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1 Introduction ‘rational expectations revolution’ that replaced
‘Keynesian’ models. Forecast failure is a signifi-
The policy implications derived from any estizgnt deterioration in forecast performance relative
mated macro-econometric system depend on f@€ihe anticipated outcome, usually based on the
formulation of its equations, the methodology Usg{storical performance of a model: systematic fail-
for the empirical modelling and evaluation, the apye s the occurrence of repeated mis-forecasting.
proach to policy analysis, and the forecast perfqfy modelling weakly-stationary processes (where
mance. Drawing on recent results in the theory gfeans and variances are constant over time),
forecasting, we question the role of ‘rational €%nree important results can be established. First,
pectations’ in the first stage; criticise the preseghysal variables will outperform non-causal (i.e.,
approach to testing economic theories prevalentgriaples that do not determine the series being
the profession; show that impulse-response meffrecast), both in terms of fit and when forecasting.
ods of evaluating the policy implications of mOdSecondIy, a model that in-sample fully exploits
els are seriously flawed; and doubt the mechanisfi ayailable information (called congruent) and
derivation of forecasts from econometric systemg. 5t |east as good as the alternatives (encompass-
In their place, we propose that expectations showlgh) will dominate in forecasting at all horizons.
be treated as instrumental to agents’ decisioRgjrdly, forecast failure will rarely occur, since
suggest a powerful new approach to the empiriGike sample analyzed is ‘representative’ of the
modelling of econometric relationships; offer Vi‘sample that needs to be forecast. Such theorems
able alternatives to studying policy implications;an pe extended to non-stationary processes only
and discuss modifications to forecasting devic@%en the model coincides with the data genera-
that can enhance their robustness to unanticipajgg process (DGP). Unfortunately, the systematic
structural breaks. We first sketch the argumeni§s forecasting and forecast failure that has pe-
underlying our critical appraisals, then briefly d&jogically blighted macroeconomics highlights a
scribe the constructive replacements, before Pi&rge discrepancy between such theory and prac-
senting more detailed analyses of these four issUgse, which is also visible in other disciplines: see
Our approach builds on extensive researgly  Fildes and Makridakis (1995) and Makridakis
that has radically altered our understanding of the,q Hibon (2000). The taxonomy of sources of
causes of forecast failure, the occurence of whigfyecast errors in Clements and Hendry (1998,
was one of the driving forces behind the so-calleghgga) has revealed that forecast-period shifts in
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of parsimony, inconsistent estimation, or the Lube easily detected by conventional statistical tests.
cas (1976) critique of changing parameters: [his class includes changes that leave unaltered
themselves, none of these factors induces s¥yse unconditional expectations, even when dynam-
tematic failure. The key problem is the inhererits, adjustment speeds, and intercepts are radically
non-stationary nature of economic data, even aftdtered: illustrations are provided in Hendry and
differencing and cointegration transforms hav@oornik (1997). This leads to our third critique —
removed unit roots. In a high-dimensional anidhpulse-response methods of evaluating the policy
evolving world, it is impossible to imagine arimplications of models are dependent on the ab-
empirical model coinciding with the DGP. Consesence of such ‘undetectable breaks’, and so can be
guently, one can disprove the basic theorem thats-leading in both sign and magnitude when non-
forecasts based on causal variables will dominateterministic shifts have occurred.

those from non-causal. Our first critique follows — There is ample evidence that forecasts from
since ‘rational expectations’ claim to embody theconometric systems can err systematically in the
actual conditional expectations, they do not havace of deterministic shifts, so that they perform
a sound theoretical basis in an economy subjectworse than ‘naive’ methods in forecasting com-
deterministic shifts. Further, in the presence of upetitions — and now theory to explain why has
modelled deterministic shifts, models embodyingeen developed: see e.g., Clements and Hendry
previously-rational expectations will not forecaqtl999c). The implementation of cointegration
well in general. may in practice have reduced the robustness of

Secondly, tests of economic theories based econometric-model forecasts to breaks, by en-
whole-sample goodness of fit comparisions canring they adjust back to the pre-existing equi-
be seriously misled by unmodelled deterministidrium, even when that equilibrium has shifted.
shifts. This occurs because such shifts can be prékechanistic econometric-model based forecasts,
ied by autoregressive dynamics, making lagged itmerefore, are unlikely to be robust to precisely the
formation from other variables appear irrelevanfiorm of shift that is most detrimental to forecast-
so tests of theories — particularly of Euler equaag. It is well known that devices such as intercept
tions — can be badly distorted. Further, cointegreerrections can improve forecast performance (see
tion often fails in the face of such breaks, so long-g., Turner, 1990), but manifestly do not alter pol-
run relationships — often viewed as the statisticaly implications; and conversely, that time-series
embodiment of economic theory predictions — theanodels with no policy implications might provide
receive no support. Thus, our second critique fdhe best available forecasts. Hence our fourth cri-
lows: so long as the degree of hon-congruencetimfue — it is inadvisable to select policy-analysis
a model is unknown, false theories can end beingpdels by their forecast accuracy: see Hendry and
accepted, and useful ones rejected. Mizon (2000).

A necessary condition for both economic the- The existence of these four problems implies
ories and macro-economic models to be of pratyat many macro-econometric models are incor-
tical value is that their parameters remain corectly formulated and wrongly selected, with pol-
stant over the relevant horizon and for the admigy implications derived by inappropriate methods.
sible range of policy changes to be implemented/hilst we suspect that some amelioration arises
Many structural breaks are manifest empiricallyp practice as a result of most macro-forecasters
and so were easy to detect; deterministic shifts a@ntinuing to use intercept corrections to improve
a salient example. The class of breaks that are eémgcasts, the almost insupperable problems con-
to detect comprises shifts in the unconditional ekonting some approaches to macro-economics re-
pectations of non-integrated (denotd@)) com- main. Fortunately though, effective alternatives
ponents. However, it transpires that a range eXist.
parameter changes in econometric models cannot First, since expectations are instrumental to



