), so is merely
noted here.

Apparently-large shifts in both the VAR intercegt, and dynamic coefficient matriXI, need not be
detectable, so long @sremains constant; whereas seemingly-small changesan have a substantial,
and easily detected, effect. This can be seen most easily from (7). Consider the set of parameter shifts
(¢*, I1*) such that:

(-~ ¢ = o,

is constant. Then:

h-1

yrin =@+ ()" (yr — @) + > (") eryni 9)

i=0
whereEt, [yr — ] = 0 Vh so the forecasts are unbiased, and the only detectable ‘shift’ is due
to the variance change frofiI*)" (yt — ) rather thanlI® (y1 — ¢) to be determined against the
background noise fro@?;g (IT*)" e14n_;. If the economy is close to equilibrium at the time of the
break, soyt ~ ¢ then the outcomes will not reflect any change, so the forecasts will perforce be close
to the actuals. Thus, the changes in terms/gt (IT*) — which define the complete set of parameters of
the VAR here — could be very large relative to the error variances, yet not be reflected in data variation.
Hendry and Mizon (2000b) consider the bleak implications for impulse-response analyses, where shifts
in dynamics that alter the signs of impulse responses may not be detectable, even when rigorous testing
for parameter constancy is undertaken.

With I(1) data generated from a cointegrated VAR, the detectability of a change is still not well
reflected by the original VAR parameterization. The vector equilibrium-correction (VEqQCM) parame-
terization clarifies this outcome. In terms of thex 1 vector ofl(1) time-series variables;, write the
first-order dynamic linear system as:

Xt = Tthl + 7T+ Vv (10)

wherevy ~ IN,, [0, Qy]. In (10), the initial valuexy is fixed, Y is ann x n matrix of coefficients,
and T ann x 1 vector of intercepts. Wher;y ~ |(1) and the cointegrating rank is (10) can be
reparameterized as:

Axy = Uxi_1 + 7T+ vy (1D

where® = Y — I, = o3 anda and3 aren x r of rankr < n. Hence:
Axy = o' xi_1 + T + V. (12)

Leta, B, ben x (n — r) matrices orthogonal tex, 3 respectively, sa’, o = 0, 3,8 = 0, then
(10) is notl(2) if &/, B, has rank'n — ), which we assume, as well as sufficient restrictions to ensure
uniqueness ix, , 3|, «, andB. As above, let the expectation Afx; be~ (n x 1), which defines the



growth in the system, and Iét[ﬁ’xt] = u, which isr x 1, then from (12)7 = v — au (see Johansen
and Juselius, 1990), arftly = 0. Thus, the DGP becomes:

AXt =Y+ (,@/thl - [Jz) + Vi. (13)

In relation to (8), the first elements ofy; are the cointegrating combinatio@x; and the remaining
(n—r) area’; Axy,.

The parametersy and p in (13) correspond directly tg: thus shifts in the equilibrium-mean
correspond to shifts in eithdr .y, [ﬂ’xT+h] = p or Eypy [Axryn] = « or both. Such changes are
readily detectable: the former because the model now drives forecasts towards an incorrect equilibrium,
and hence in the opposite direction to the shift in the data mean, and the latter as the model has an
incorrect growth rate enforced. Conversely, mean-zero shifts correspond to changes in the dynamics
a, SO are not easy to detect as the only manifest signal of the change is an ‘above average’ fluctuation
in the data. The case whete changes to zero is included — loss of cointegration need not induce
forecast failure — whereas the introduction of new cointegration relationships bet{l¢erriables
almost certainly induces a mean shift, and will be detectable. Surprisingly, shifts in the cointegration
vectors3 to B* are not even easy to detect when entailed equilibrium-mean shifts are fully offset, so:

Erin [(8%) x14n — 1] =0,

although it may be that the usual empirical problem involves changgsitben3 alters.

Thus, the implicit variation-free assumptions about parameters are crucial in a world of structural
shifts. The ease of detecting changes in equilibrium-means reflects their pernicious effects in fore-
casting; whereas the difficulty of perceiving other changes has consequential benefits of robustness in
forecasting, but drawbacks of hon-detection in modelling.

5 Robustness of forecasts to breaks

Two models with some robustness to deterministic shifts are a VAR in the differences of the variables
(DV):

Axy = v+ &, (14)
which is generally mis-specified by omitting any cointegrating vectors; and a DV in the differences of
the variables (DDV), defined by:

A%y = ¢ OF Axy = Axg_1 + (4. (15)

These models are convenient for the analytic calculations, but can be generalized in an obvious manner
to allow for longer lag structures, trends etc. in empirical work. However, (15) will rarely provide a
congruent data characterization due to ‘over-differencing’.