the decisions of economic agents, not an enddanditional means are required for policy to be ef-
themselves, the devices that win forecasting cofiective. Whenever there is co-breaking between
petitions — which are easy to use and econontitese means (see Clements and Hendry, 1999a,
cal in information — suggest themselves as nafh. 9), reliable estimates of the policy responses
ural ingredients in agents’ decision rules (possibban be obtained from the model of the targets con-
‘economically-rational expectations’: see Feigditioned on the instruments, despite the probable
and Pearce, 1976). We show that is the case, wdthsence of weak exogeneity of policy instruments
the interesting implication that the resulting rulefor the parameters of interest in macro-models due
may not be susceptible to the Lucas (1976) citb mutual dependence on previous disequilibria.
tique, thus helping to explain its apparent empiric@he existence of co-breaking between the means of
irrelevance: see Ericsson and Irons (1995). the policy instruments and targets is testable, and
Next, stimulated by Hoover and Perez (1999o0reover, is anyway necessary to justify impulse-
Hendry and Krolzig (1999) investigate econometesponse analysis (see Hendry and Mizon, 1998).
ric model selection from a computer-automation Finally, there are gains from separating policy
perspective, focusing on general-to-specific redunodels — to be judged by their ability to deliver ac-
tion approaches, embodied in the progrBoGets curate advice on the responses likely from policy
(general+to—specific: see Krolzig and Hendry,changes — from forecasting models, to be judged
2000). In Monte Carlo experiment®cGetsre- by their forecast accuracy and precision. No fore-
covers the DGP with remarkable accuracy, havimgst can be robust to unanticipated events that oc-
empirical size and power close to what one woutdir after its announcement, but some are much
expect if the DGP were known, suggesting thatore robust than others to unmodelled breaks that
search costs are low. Thus, a general-to-specificcurred in the recent past. Since regime shifts and
modelling strategy that starts from a congruemajor policy changes act as breaks to models that
general model and requires congruence and eio- not embody the relevant policy responses, we
compassing throughout the reduction procediscuss pooling robust forecasts with scenario dif-
offers a powerful method for selecting model$erences to avoid both traps.
This outcome contrasts with beliefs in economics We conclude that the popular methodologies
about the dangers of ‘data mining’. Rather, @f model formulation, modelling and testing,
transpires that the difficult problem is to retaipolicy evaluation, and forecasting may prejudice
relevant variables, not eliminate spurious ones. tme accuracy of implications derived from macro-
addition, the existence d?cGetsmakes software econometric models. Such a danger confronted
available for modellers to take advantage of théarlier generations of macro-models: the use of
model-selection strategy. dynamic simulation to select systems was shown
Thirdly, there is a strong case for using opeim Hendry and Richard (1982) to have biased the
rather than closed, macro-econometric systenshpice of models to ones which over-emphasized
particularly those which condition on policy inthe role of unmodelled (‘exogenous’) variables
struments. Modelling open systems has the aat- the expense of endogenous dynamics, with
vantage that amongst their parameters are the dyeonsequential deterioration in forecast perfor-
namic multipliers which provide estimates of thenance, and mis-leading estimates of speeds of
responses of targets to policy changes. Further, ipislicy responses. As in that debate, we propose
difficult to build models of variables such as interpositive antidotes to each of the major lacunae in
est rates, tax rates, and exchange rates, which existing approaches. The detailed analyses have
either policy instruments or central to the determibeen presented in other publications: here we
nation of targets. Since many policy decisions egeek to integrate and explain their implications for
tail shifts in the unconditional means of policy inmacro-econometric modelling.
struments, corresponding shifts in the targets’ un- The structure of the paper is as follows. Since



we attribute a central role to forecast-period shifsurprising finding given the manifest legislative,
in deterministic factors as the cause of forecast fadlecial, technological and political changes wit-
ure, section 2 first reviews its determinants. Sewessed over modern times (and indeed through
tion 3 derives the implications for ‘rational expecmost of history).

tations’, and suggests alternatives that are both fea- Once such non-stationarity is granted, many
sible and more robust to breaks. Then section 4 desnventional’ results that are provable in a
scribes model-selection procedures, and contrastsistant-parameter, stationary setting change rad-
these with tests of theory-based propositions. Ségally. In particular, since the future will not be
tion 6 turns to model selection for forecasting, thdike the present or the past, two important results
section 7 considers policy analyses based on ioan be established in theory, and demonstrated
pulse responses and on dynamic multipliers, aimdpractice: the potential forecast dominance of
justifies the role of congruent modelling. Section®odels using causal variables by those involving
concludes. non-causal variables; and of in-sample well-
specified models by badly mis-specified ones.
Clements and Hendry (1999a) provide several
examples. Together, such results remove the the-

In a constant-parameter, stationary world, for@retical support for basing forecasting models,
cast failure should rarely occur: the in-sampfd hence agents’ expectations formation, on the
and out-of-sample fits will be similar because tHB-S@mple conditional expectation given available
data properties are unchanged. As discussednfprmation. We develop this analysis in section
Miller (1978), stationarity ensures that, on aveB: Moreover, these two results potentially explain
age (i.e., excluding rare events), an incorrectIWhy over-differencing and intercept corrections
specified model will forecast within its anticipated Poth of which introduce non-causal variables
tolerances (providing these are correctly calclitto forecasting devices — could add value to
lated). Although a mis-specified model could p@odel-based forecasts: this aspect is explored in
beaten by methods based on Correcﬂy_speciﬁggction 6. Finally, a failure to model the relevant
equations, it will not suffer excessive forecast failon-stationarities can distort in-sample tests, and
ure purely because it is mis-specified. Neverth&ad to incorrect inferences about the usefulness or

less, since a congruent, encompassing model vaiherwise of economic theories: that is the topic
variance-dominate in-sample, it will continue to d8f Section 4.
so when forecasting under unchanged conditions. Not all forms of non-stationarity are equally
Thus, adding causal variables will improve forgR€ricious. — For example, unit roots generate
casts on average; adding non-causal variables (i§ochastic trends in data series, which thereby
variables that do not enter the DGP) will only d§@ve changing means and variances, but nev-
so when they proxy for omitted causal variables.ertheless seem relatively benign. This form of
Empirical models are usually data-based (S@Qn—stationarity can be removed by differencing
lected to match the available observations), whi@h cointegration transformations, and often, it
could induce some overfitting, but should ndpay not even matter greatly whether or not those
produce systematic forecast failure (see Clemeff@nsforms are imposed (see e.g,, Sims, Stock
and Hendry, 1999b). Conversely, when the daApd Watson, 1990, for estimation, and Clements
properties over the forecast horizon differ frorgnd Hendry, 1998, for forecasting). Of course,
those in-sample — a natural event in non-stations#§nitting dynamics could induce ‘nonsense regres-
processes — forecast failure will result. The lagions’, but provided appropriate critical values
ter's regular occurrence is strong evidence f&f€ used, even that hypothesis is testable — and its

pandemic non-stationarity in economics, an ufgjection entails cointegration.
Further, while structural changes in a model’s

2 Causes of forecast failure



parameters also reflect data non-stationarity, mahy Deter ministic factors
such changes do not induce forecast failurg,

whereas others lead to serious problems. To uf- o . . . .
Oc?termlnlstlc factors being mis-specified, mis-

derstand why, we must dissect the ingredients of . .
. estimated, or non-constant. The simplest example
econometric models. In general, these have three

. o S omitting a trend; or when a trend is included,
main components: deterministic terms, name S .
. der-estimating its slope; or when the slope is
variables whose future values are known; observe L e
. . . correct, experiencing a shift in the growth rate.
stochastic variables with unknown future values; . )
ny of these will lead to a systematic, and pos-
and unobserved errors all of whose values ar . . .
. . . sibly increasing, divergence between outcomes
unknown. Most relationships in models involve . .
and forecasts. However, there is an important
all three components, and these could be: mis- . .
. . ) Istinction between the roles of intercepts, trends
specified; poorly estimated; based on inaccurate . . S
, . . etc., in models, and any resulting deterministic
data; selected by inappropriate methods; involve. . . .
. . . ) . shifts, as we will now explain. To clarify the roles
collinear variables with non-parsimonious for- N .
, . of deterministic, stochastic, and error factors, we
mulations; and suffer structural breaks. Give : : . . .
) . irst consider a static equation with a mean shift,
the complexity of modern economies, most g . .
then turn to a scalar regression with a changed pa-

these possible causes of forecast failure will be i . . .
. . rameter, and finally investigate an autoregression
present in any empirical macro-model, and wi .
. .. where the dynamics alter.
reduce forecast performance by increasing inac- .

. - Let the in-sample DGP, far=1,...,T, be:
curacy and imprecision. However, and somewhat
surprisingly, most combinations do not induce Y = 1+ & where ¢; ~ IN [07062]7 (1)
systematic forecast failure: analysis implicates
shifts in deterministic terms as the primary causehenIN [0, o?] denotes an independent normal er-
of forecast failure. The documentation supportingr having mean zero and constant variangeso
these claims is presented in Clements and HendimatE|[y;] = p (the equilibrium mean) and|y;| =
(1998, 1999a). o2 (unconditional variance). The empirically-

Consider anh-step ahead forecast made delevant case is when the variable labellgdis
time 7', denotedy. 7, for a vector ofn, vari- actually a log-difference, sp defines the mean
ablesyr.,. The difference between the evergrowth rate. Consider using the estimated DGP
tual outcomes and the forecast values is the vét) as the forecasting model. For simplicity, we as-
tor of forecast error®r, ), = yrin — Yrinr, SUMe unbiased parameter estimatest §g = ,
and this can be decomposed into the various mégid neglect estimation uncertainty. Then, with
takes and unpredictable elements. Doing so dgt exactly-measured forecast origin at tiffig(7)
livers a forecast-error taxonomy, partitioned aproduces thé-step ahead forecast sequence:
propriately into deterministic, observed stochastic, R R
and innovation-error influences. Although the de- YT+niT = H- ()
comﬁ)osntlgn is n(IJt uf;uqtje, it can bedgxprfsgegl in However, over the forecast periody =
nearly-ortnogonal efiects correspon |ng' om Li_, ..., H, there is a shift in the parameters of the
ences on forecast-error means and variances re- . _

i ) ~ process, so that in fact:
spectively. The former involve all the determin-
istic terms; the latter the remainder. We now
briefly consider these major categories of error,
commencing with mean effects, then turn to vawvhereer,;, ~ D[0, (0¥)°]. Thus, the DGP gener-
ance components. ates the future outcomes by:

stematic forecast-error biases derive from

Yr+n = 1+ €rin,

Yrin = 1+ €rpp.



The resulting sequence of forecast errs,r = V[y] = 02/(1— p?) (long-run variance) so (6) can

YT+h — Ur4n|T IS be written as the homogeneous difference relation:
erynr = (W — p) + €rgh. 3) (ye — 1) = p(ys—1 — p1) + €. (7
From (3): For simplicity, we assume unbiased parameter es-
§ timates, scE [y] = v andE [p] = p (a symmetric
Erin [eT—I—h\T] =H T error distribution would justify such approxima-

tions), and neglect estimation uncertainty. Then,
with an exactly-measured forecast origin at tiffe
7) produces thé-step ahead forecast sequetce:

which is non-zero if and only ifx* # p. Such

a ‘deterministic shift’ is pernicious when* —

increases by several, but is then usually easy to(

detect. Notice that most econometric growth-rate. PP ~
) Urinr =7+ PYr4n—17 =Y+ PYrin-17- (8)

equations have ~ o, (often around 1%), so the

requirement thap,* — u = 20 is actually very Rewrite (8) as we did for (7):

strong: e.g., a doubling of the trend rate of growth.

Consequently, even moderate trend shifts can be Yr4hT —H =P (yT+h71|T - M) )

hard to detect till quite a few periods have elapsed. _ _

. . . e}nd recursively solve backwards to the forecast ori-
Next, consider a regression as the m-sampgiew

DGP: ~
Urinr — ko =p"(yr — p). 9)

2
ye = P+ ¢ wheree, ~ IN[0,0¢],  (4) Then (9) shows how thk-step ahead forecasts are

h generated.

where z; has mean zero and varianog%, wit ] o
N As before, there is a shift in the parameters of
known future values. As before, I8tchange tg3 i
the processover the forecast period, so that:

over the forecast horizon. The resulting sequence
of forecast errors, usingr i = Brryn (4) as
the forecasting equation, sy, = yrin —
U1t hj SO whereer, ~ D[0, (67)?], or:

€

Yr+h ="+ P Yrrh—1 + €rpn,

*
eripr = O Tren+ eren — Brrin Yrin — 1 = 0" (Yren—1 — 1) + €rtn,

= (B - + . 5
(67 = B)arsn +ersn ®) with p* = v*/(1 — p*). Thus, the DGP generates

Unlike (3), both terms in (5) have zero expectdhe future outcomes by:
tions, so no forecast bias results. There is an in- B
. . * 2 92 *\7

crease in the variance, froaf to (ﬂ. =Bzt yran—p =) yr— 1)+ (0" ersn_i.

o2, and the detectability (or otherwise) of the break ;

depends on how much the variance increases.

(3* — B)* = 402 (say), then the ratio i$ + 402 ~ i
. e . YT+h — YT+h|T IS

which can be difficult to detect against the back-

>
=

-
I
o

IT:'% resulting sequence of forecast errrs;, i =

ground noise (see e.g, Hendry and Doornik, 1997, erpnr = K1+ (p*)h (yr — p*)
for simulation illustrations). h_1
Finally, we combine these two effects in a + (p*)i €T h—i

Il
=)

scalar autoregression: i

_ h (o —
Y1 =+ pyi—1 + €& Wheree, ~ IN[0,07], (6) [M +0" (yr u)] ;

. . . . !Forecast origin mis-measurement can be pernicious, be-
with |p| < 1to ensure in-sample stationarity. Thegy,se the incorrect starting level is ‘carried forward’ i d

Ely] = v/(1—p) = p (the equilibrium mean) andnamic models.



so collecting terms: forecasting from tim&"+ 1 onwards, a very differ-
n . entresult ensues f@t_ 741 = Yr4n—Yrin 1
eTyRT = (1 = (") )(M —u)+ as:

()" = 0") (wr = )

gT-I—h\T—i—l = Yr+h —Yr+1
_ * *
= [ tE€ryn— W — €41
= Ap_1€r4n, (11)

Of the three terms in (10), the last two hav@hich has a mean of zero, despite the determin-
expectations of zero, so do not contribute to th&ic shift. Thus, on a bias criterionz 11

h—1
+ Z (P*) ersn—i- (10)
i=0

mean, leaving: outperforms the in-sample DGP (and would win
. e A on mean-square error if the forecast-error vari-
h [ernr] = ( =) ) (" = p). ance of2 (¢¥)? on (11) was smaller thafv*)* +

* 2 . .
This first term is non-zero if and only if* # (#°—#)°). Dynamics make the picture more

4, irrespective of whether or ngt changes (for complicated, but the principle still applies.
p* # 1, as assumed, to keep the DEB)). In- An interesting, and much studied, example of
deed, whenyr ~ 1, the contribution ta;, from a deterministic shift concerns forecast failure in a

a change irp will be negligible from the secondM0del of narrow money (M1) after the Banking

term; and iflp*| < |p|, the error accumulation will Act of 1984, which permitted interest payments

be slower than anticipated from the third term, a2 CUITent accounts in exchange for all interest
though shifts inv2 could offset that. A strong, angP@yments being after the deduction of ‘standard

corroborated, prediction from (10) is that shifts ifft€’ tax. The own rate of interest() changed
both~* and p* which leavey unchanged will not from zero to near the value of the competitive rate

induce forecast failure, and tests will be relativel{f?c: @bout 12 per cent per annum at the time) in

powerless to detect that anything has changed. #fout 6 quarters, inducing very large inflows to
deed, the situation whegeis constant is preciselyM1- Thus, a large shift occurred in the mean op-
the same as when all the means are zero: HenBRJiUNity cost of holding money, namely a deter-
and Doornik (1997) and section 7.2 below provid&inistic shift from R, to R, — R,. Pre-existing

the details, and lead to the conclusion that the d80dels of M1 — which used the outside rate of
terministic term of relevance s, not the original INterestfic as the measure of opportunity cost —

intercepty, and that shifts in the equilibrium mearsuffered marked forecast failure, which persisted

11 1o u* are the primary source of forecast failure f0r many years after the break. Models that cor-