To illustrate in the simplest setting, consider 1-step forecasting ffomhere the in-sample param-
eters are constant and of negligible variance, estimated from accurate data for the correctly-specified
first-order VEqQCM (13) with no additional dynamics, immediately following an unanticipated deter-
ministic shift at timeT" — 1, so:

Axp_1 = y+a(Bxr_2—p)+vra
Axy = Y4+ a(Bxr-1—p")+vr (16)
Axti1 = Y +a(Bxr —p) + v
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The VEQCM forecasts, however, are:

A§T+1\T =v+ o (,@/XT — p,) . an

Then the taxonomy (8) simplifies to

eri1T = AxTi1 — A§T+1\T =" =) —a@" —p)+vri, (18)

with a forecast-error bias of:

Etri1 [ersir) = (0 —7) —a(p* —p),

and variance of/11 [ep 17| = Qv.
By way of contrast, consider usinyxr = Axt from (15). The corresponding taxonomy for
(15) from (16) is:

Axri1 — AXpiqr = Y +oa(Bxr —p) 4 vry — Axp
= Avpy + af Axr, (19)

with a forecast-error bias of:

Eti1 [Axri1 — AXpiqr) = afv",

which is zero since the new mean in the cointegration relationships induced by the structural change has
already been incorporated. However:

V11 [Axri1 — AXpyqr) = 29y,

so there is a variance offset to the gain in bias, and that trade-off worsens as the forecast horizon in-
creases. Nevertheless, until the VEQCM switches to having growifi ahd equilibrium mean of*,

(15) will outperform, at least in terms of bias, despite its non-causal basis. As Clements and Hendry
(1999a) show, even though the forecast-error variances from (15) are larger and increase faster than
those from the VEqQCM, MSFEs can still favour the former.

It must be stressed that none of these models is robust to unanticipated deterministic shifts that occur
after forecasts are announced — that requires magic, not science — but in real time, later forecasts will be
made after any breaks, which is when the advantages of robustness appear. The VEqQCM will persistently
fail until it is revised to incorporate the relevant breaks, either by ‘intercept shift’ indicators, or inclusion
of the forces that induced the shift. Moreover, ‘optimality’ results can no longer be established, as the
relative performance of such models, and others, depends on the relative magnitudes and frequencies of
deterministic shifts.

Equally, pooling forecasts from VEqQCMs and DDVs may be advantageous in some periods, but
cannot be useful in others, so any ranking is again event dependent. Intercept corrections based on
recent forecast errors improve the robustness of VEqQCMs by mimicking differencing (see Clements
and Hendry, 1999a), but worsen forecast-error variances; and pre-testing does not uniformly help (see
Clements and Hendry, 2001c).

To summarize the argument so far, deterministic shifts are a pernicious, so easily detected, source
of forecast failure; their effects can be offset by ‘robust devices’, which thereby do not suffer forecast
failure; these are implications of the generalized theory of forecasting; and are consistent with the
outcomes empirical forecasting exercises. Thus, we turn to the additional implications of this framework
for how agents living in such a world might form their expectations about the future.
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6 Implications for ‘rational expectations’

We now consider the six main implications for ‘rational expectations’ of forecast failure, as summarized
in section 2.

6.1 Forecasts using causally-irrelevant variables

In the example of the previous sectiahx; 1 does not enter the DGP (13), so is not a causally-relevant
variable. Yet it can produce ‘better’ forecasts than the in-sample DGP, at least for some relevant states
of nature. Thus, we have disproved by a counter example any theorem which claims that knowledge
of the causally-relevant variables will deliver the ‘best’ forecasts. In a world with deterministic shifts,
even forecasting from the existing DGP will not be useful unless all future breaks over the forecast
horizon can be fully anticipated. Such an assumption is not a sound basis for any operational approach
to economic policy or forecasting. This establishes the first implication noted in section 2.

When the variables under analysis are a subset of those in the DGP, there exists a well-defined local
DGP (LDGP), derivable by reduction, with an innovation error representation (see e.g., Hendry, 1995,
chapter 9). Bontemps and Mizon (2001) show that a model is congruent when it encompasses that
LDGP. However, it cannot be proved that variables which are causally irrelevant in the DGP remain so
in the LDGP, as they may proxy for variables which were eliminated by marginalization operations (see
e.g., Hendry and Mizon, 1999). Similarly, causally-relevant variables become those that enter the LDGP
with non-zero effects. Nevertheless, with ticatveat the result above holds, namely variables that do
not enter the DGP or LDGP can deliver forecasts that out-perform on some measures models based on
those that are relevant, as in section 5.