To illustrate that an ‘incorrect’ model can out!€ctly re-measured the opportunity costiy- R,

perform the in-sample DGP in forecasting, we rgontinued to forecast well, once the break was ob-
turn to the simplest case in (1). Whenshifts served, and indeed had the same estimated para-
to 1*, (3) shows that the expected forecast dpeter values after the break as before. However,
ror sequence from using the in-sample DGP wiiiéthods analogous @, also did not suffer
be (u* — p). That remains true when the foreforecast failure: see Clements and Hendry (1999c)
cast origin moves through time @ + 1, 7 + 2 or details and references.

etc.: because the forecasting model remains un- N general, letE, [y,|Y, ] be the condi-
changed, so do the average forecast errors. clfnal expectation (where that exists) formed
sider, instead, using the ‘mis-specified’ predict@t ime ¢, given the history Of_ the process, de-
Jrinr = yr- The resulting sequence of forecadtoted by Yi—1.  The key drivers of forecast
errors will be similar toer-. - when the origin is failure are mis-specification of, unpertalnty in,
T: unanticipated shifts after forecasting are boufi changes toEr. [yrix[Yr] relative to the

to be pernicious for all methods. However, whefiean forecaster [Yr+nr|Yr], where Yr is



information available at the forecast origifihen, non-constancy and forecast-failure tests reject for
Erin yr4n|Yr] — Er [YrinrYr] will differ  small changes in equilibrium means, but not for
from zero wheny, 1 is a biased estimator ofsubstantial changes in dynamics, or in all parame-
Er [yr+n| Y], or whenEr,, shifts unexpect- ters when that leave equilibrium means unaltered
edly relative toEr. Because forecast failure iqall measured as a proportion @f).

usually judged relative to in-sample behaviour,

the latter is the dominant cause. However, mig—.
estimation of coefficients of deterministic terms

could be deleterious to forecast accuracy wWh@@hen unanticipated deterministic shifts make an
Ern [yrn|YT] = Yrinr is large by chance.  aconomy non-stationary, the formation of ‘rational
expectations’ requires agents to know:

Rational expectations

2.2 Stochastic factors ) )
¢ all the relevant informationY;_; above);

As demonstrated in section 7.2, shifts in the co- ¢ how every component enters the joint data
efficients of zero-mean variables have a surpris-  density (i.eE. Y 1));

ingly small impact on forecasts (measured by the o the changes at each point in time (i.e,
inability of parameter-constancy tests to detectthe  E, [.|.]).

break). Thus, such shifts seem an unlikely explla— ¢ | | h del
nation for observed forecast failure. h terms of our scalar example, the model er-

Omitting zero-mean stochastic componen{gr €,T+h|T |nh£110) *e ?uals thi raélonfll fxpecta—
is unlikely to be a major source of forecast faillons’ €1mor)_;_y (p")" erp—; ifand only if every

ure, but could precipitate failure if stochasti((:)ther term is zero. Yet most shifts, and many of

mis-specification resulted in deterministic shiftt[shelr consequences, cannot be anticipated: assum-

elsewhere in the economy affecting the moddnd knowledge of current anfiliture deterministic

Equally, the false inclusion of zero-mean stShifts is untenable. Otherwise, the resulting fore-

chastic variables is a secondary problem, wheréds ting device can be dominated by methods which

. . . . use no causally-relevant variables. Thus, it ceases
wrongly including regressors which experlencedS y

deterministic shifts could have a marked impact 5% be ratlonal't.o try and form .expectatlons us'lng the

forecast failure as the model mean shifts althouﬁﬁﬁ"rent conditional expectation when that will nei-

the data mean does not er hold in the relevant future, nor forecast more

Estimation uncertainty in the parameters gfccurately than other devices. Agents will learn

. . OIthat they do better forming expectations from ‘ro-
stochastic variables also seems to be a secondar ] ) ) i

problem, as such errors add variance terms I%LfSt forecasting rules’ — which adapt rapidly to

O(1/T) for stationary components. Neithepeterministic shifts. These may provide an ex-
collinearity nor a lack of parsimonper seseem ample of ‘economically-rational expectations’ as

likely culprits, although interacting with breaksSuggeSteCI by Feige and Pearce (1976), equating

occurring elsewhere in the economy could induc_t,rée marginal costs and ben.eflts of improvements
problems in the accuracy of expectations: Hendry (2000b)

Finally, better-fitting models have smaller erprowdebs a nfqore comprehtlenswe d(;scu53|()|n. it
ror accumulation, but little can be done otherwiseh Ro us.t orel(.:astlngofru €s nee ” not ateer\::t
about the contribution from that source. changes in po 'CY- course, ' a.tgen.ts .u y
.understood a policy change and its implications,

That concludes the ‘scene setting’ analysis,

summarized as: deterministic shifts of the data réﬁ]_ey would undoubtedly be able to forecast bet-

ative to the model are the primary source of forde" but tha’; V\;]ould requii the tl)jneﬂ;s of domg.
cast failure. Monte Carlo evidence presented w 10 exceed the costs. The problem for agents is

several papers bears out the analytics: parame‘ft%rrn'OoundeCI b_y the fact that many rpajor pOI'CY
changes occur in turbulent times, precisely when it



most difficult to form ‘rational expectations’, and  Statistical analyses of repeated testing provide
when robust predictors may outperform. Thus, pessimistic background: every test has a non-
many agents may adopt the adaptive rules dimero null rejection frequency (‘size’), so type | er-
cussed above, consistent with the lack of empiriars accumulate. Size could be lowered by increas-
cal evidence in favour of the Lucas (1976) critiquimg the significance levels of selection tests, but
reported in Ericsson and Irons (1995). Consenly at the cost of reducing power to detect the in-
guently, if an econometric model usédc; as are- fluences that really matter. The simulation exper-
placement for the expected changey e when iments in Lovell (1983) suggested that search had
agents used robust rules, then the model’'s pahégh costs, leading to an adverse view of ‘data min-
meters need not change even after forecast failung’. However, he evaluated outcomes against the
occurred. Alternatively, the unimportant consdruth, compounding costs of inference with costs
guences for forecasting of changes in reaction aaf-search. Rather, the key issue for any model-
efficients, rather than their absence, could accowafection procedure is: how costly is it to search
for the lack of empirical evidence that the critiquacross many alternatives relative to commencing
occurs, but anyway reduces its relevance. from the DGP? As we now discuss, it is feasible to
lower size and raise power simultaneously by im-
proving the search algorithm.

First, White (1990) showed that with

We now discuss the costs of search, distinguiSHfficiently-rigorous testing and a large enough
them from the (unavoidable) costs of inference, ed@ta sample, the selected model will converge to
plain why a general-to-specific modelling strategff€¢ DGP. so selection error is a ‘small-sample’
— as implemented iRcGets- is able to perform so problem, albeit a difficult and prevalent one. Sec-
well despite the problem of ‘data mining’, and sug2"dly, Mayo (1981) noted that diagnostic testing

gest that the practical problem is to retain relevafy@s effectively independent of the sufficient statis-
variables, not eliminate spurious ones. tics from which parameter estimates are derived,

Statistical inference is always uncertain b&9 would not distort the latter. Thirdly, since the
cause of type | and type Il errors (rejecting th@GP is obviously congruent with itself, congruent
null when it is true; and failing to reject the nulmodels are the appropriate class within which to
when it is false respectively). Even if the pgpsearch. This argues for commencing the search
were deriveda priori from economic theory, anfrom a congruent model. Fourthly, encompassing
investigator could noknowthat such a specifica-~ explaining the evidence relevant for all alterna-
tion was ‘true’, and inferential mistakes will occufiveé models under consideration— resolves ‘data
when testing hypotheses about it. This is a ‘pr8iNing’ (see Hendry, 1995) and delivers a domi-
test’ problem: beginning with the truth and testingant outcome. This suggests commencing from a
it will sometimes lead to false conclusions. ‘Predeneral model that embeds all relevant contenders.
testing’ is known to bias estimated coefficients;fthly, any model-selection process must avoid
and may distort inference (sester alia, Judge getting stuck in search paths that inadvertently
and Bock, 1978). Of course, the DGP Speciﬁcgelete relevant variables, thereby retaining many
tion is never known in practice, and since ‘theor9ther variables as proxies. The resulting approach
dependence’ in a model has as many drawba@{ssequentially simplifying a congruent general
as ‘sample dependence’, data-based model-sedtgfestricted model (GUM) to obtain the maximal
procedures are used in practice, thus adding seaf6Reptable reduction, is called general-to-specific
costs to the costs of inference. A number of arg(@ets)-

ments point towards the advantages of ‘general-to- 10 €valuate the performance @etsmodelling
specific’ searches. procedures, Hoover and Perez (1999) reconsidered

the Lovell (1983) experiments, searching for a sin-

4 Empirical model selection
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gle conditional equation (with O to 5 regressors)f retaining no variables froritests at size is:
from a large macroeconomic database (containing
up to 40 variables, including lags). By follow-
ing several reduction search paths — each termihere the average number of variables retained
nated by either no further feasible reductions ¢hen is:

significant diagnostic test outcomes — they showed n = kao. (13)

how much better the structurétketsapproach was Combined with the=-test of the GUM, the proba-

than any method Lovell considered, suggestifgy - of correctly selecting the null model is no
that modellingper seneed not be bad. Indeedsmaller than:

the overall ‘size’ (false null rejection frequency)
: . k
of their selection procedure was close to that ex- T=1-7+71-a)". (14)

pected without repeated testing, yet the power WESW — 0.05 anda = 0.01. whenk — 40. then

reasoqf\ple. heir find i 7 = 0.98 andn = 0.4. Although falsely reject-
Building on t e_'r indings, Hendry and Kro Zlging the null on the~-test signals that spurious sig-
(1999) and Krolzig and Hendry (2000) devel-

_ nificance lurks, so (13) will understate the number
oped the Ox (see Doornik, 1999) progr&tuGets of regressors then retained, nevertheless, eliminat-

which first tests the congruency of a GUM, themg adventitiously-significant (spurious) variables

conducts pre-selection tests for ‘highly irreIevanFS not the real problem in empirical modelling.

variables at a loose significance level (25% or Indeed. the focus in earlier research on ‘over-
0 . e - 1
50%, say), and simplifies the model alCcord'ngl}_‘l‘[ting’ — reflecting inferior algorithms — has mis-

It then explores many selection paths to eIImbTirected the profession’s attention. The really dif-

hate statistically-insignificant variables éh and ficult problem is retaining the variables that matter.

tests, applying diagnostic tests to check the VBonsider an eqguation with six relevant regressors,

lidity of all reductions, thereby ensuring acongruy \ith (absolute)t-values of 2 on average (i.e.,

ent final model. All the terminal selections resuItEHt” — 9). The probability in any given sample
ing from search paths are stored, and encompags each observed;| > ¢, — 2 (say) is approxi-

ing procedures and information criteria select bﬁiately 0.5, s0 even if one began with the DGP, the
tween the contenders. Finally, sub-sample Signigfobability,of retaining all six is: ’

cance is used to assess the reliability of the result-

ing model choice. In Monte Carlo experiment® ([ti| > co Vi=1,....k| [t =2) = 0.5°
PcGetgecovers the DGP with power close to what ~ 0.016.

one would expect if the DGP were known, and o _ _
empirical size often below the nominal, suggeslIJ-S'ng 1% s.lg.nn‘lcance Iqwers this to essentially
ing that search costs are in fact low. In the ‘clags"o: Surprlsmgly, even if eve'ﬁ“_tfu - 3, the
sic’ experiment in which the dependent variable @ances of keeping the DGP specification are poor:
regressed on 40 irrelevant regresséts(setscor- p (({Z| > ¢ Vi | |ti] = 3) = 0.84% ~ 0.35.

rectly finds the null model about 97% of the time _ o
for the Lovell database. Thus, the costs of inference are high in such full-

Some simple analytics proposed in Hendﬁf‘mple testing, and will lead to under-estimating

(2000a) suggest whyPcGets performs well, model size. An alternative, block-testing, ap-
even though the following analysis ignores pré)_roach discussed in Hendry (2000a) seems able to

selection, search paths and diagnostic testing dghorove the power substantially.

of which improve the algorithm). AR-test against Nevertheless, ma.ny. empirical equations ha.lve
the GUM using critical value-, would have size many regressors. This is probably due to the high

P(F > ¢,) = v under the null if it were the only average-values found in economics:
test implemented. Fdrregressors, the probability p (IEI > Vi | |ti] = 5) ~ 0.989% ~ 0.935,

P(ltil <caVi=1,....,k) = (1—a)f, (12)
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(so almost all will always be retained), and not tonal to fully-anticipated permanent income. As
selection biases as shown above. Even selectindfigy 1a shows for annual changes, the data behav-
t-testing from40 candidate regressors@t would iour is at odds with the theory after 1985, since
only deliver 2 significant variables on average. Wensumption first grows faster than income for sev-
conclude that models with many significant vareral years, then falls faster — far from smooth-
ables correctly represent some of the complexityg. Moreover, the large departure from equi-
of aggregate economic behaviour and not ‘ovdibrium in (15) is manifest in panel b, resulting
fitting’. in a marked deterioration in the resulting (fixed-
parameter) 1-step forecast errors from the model
in Davidson, Hendry, Srba and Yeo (1978) af-
ter 1984(4) (the period to the right of the verti-

Although not normally perceived as a ‘selectiorf@l line in fig. 1c). Finally, an autoregressive
issue, tests of economic theories based on whdodel for AAyc, = Ayc, — Ayee—y produces
sample goodness of fit comparisions involve selek:step forecast errors which are smaller than av-
tion, and can be seriously misled by determini§rage after 1984(4), consistent with a determinis-
tic shifts. Three examples affected by unmodelldi§ shift around the mid 1980s (see Hendry, 1994,
shifts are: lagged information from other variablegnd Muellbauer, 1994, for explanations based on
appearing irrelevant, affecting tests of Euler equéiancial deregulation inducing a major reduction
tion theories; cointegration failing so long-run ren credit rationing), which neither precludes the
lationships receive no empirical support; and te<¥% antepredictability of consumption from a con-
of forecast efficiency rejecting because of resi@ruent model, nor consumption and income be-
ual serial correlation induceek postoy an unpre- ing cointegrated. The apparent insignificance of
dictable deterministic shift. We address these @lditional variables may be an artefact of mis-
turn. specifying a crucial shift, so the ‘selected’ model is
The first two are closely related, so our illustrd?ot valid support for the theory. Conversely, non-
tion concerns tests of the implications of the Haf@usal proxies for the break may seem significant.
(1978) Euler-equation consumption theory whelhus, models used to test theories should first be
credit rationing changes, as happened in the flémonstrated to be congruent and encompassing.
(see Muellbauer, 1994). The log of real con- We must stress that our example is not an
sumer’s expenditure on non-durables and servi@§ument against econometric modelling. While
(¢) is not cointegrated with the log of real personah24c:—1 may be a more robust forecasting device
disposable incomey} over 1962(2)-1992(4): athan the models extant at the time, it is possible
unit-root test using 5 lags of each variable, a cofft Principle that the appropriate structural model —
stant and seasonals delivégs = 0.97 so does not which built in changes in credit markets — would
reject (see Banerjee and Hendry, 1992, and Eri@ath have produced better forecasts and certainly
son and MacKinnon, 1999, on the properties of thgtter policy. For example, by 1985, building so-

test). Nevertheless, the solved long-run relation ety data suggested that mortgages were available
on much easier terms than had been the case his-

c=- gg’g’) + (%?53) y + Seasonals  (15) (orically, and *housing-equity withdrawal’ was al-