6.2 Winning forecasting competitions

Since forecast failure regularly occurs, we infer that deterministic shifts do so as well. Thus, models
related to (15), namely ones that are highly adaptive, will perform relatively successfully in forecasting
competitions, as seems to be the case empirically: see e.g., Makredaki$1982), Fildes (1992), and

Allen and Fildes (2001). Moreover, intercept corrections that ‘set a model back on track’ correspond
to imposing an additional unit root over the forecast horizon, helping explain why such devices en-
hance forecast performance: see Turner (1990) and Clements and Hendry (1998a). Also, Clements and
Hendry (1999b) demonstrate both analytically and empirically that in the face of deterministic shifts
immediately prior to a forecast horizon, (14) and (15) will outperform (13), with the latter being best
over very short horizons. This behaviour is precisely what was observed by Eitrheim, Husebg and
Nymoen (1999) in their study of the forecasting performance of the Norges Bank macro-econometric
model. Over the longest? quarter) evaluation horizon, the Bank’s model performed well on a MSFE
measure (albeit using known future values of all ‘exogenous’ variables), followed by a DV modelled to
be congruent: the equivalent of the DDV did worst. But over a sequence of4fpegod divisions of

the same evaluation data, which both reduces the adverse variance effect for the DDV and creates more
forecasts after breaks, the DDV did best more often than any other method. This establishes the second
implication.
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6.3 Untenable informational requirements

‘Rational expectations’ requires agents not only to know all the relevant information, but also to know
how every component enters the joint data density at each point in time. In an economy made non-
stationary by unanticipated deterministic shifts—when many of the events, and their consequences,
cannot be anticipated—such assumptions are untenable. These claims are clear from (8): the model er-
rorer. 7 equals the ‘rational expectations’ eref , ,  (i.€., term ¢) in (8)) if and only if every other

term is zer® Whengr, 7 = Etinlyr+n Y4, {Q 11, n), where{Q*}71, denotes the actual values

of the deterministic factors over the forecast period (thereby incorporating any deterministic shifts), and
Q. {Q*}11h) = {Q*} 1. p. then indeed (8) collapses to leave oaly, i = > i (IT*)' €T n_i.
However, the required implicit knowledge of recent datlire deterministic shifts is infeasible. More-

over, once{Q*}lﬂh is replaced byQ#., ,, andEr., by Et (or even worsefr), the previous section
showed that the resulting forecasting device can be dominated by methods that involve no causally-
relevant variables. Thus, an ‘as if’ argument cannot be used to sustain the claim of ‘rational expecta-
tions’ in modelling economic behaviour. This establishes the third implication.

6.4 Robust forecasts and robust decision rules

‘Rational agents’ would be wise not to use model-based expectations, when models — including their

own — are manifestly mis-specified, and the variables involved are subject to deterministic shifts. Agents

will learn that they cannot form expectations any better than the best forecasting models, where the latter
are ‘robust forecasting rules’, so adopt those. But forecasting models such as DDV have the property
that they do not usually vary with policy changes, although their forecasts do. Consider a simple model

of the form:

Axt = % + 0AZ§+1 + vl,t
Azy = v Dig+a(xi—1 — Pzi—1 — pDay) + vy (20)

where the agent needs to form a forecast (expectation) of the next changédenotedAzf, ;) to

reach their decision, bu; depends on intermittent unpredictable deterministic shifts, represented by
the indicator variable®), which shift both the equilibrium megnand the growth rate,. The ‘rational
expectation’ ofAz; 1 can only be formed on assumptions about fhg;, and incorrect assump-

tions could generate systematically wrong forecasts, whereas a forecast like DDV is robust after any
breaks. Here, the DDV entail&zf,; = Az so the first equation becomes a conditional model, and
consequently does not vary with changes in the generating process fohis establishes the fourth
implication.

A possibility of interest is that the agent in question is the central government, and so makes the
policy changes. In that case, a regime change will be known, so an econometric model which embodied
the policy could outperform a DDV that did not (as the regime shift acts like a break after forecasting,
to which the DDV is not robust: see Hendry and Mizon, 2000a).