' ' ready causing concern to policy makers. Rather,
Lagged income terms are individually2z t = We are criticising the practice of ‘testing theories’
1.5) and jointly F(5,109) = 1.5) insignificant without first testing that the model used is a con-
in explaining Ayc; = ¢ — ¢_4. Such evi- gruent and undominated representation, precisely
dence appears to support the Hall life-cycle mod&gcause ‘false’ but robust predictors exist, and de-
which entails that consumption changes are ug'ministic shifts appear to occur intermittently.
predictab|e, with permanent Consumption propor- The same data illustrate the third mistake: re-

5 Model selection for theory testing
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Figurel UK real consumers’ expenditure and income with model redgiu

jecting forecast efficiency because of residual sembustness’ to breaks.

ial correlation induce@x postby an unpredictable  The admissible deductions on observing ei-
deterministic shift. A model estimated prior tdher the presence or absence of forecast failure
such a shift could efficiently exploit all availableare rather stark, particularly for general method-
information; but if a shift was unanticipateex ologies which believe that forecasts are the ap-
ante and unmodelledex post it would induce propriate way to judge empirical models. In this
whole-sample residual serial correlation, appasetting of structural change, there may exist non-
ently rejecting forecast efficiency. Of course, theausal models (i.e., models none of whose ‘ex-
results correctly reject ‘no mis-specification’; buplanatory’ variables enter the DGP) that do not suf-
as no-one could have outperformed the in-samfié forecast failure, and indeed may forecast ab-
DGP without prescience, the announced forecastsutely more accurately on reasonable measures,
were notex anteinefficient in any reasonablethan previously congruent, theory-based models.

sense. Converselyex anteforecast failure may merely re-
flect inappropriate measures of the inputs, as we
6 Model salection for forecastin g showed with the example of ‘opportunity-cost’ af-

fecting M1. a model that suffers severe forecast

Forecast performance in a world of deterministf@llure may nonetheless have constant parameters
shifts is not a good guide to model choice, uN€x posre-estimation. Consequently, neither rel-
less the sole objective is short-term forecastingfive success nor failure in forecasting is a reliable
This is because models which omit causal factd?gSis for selecting between models —other than for
and cointegrating relations, by imposing addition#precasting purposes. Apparent failure on forecast-
unit roots, may adapt more quickly in the face dfg need have no implications for the goodness of a
unmodelled shifts, and so provide more accurditdel, nor its theoretical underpinnings, as it may

forecasts after breaks. We referred to this abovediise from incorrect data, that are later corrected.
Some forecast failures will be due to model
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mis-specification, such as omitting a variablenly closed models, where every variable is en-
whose mean alters; and some successes to hadagenous; and analyzing policy in open models,
well-specified models that are robust to breakshich condition on some policy variables.

The problem is discriminating between such cases,

since the event of success or failyser seis in- 7.1 Forecast performance and policy models

sufficient information. Because the future can o ) ) )
. . i . A statistical forecasting system is one having no
differ in unanticipated ways from the past in non-

. . . economic-theory basis, in contrast to economet-
stationary processes, previous success (failure

does not entail the same will be repeated latel? models for which economic theory is the hall-

That is why we have stressed the need for ‘robugf‘ark' Since the former system will rarely have im-

or adaptable devices in the forecasting conte)[?'tl.lcatlonS for economic-policy analysis —and may

L ) . , not even entail links between target variables and
If it is desired to use a ‘structural’ or economet-

fic model for forecasting, then there are marR/O“Cy instruments, being the ‘best’ available fore-

. . . dcasting device is insufficient to ensure any value
ways of increasing its robustness, as discussed’in

Clements and Hendry (1999a). The most ungr policy analysis. Consequently, the main issue

JtS the converse: does the existence of a dominat-

are ‘intercept corrections’, which adjust the fi ; i dure invalidate th ¢
at the forecast origin to exactly match the dat!{],g orecasting procedure invaiidate the use ot an

. o "
and thereby induce the differences of the forecfs%onometnc model for policy? Since forecast fal

. dre often results from factors unrelated to the pol-
errors that would otherwise have occurred. Suc i i i
(a/ change in question, an econometric model may

an outcome is close to that achieved by modellin i o ch terize th  th
the differenced data, but retains the importaﬁ?n inue oc.arac erlzg .e responsego € econ-
my to a policy, despite its forecast inaccuracy.

influences from disequilibria between levels. AR

ternatively, and closely related, one could upda't:émher’ when policy changes are implemented,

S forecasts from a statistical model may be improved
the equilibrium means and growth rates every

period, placing considerable weight on the mots),y combining them with the predicted policy re-

- . sRonses from an econometric model. The forecast-
recent data, retaining the in-sample values of a o
. ing model may nevertheless remain distinct from
other reaction parameters.

In both cases, howsoever the adjustments gr]gt policy model, for reasons explained by Hendry

. S and Mizon (2000).
implemented, the policy implications of the under- ) ) )
The rationale for this analysis follows from

lying model are unaltered, although the forecasts

may be greatly improved after deterministic shiftg.]e taxonomy of forecast errors in section 2 which

The obvious conclusion, discussed further beIO\rﬁ,Cordeol that deterministic shifts were the primary

. . squrce of systematic forecast failure in econo-
is that forecast performance is also not a goo

quide to policy-model choice. Without the Correcr_netrlc models. Devices like intercept corrections

tion, the forecasts would be poor; with the corre&2" robustify forecasting models against breaks

tion they are fine, but the policy recommendation thICh have occurred prior to forecasting (see e.g.,

. . . Clements and Hendry, 1999a). As stressed above,
unaffected. Conversely, simple time-series predic-

tors like AA 4, have no policy implications. Wewhlle such ‘tricks’” may mitigate forecast failure,

conclude that policy-analysis models should be Stg_ey do not alter the reliability of the policy impli-

. o . . cations of the resulting models.
lected on different criteria, which we now discuss. ) )
Nevertheless, post-forecasting policy changes

_ _ ~will'induce breaks in models that do not embody
7 Model selection for policy analysis the relevant policy links, whereas econometric sys-

tems that do so need not experience any policy-

We consider three main issues: using forecast p%gime shift. Consequently, when both structural
formance to select a policy model; investigatingreakS and regime shifts occur, neither econo-



14

metric nor time-series models alone are adequatecorded (standard errors about 0.007 and3r80
this suggests that they should be combined, asmkctively). The rejection frequencies are reported
Hendry and Mizon (2000) provide an empirical ilgraphically, for bothp values. The graphs serve

lustration of doing so. to illustrate the outcomes visually, showing that
rejection frequencies are everywhere low in most
7.2 Impulse-response analyses cases, but confirming that the highest power is im-

iately before the break.
The finding that shifts in the parameters of dyrpedlaey elore the brea

namic reactions are not readily detectable is po- )
. . . ) 7.2.1Test size

tentially disastrous for ‘impulse-response’ analy-

ses of economic policy based on closed systemas fig. 2 reveals, the null rejection frequencies in

usually VARs. Since changes in VAR interceptshe 1(0) baseline data are reassuring: with 1000

and dynamic coefficient matrices may not be deeplications, the approximate 95% confidence in-

tected — even when tested for — but the full-samplervals are (0.036, 0.064) and (0.004, 0.016) for

estimates are a weighted average across differ6% and 1% nominal, and these are shown on the

regimes, the resulting impulse responses need grdphs as dotted and dashed lines respectively. The

represent the policy outcomes that will in fact oactual test sizes are close to their nominal levels.