6.5 Model-consistent expectations

In practice, the assertion by several non-nested macro-models to all embody ‘rational expectations’ in-
volves logical contradictions: at most one could be correct, and at best the rest have ‘model consistent’

3Except cancellation by fluke.
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expectations. But since such models are bound to be mis-specified, ‘model consistent’ expectations
have no formal basis. Indeed, they seem to embody the worst of all possible features: they are not
robust to structural change, unlike robust rules, and most cannot coincide with how agents actually form
expectations. Forecasting one period after a deterministic shift as in (17), imposing the restriction that
expectational variables coincide with the biased forecasts from the model, would seem to compound
the problem. The outcomes in the economy are the result of agents’ actions, so when outcomes differ
systematically from the model, the model must be incorrect: the forecast failure cannot be attributed to
agents’ expectations errors, even though the latter undoubtedly occur. This establishes the fifth implica-
tion.

Worse still, exploiting ‘model-consistent expectations’ can imply unrealistic ‘trade-offs’ — precisely
what earlier ‘Keynesian’ models were criticized for — by claiming that agents correctly foresee the
conseguences of policy changes, and hence (e.g.) ‘destabilizing policy rules’ can lead agents to behave
in such a way that the policy is instantly effective (so never destabilizes) — at least within the model, if
not in reality.

6.6 Implications for the Lucas critique

Lucas (1976) criticized the use of estimated econometric models for policy analysis in the following
quote:

“...Given that the structure of an econometric model consists of optimal decision rules for economic
agents, and that optimal decision rules vary systematically with changes in the structure of series relevant
to the decision maker, it follows that any change in policy will systematically alter the structure of
econometric models...” Lucas [1976, p.41].

In the intervening period, the critique has been criticized in turn by many authors, including Gordon
(1976), Sims (1982, 1986), and Hendry (1988), and most recently by Marcellino and Salmon (2000),
who show the internally-inconsistent use of ‘rationality’ in Lucas’s analysis. There is also scant evidence
of its operation empirically (see, in particular, Ericsson and Irons, 1995). The present criticisms derive
from a different source, namely the implications of observed forecast failure and its explanation by
deterministic shifts.

There are several questionable assumptions essential for Lucas’s assertion. First, that “optimal
decision rules vary systematically with changes in the structure of series relevant to the decision maker”
— unanticipated deterministic shifts are among the most drastic changes facing agents, yet the robust
forecasting rules described above do not alter with them. Thus, an econometric model in which variables
such asAx; entered, representingx, ,;, would not necessarily change even when forecast failure
occurred (‘gear changes’ of the kind discussed by Flemming, 1976, shifting variable$ fjoim 1(2)
say, could induce changed forecasting rules). In fact, this is precisely the formulation discussed by
Favero and Hendry (1992), albeit on completely different grounds.

Secondly, “that any change in policy will systematically alter the structure of econometric models”
conflates regime shifts in policy, when the underlying rules are altered, with different policy-variable
values within the same regime. Provided the models embody the policy variables of relevance, changes
in their values will be correctly reflected, and changes in rules need not alter them.

The third, less obvious, assumption, is that agents can extract the “structure of series relevant to
the(m)”, and this seems untenable in precisely the type of processes consistent with intermittent forecast
failure. Thus, the critique is far from being an explanation for forecast failure, and does not entalil
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the implication that econometric models have no future in a world where policy rules change. This
establishes the sixth implication.

An implicit assumption in Lucas (1976) is that any changes in econometric models will have no-
ticeable empirical consequences. As we have seen, zero-mean changes are difficult to detect, and do
not necessarily disrupt forecasts. Thus, the unimportant consequences of such changes, rather than their
absence, could account for the lack of empirical evidence that the critique occurs: see Ericsson and Irons
(1995). Nevertheless, for policy models, such undetected changes could be hazardous: the estimated
parameters would appear to be constant, yet be mixtures across regimes, leading to inappropriate advice
— indeed, estimated impulse responses could have the wrong sign (see Hendry and Mizon, 2000b). In
a progressive research context (i.e., from the perspective of learning about the economy), such an out-
come is unproblematic for econometric systems, since most policy changes involve deterministic shifts
(as opposed to mean-preserving spreads), hence earlier incorrect inferences will be detected rapidly
— although that is cold comfort to the policy maker, or the economic agents subjected to the wrong
policies.