cur. Indeed, this problem may be exacerbated by

specifying VARs in first differences, since deterz.2.2 1(0) dynamic shift

ministic factors play a small role in such models. N o o
The detectability of a shift in dynamics is low

A Monte Carlo simulation illustrates the prob- hen the DGP i 0) VAR. The first el ;
lem, using the unrestricte@) VAR: when the s an() - he first elemen

of &®* is left constant simply to highlight the
Yo = M+ ouyie1+¢ayae-1+ €1t changes in the other impulses. The break deliv-
Y26 = A2+ Poy1—1 + Paoy2s-1 + €2y ers the constancy-test graph in fig. 3. The highest
wheree;; ~IN[0, 03], With Efe; e0.5] = 0 V4, s. power is less thgn 25%, even though the change
The y;, are to be interpreted a0) transforma- constitutes a major structural break for the model

tions of I(1) variables. We consider breaks in thgconomy. This may be an explanation for the lack

& = (¢i;) matrix maintaining constant uncon_of evidence supporting the Lucas (1976) critique:
ditional expectations of zercE(yi;] — 0) with shifts in zero-mean reaction parameters are rela-
1, -

A = 0. The full-sample size i = 120, with tively undetectable, rather than absent.

a single break at = 0.57, ando;; = 0.01 (1% in

a log-linear model). The unrestricted VAR with in/-2-3 Misléading impulse responses

tercept and one lag is estimated, and then testedﬁma”y, we record the impulse responses from the
breaks. The critical values for the constancy tefSerages of pre- and post- break models, and the
are those for &nownbreak point, which delivers model fitted across the regime shifts in fig. 4. The

the highest possible power for the test used. Wgntrast is marked: despite the near undetectability

consider a large parameter shift, from: of the break, the signs of most of the impulses have
0.50 —0.20 altered, and those obtained from the fitted model
® = ( —0.20 —0.25 ) ' (16) sometimes reflect one regime, and sometimes the
to: other. Overall, mis-leading policy advice would
o ( 0.50 0.20 > | an follow.
0.20 0.25

7. - li ]
so the sign is altered on all but one repsonse.3 Open-modd policy analysis

1000 replications are used, and rejection frequevlany of the problems in analyzing the responses
cies at both 0.05 and 0.01 nominal test sizes ayktargets to changes in instruments noted above
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Figure2 Constancy-test rejection frequencies for K@ null.

are absent when the modelling is conditional dhat the response gf; can be reliably estimated
the instruments, leading to an open model. Sincdéfficiently, whenz, is weakly exogenous for the
is often difficult to model the instruments, particrkesponse parameters).

ularly in high-dimensional systems, conditioning

on them is much easier and is certainly preferaltes.11(0) Case

to omitting them from the analysis. For economic

. . . This section draws on some results in Ericsson,
policy analysis, another advantage of modelling . )
. " . Hendry and Mizon (1998a), and is presented for
target variables/; conditionally onn, instrument

variablesz;, is that the required policy response(s:ompleteness as a preliminary to considering the

, . . . | (1) case in the next section. Modelling the condi-
dyn/0z, are directly estimable analytically or o _
onal distribution fory; givenz; and any relevant

via simulation. Although the weak exogeneity o

z; IS required for there to be no loss of im‘ormatiolnagS will yield efficient inference on the parameters

in making inferences on the parameters of inte?fmtereSt itz is weakly exogenous for those para-

est, in practice it is likely that reliable estimates Orpeters. In addition, the conditional model will pro-

policy responses will be obtained even wheris vide reliable estimates of the responsgino pol-

not weakly exogenous. Note that the fact that the/ changes ir; when its parameters are invariant

{z} process is under the control of a policy agené;c} the policy change. When these conditions are

. satisfied it is relevant to use the conditional model
does not ensure that are exogenous variables;

Whether the policy involves a regime shift, or :[ao derive impulse responses and dynamic multipli-

shock, the instruments must be super exogen§J§ for assessing the effects of policy. However,

for the parameters of interest if modelling with arﬁ ricssoret al. (1998a) showed that, in general, the

: . : V\feak exogeneity status of conditioning variables
open econometric model is to result in no loss 0

. . . . . .__Is not invariant to transformations such as orthog-
information. However, if there is a policy regime

shift, then co-breaking between the targets and I%r]allzatlons .or identified structur'es '
Irrespective of the exogeneity status f,

struments ensures that the policy is effective, and
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modelling the conditional distribution alone willparticular choices of the instrumentseven when
result in very different impulse response matricéle latter ard (1). To derive the impact on (say)
Jy+n/0e, and dynamic multiplier®y,,,/0z;, Ay.., from a change ire; requires a specifica-
as a result of the latter taking into account the dfen of the future path ok.,; in response ta;
fect from contemporaneous and lagged Thus, overt = 1 to t + h; implicitly, the model must
the response qf; to an impulse in the innovationbe closed. This provides a link to the ‘policy rules
g; of the conditional model is not the relevant rditerature’ (see e.g., Taylor, 1993, 2000), where al-
sponse for assessing the effects of policy changemative mappings of the policy instruments onto

in the {z,} process. past values of disequilibria are evaluated. Never-
theless, the outcomes obtained can differ substan-
7.3.21(1) Case tially from impulse-response analysis based on a

(cointegrated) VAR when the policy rule does not

In thel (1) case, the class of open models will bce:oincide with the historical description of policy

equilibrium-correction systems conditional on the
o responses.
current growth-rate of the policy instrumentsgz,,

_ , Partitioning the disequilibrigd’x; = 3,y: +
assuming that the, arel (1), and are included , / . :
, i i i , B,z reveals thaf3, y; are feasible target variables
in some of ther cointegration relationg3'x;_1.

_ _ , in this context despitg, andﬁ’yyt beingl (1). In
For there to be no loss of information, this analy-_ . . . .
) ) particular, wheng3 is invariant to changes in the
sis requires that; be weakly exogenous for both . .
Instrumentsz;, a policy which keepgs constant

the long-run parameters and any short-run dy- changes; must result iny, changing: in this

namic response parametgrs (for both lagged, sense, such a policy is effective. However, an im-
and laggedz; ), all of which parameters should ,. .. . . .
plication of this analysis is that very special con-

be invariant to the policy change. Under these CO(EIlﬁions are required for policy that changes a sin-

ditions, it is possible to estimate the responses . he mini lendi
the growth rates\y, and the disequilibrigd’x; to gle instrument; ; (€.9., the minimum lending rate)
9 Yt *™ to successfully target a single target variaple
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Figure4 Impulse response comparisons inléd) VAR.

(e.g., inflation) when these variables &f¢). Con- ical understanding, such models seem likely to re-
versely, Johansen and Juselius (2000) demonstratgn an integral component of any progressive re-
that if a policy that targets al(1) variable is suc- search strategy. Nevertheless, even the ‘best avail-
cessful, then the target will be rendergd). able model’ can be caught out when forecasting by
Also, there are only.,, +n, — r unconstrained an unanticipated outbreak of (say) a major war or
stochastic trends whenis equal to the number ofother crisis for which no effect was included in the
cointegrating vectors, so the growth ratesof y; forecast. However, if empirical models which are
andm, of z; are linked byﬂ’yn-y + B.7, = 0. congruent within sample remain subject to a non-
However, when there is co-breaking betwekn; negligible probability of failing out of sample, then
andAz;, then a change ifr, will result in a corre- a critic might doubt their worth. Our defence of
sponding change in the unconditional megnof the program of attempting to discover such models
Ay;:. Hence, just as in Hendry and Mizon (1998gsts on the fact that empirical research is part of
2000), linkages between deterministic terms aagprogressive strategy, in which knowledge gradu-
critical for policy to be effective when it is im-ally accumulates. This includes knowledge about
plemented via shifts in deterministic terms in thgeneral causes of structural changes, such that later
instrument process. Moreover, co-breaking hemeodels incorporate measures accounting for pre-
requires thatAy, responds to contemporaneougious events, and hence are more robust (e.g., to

and/or lagged changes . wars, changes in credit rationing, financial inno-
vations, etc.). For example, the dummy variables
7.4 Congruent modelling for purchase-tax changes in Davidsatral. (1978)

that at the time ‘mopped up’ forecast failure, later
As a usable knowledge base, theory-related, caon- . . .
successfully predicted the effects of introducing

ruent, encompassing econometric models rem : .
g P g @RT as well as the consequences of its doubling in

undominated by matching the data in all MeaSUW979; and the First World-War shift in money de-

able respects (see, e.g., Hendry, 1995). For eMRand in Ericsson, Hendry and Prestwich (1998b)
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matched that needed for the Second World War.variables may be difficult to detect in dynamic
Since we now have an operational selectionodels, for policy models they remain hazardous:
methodology with excellent propertigSetsseems the estimated parameters would appear to be
a natural way to select models for empirical chaconstant, but in fact be mixtures across regimes,
acterization, theory testing and policy analysegading to inappropriate advice. In a progressive
When the GUM is a congruent representation, emesearch context (i.e., from the perspective of
bedding the available theory knowledge of tHearning), this is unproblematic since most policy
target-instrument linkages, and parsimoniously echanges involve deterministic shifts (as opposed to
compassing previous empirical findings, the selemean-preserving spreads), hence earlier incorrect
tion strategy described in section 4 offers scopeferences will be detected rapidly — but is cold
for selecting policy models. Four features favowomfort to the policy maker, or the economic
such a view. First, for a given null rejection freagents subjected to the wrong policies.
guency, variables that matter in the DGP are se-
lected with the same probabilities a§ |f. the DGg Conclusion
were known. In the absence of omniscience, it is

difficult to imagine doing much better systematirpe jmplications for econometric modelling that
cally. Secondly, although estimates are biased iyt from the observance of forecast failure differ
average, conditional on retaining a variable, its CBonsiderably from those obtained when the model
efficient provides an unbiased estimate of the p@& 55sumed to coincide with a constant mecha-
icy reaction parameter. This is essential for eCRism. Causal information can no longer be shown
nomic policy — if a variable is included?cGets o yniformly dominate non-causal. Intercept cor-
delivers the right response; otherwise, when it j§ctions have no theoretical justification in station-
excluded, one is simply unaware that such an ef worlds with correctly-specified empirical mod-
fect exists? Thirdly, the probability of retaining e|s, phut in a world subject to structural breaks of
adventitiously significant variables is around thgnknown form, size, and timing, they serve to ‘ro-
nominal size of the selectiotitests for the vari- bustify’ forecasts against deterministic shifts — as
ables that remain after pre-selection simplificatiogye practical efficacy of intercept corrections con-
If that is (say) even as large as 30 regressors, ffns. Forecasting success is no better an index for
which 5 actually matter, then at 1% significanC@nodel selection than forecast failure is for model
0.25 variables will be retained on average: i-erejection. Thus, emphasising ‘out-of-sample’ fore-
one additional ‘spuriously-significant’ variable peg5st performance (perhaps because of fears over
four equations. This seems unlikely to distort po‘data—mining’) is unsustainable (see, e.g., New-
icy in important ways. Finally, the sub-sample f|q, 1993, p.658), as is the belief that a greater
or more generally recursive — selection procedurgsiance on economic theory will help forecasting
help to reveal which variables have non-central (see, e.g., Diebold, 1998), because that does not
statistics, and which central (and hence should Bgkle the root problem.
eliminated). Overall, the role dbetsin selecting The taxonomy of potential sources of fore-
policy models looks promising. cast errors clarifies the roles of model mis-
While changes to the coefficients of zero-meagyecification, sampling variability, error accumu-
2This is one of three reasons why we have not explor&ation, forecast origin mis-measurement, intercept
‘shrinkage’ estimators, which have been proposed as a saifts, and slope-parameter changes. Forecast fail-
tion to the "pre-test’ problem, namely, they deliver biassd \;re seems primarily attributable to deterministic

timators (see, e.g., Judge and Bock, 1978). The second, and - . .
) ( 9 g ) . é;ﬂlfts. Such findings are potentially disastrous for
main, reason is that such a strategy has no theoretical -under

pinnings in processes subject to intermittent parametéssh IMpulse-response’ analyses of economic policy.
The final reason concerns the need for progressivity, explaSince the changes in VAR intercepts and dynamic
ing more by less, which such an approach hardly facilitates.
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coefficient matrices may not be detected ev&iements, M. P., and Hendry, D. F. (1999b).
when tested for, but the recorded estimates are a Modelling methodology and forecast failure.
weighted average across the different regimes, the  Unpublished typescript, Economics Depart-
resulting impulse responses do not represent the ment, University of Oxford.

policy outcomes that will in fact occur. Clements, M. P., and Hendry, D. F. (1999¢c). On

If the economy were reducible by transfor- winning forecasting competitions in eco-
mations to a stationary stochastic process, where npomics. Spanish Economic Reviety 123—

the resulting unconditional moments were con-  1g0.

stant over time, then well-tested, causally—relevalﬁavidson’ J. E. H., Hendry, D. F., Stba, F., and
congruent models which embodied valid theory
restrictions would both fit best, and by encom-

passing, also dominate in forecasting on average. tween consumers’ expenditure and income

The prevalence historically of unanticipated de- in the United Kingdom.Economic Journal
terministic shifts suggests that such transforma- 88, 661-692. Reprinted in Hendry, D. F.

tions do not exist. Nevertheless, the case for Econometrics: Alchemy or Science®x-
continuing to use econometric systems probably ford: Blackwell Publishers, 1993, and Ox-
depends on their competing reasonably success-
fully in the forecasting arena. Cointegration, Colji
breaking, and model-selection procedures as goo . .
. . of macroeconomic forecasting:he Journal
as PcGets with rigorous testing should help, but of Economic Perspective$2, 175-192
none of these ensures immunity to forecast failure _ 8 -
from new breaks. An approach which incorporat&oom'k’ J.A. (_1999)'_ Object-Oriented Matrix
causal information in a congruent econometric sys- P.rogrammlng using Ox%rd edn. London:
tem for policy, but operates with robustified fore- Timberlake Consuitants Press.
casts, merits consideration. We have not yet est&icsson, N. R., Hendry, D. F., and Mizon, G. E.
lished thatGetsshould be used for selecting policy (1998a). Exogeneity, cointegration and eco-
models from a theory-based GUM — and such a  homic policy analysis.Journal of Business
proof may not be possible, despite the relative ac- and Economic Statistic46, 370-387.
curacy with which the DGP is located. Neverthezricsson, N. R., Hendry, D. F., and Prestwich,
less, achieving that aim represents the next step of K. M. (1998b). The demand for broad

Yeo, J. S. (1978). Econometric modelling
of the aggregate time-series relationship be-

ford University Press, 2000.
bold, F. X. (1998). The past, present and future

our research program, and we anticipate thats money in the United Kingdom, 1878-1993.

will perform well in selecting models for policy. Scandinavian Journal of Economjc400,
289-324.
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