7 Selecting policy models by forecast accuracy

Implicit in the Lucas critique is the notion that forecast failure will result from policy changes when
expectations are incorrectly modelled by the econometrician. We have shown that such an implication
is false, as is the converse that observing forecast failure implies either policy changes or incorrectly-
modelled expectations. Nevertheless, there seems to be an impression that before econometric models
are used to guide economic policy they ought to be able to forecast well. This section shows that it is
not in general sensible to select policy models by forecast accuracylone.

A statistical forecasting system is one having no economic-theory basis, in contrast to economet-
ric models which are based on economic theory. Since the former systems rarely have implications
for economic-policy analysis — and may not even entail links between target variables and policy instru-
ments — being the ‘best’ available forecasting device is insufficient to ensure its value for policy analysis.
Consequently, the main issue is the converse: does the existence of a dominating forecasting procedure
invalidate the use of an econometric model for policy? Since forecast failure often results from factors
unrelated to the policy change in question, an econometric model may continue to characterize the re-
sponses of the economy to a policy, despite its forecast inaccuracy. Further, when policy changes are
implemented, forecasts from a statistical model may be improved by combining them with the predicted
policy responses from an econometric model. Thus, forecasting models should remain distinct from
policy models, as discussed in Hendry and Mizon (2000a).

The rationale for their analysis follows from the taxonomy of forecast errors in section 3 which
recorded that deterministic shifts were the primary source of systematic forecast failure in econometric
models. Devices like intercept corrections can robustify forecasting models against breaks which have
occurred prior to forecasting (see e.g., Clements and Hendry, 1996, and Hendry and Clements, 2000).
While such ‘tricks’ may mitigate forecast failure, the policy-analysis implications of the resulting mod-
els are neither more nor less useful than those of the failed counterparts — although the policy advice
might be better when based on viable forecasts. Conversely, as noted in section 6, post-forecasting
policy changes will induce breaks in models that did not embody the relevant policy links, whereas

4This section draws heavily on Hendry and Mizon (2000a) and is only included for completeness.



15

econometric systems need not experience that policy-regime shift. Consequently, when both structural
breaks and regime shifts occur, neither class of model alone is adequate, which suggests that they should
be combined: Hendry and Mizon (2000a) propose, and empirically illustrate, one approach to doing so.

8 Conclusion

Forecast failure is primarily due to unanticipated large shifts in deterministic factors. Consequently,

it becomes impossible to prove the most basic theorem that forecasting based on causal variables will
dominate that using non-causal, unless the model coincides with the generating mechanism after the
break. Of course, such a result does not prove that causal models are inadvisable, merely that they cannot
be shown to dominate. In such a non-stationary world, ‘rational expectations’ are epistemologically
unsound, since they require agents to know all the relevant information, and how every item enters the
joint data density at every point in time — an impossible requirement in macroeconomics when some
of the events involved, and many of their consequences, cannot be anticipated. Methods which are
relatively immune to unanticipated structural breaks then do best in forecasting, and need not involve
causal variables. ‘Sensible’ agents will adopt such ‘robust forecasting rules’, which do not need to vary
with regime changes (although the resulting forecasts obviously change).

Because ‘deterministic shifts’ are pernicious for causally-based forecasts, they are easily detected,
although changes to other parameters are not. Thus, forecast failure is not due to changed reaction
parameterper se although it might result from induced deterministic shifts. Since impulse-response
analyses are sensitive to the signs of parameters whose changes are hard to detect, they are not reliable.
Conversely, while econometric models might forecast poorly when deterministic shifts occur, that does
not impugn their value for policy analyses: and fixing forecast errors by devices such as intercept
corrections cannot improve the policy-analysis properties of the models. The problems in detecting
shifts in mean-zero parameters are as hard for econometric models as for other approaches, but since
policy experiments generally involve mean shifts, regime changes will reveal previously-hidden mis-
specifications, transforming forecast failure from a problem into a learning device.

Thus, the intermittent ‘break down’ of econometric models actually reveals the unsustainability of
‘rational expectations’ in empirical modelling, rather than problems with the econometric systems it
was intended to criticize. Moreover, forecast failure is unlikely to be due to the ‘Lucas critique’, and
is consistent with the increasing empirical evidence of its irrelevance in practice. In realistic settings,
conditional expectations based pastinformation may be dominated in forecasting by other forecast-
ing rules, and hence are not actually rational. Conversely, ‘fully rational expectations’, by requiring
knowledge of unanticipated breaks, have impossible information requirements. Thus, it is essential to
move towards more reasonable expectations models in macroeconomics, particularly formulations that
reflect the instrumental nature of expectations in agents’ decisions — see e.g., Feige and Pearce (1976).
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