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1. INTRODUCTION

Economic forecasting has rarely had a good press, but currently, in the UK at least, has
a singularly poor record. Here, we consider a number of potential avenues by which
econometrics may be able to help forecasting. We analyze some positive suggestions and
present some critical appraisals, although most of our conclusions await empirical
evaluation prior to their operational use. We use the word prediction to denote any
statement about an unobserved outcome; a forecast is the special case of a prediction
about a future event, where the future may be relative to the starting point rather than an
absolute time still to come.

Econometric theory comprises a body of tools and techniques for analyzing the
properties of prospective methods under hypothetical states of nature. It can deliver
relevant conclusions about forecasting only when those states adequately capture the
appropriate aspects of the real world to be forecast. Given the difficulties of econometric
modelling, our analysis allows the forecasting model to differ from the data generation
process (DGP); the DGP to be non-stationary and susceptible to structural breaks; and
the specification of the ‘best’ model to be unknown a priori and hence selected using
data evidence and theoretical considerations. All of these aspects matter, and so call in
to question the relevance of ‘optimal’ forecasting devices based on assuming constant,
stationary DGPs which coincide with a unique model under analysis. This work builds
on CLEMENTS and HENDRY (1994a), who offer a taxonomy of sources of forecast errors.

On the modelling side, we argue for congruent, encompassing, and invariant models.
These can be developed in-sample, but the last cannot be achieved for all equations in a
system which is subject to regime changes. We note the possibility of using intercept
corrections to robustify forecasts against some types of shocks, based on HENDRY and
CLEMENTS (1994), and contrast that proposal with differencing to convert step changes
to ‘blips’. An artificial data example illustrates the latter.

On the critical side, we discuss the role of forecast evaluation criteria and their
invariance to admissible transforms. The limitations of mean square forecast error
(MSFE) criteria discussed in CLEMENTS and HENDRY (1993a) add to the complications
of evaluation, but the illustration highlights the dangers of only taking a few scalar
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measures. Forecast standard errors can reveal some of the uncertainties inherent in
forecasts and so should be reported, but unfortunately need to be computed for all
relevant transformations. Comparisons of conditional with unconditional predictors can
be informative and the complexities of the arguments for and against pooling in worlds
with regime shifts are described in the light of the encompassing critique.

Thus, we see several ways in which econometrics may be able to help in forecasting.
Economic forecasting itself has had a checkered history, ranging from a denial of the
possibility of economic forecasting in principle (MORGENSTERN, 1928), through a period
of increasing optimism in the value of model-based forecasting in the late 1960s and
early 1970s (see, for example, BURNS, 1986), to the current, rather downbeat, assessment
of the value of such models. We begin in section 2 with a summary of some of the salient
episodes in the history of economic forecasting, and of the role played by models in
particular, to set the scene. We end that section by noting some of the recent contributions
which are relatively critical of the standard approach to producing and evaluating
forecasts. We reference our own work in section 2 to inform the reader of where we have
attempted to deal with the issues that arise. Section 3 begins by noting a number of
methods of forecasting, and argues that a major benefit of forecasts based on time-series
and econometric models is that they allow the derivation of measures of forecast
uncertainty. Then, we discuss the issue of when forecasts are informative, before closing
that section by setting up the DGP as a cointegrated system of I(1) variables. In section
4 we establish a framework that will enable us to analyze the properties of forecasts when
the DGP is susceptible to structural breaks, incorrect model specifications are used, and
parameters are estimated from small data samples where recent observations may be
badly measured. In section 5, we examine each of the resulting sources of forecast error
and how econometrics can help. Section 6 discusses forecast evaluation criteria, and the
case for pooling forecasts. Structural breaks induce model mis-specification: to the
extent that models are differentially susceptible to such breaks, there may be scope for
pooling (although pooling runs counter to the encompassing principle and has little to
commend it in an unchanging world, see CLEMENTS and HENDRY, 1993a). Our preferred
course of action involves a form of intercept correction. We illustrate the analysis with
an example in section 7, and section 8 concludes.

This paper mainly stresses the positive aspects of econometrics in economic foreca-
sting. However, section 6 criticises the use of MSFEs in evaluating forecasts, and section
2 notes some criticisms of the way in which econometrics has been applied to forecasting.

2. AHISTORY OF THE THEORY OF ECONOMIC FORECASTING

There are comments about forecasting and forecasting methods throughout the statistics
and economics literature in the first quarter of the 20th century, especially related to
‘business barometers’ (see MORGAN, 1990). However, the first comprehensive treatise
seems to be MORGENSTERN (1928), who analyzed the methodology of economic
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forecasting. We know of no translation into English, but the book was extensively
reviewed by MARGET (1929). The following is based on, and extends, HENDRY and
MORGAN (1994).

MORGENSTERN argued against the possibility of economic and business forecasting
in principle. His first argument adopted the (then widely-held) belief that economic
forecasting could not rely on probability reasoning because economic data are neither
homogeneous nor independently distributed ‘as required by statistical theory’. Samples
of the size which satisfied the assumptions would be too small to be usable (see KRUGER,
GIGERENZER and MORGAN (1987) on the probability revolution in the sciences).
PERSONS (1925) held a similar view. Despite the almost universal distrust of the
probability approach prior to HAAVELMO (1944) (as documented, for example, by
MORGAN, 1990), economists at the time had been making increasing use of statistical
methods and statistical inference to ‘test’ economic theories against the data. Standard
errors and multiple correlation coefficients were sometimes given as a gauge of the
validity of the relationship. HAAVELMO argued forcibly that the use of such tools along
side the eschewal of formal probability models was insupportable: ‘For no tool developed
in the theory of statistics has any meaning — except, perhaps, for descriptive purposes —
without being referred to some stochastic scheme’ (HAAVELMO, 1944, from the Preface,
original italics).

Secondly, MORGENSTERN argued that forecasts would be invalidated by agents’
reactions to them. This is an early variant of the now named ‘Lucas critique’ (LUCAS,
1976), and was an issue which concerned many business-cycle analysts of the period.
Because of the inherent impossibility of economic forecasting and the adverse impact it
would have on agents’ decisions, MORGENSTERN foresaw dangers in the use of foreca-
sting for purposes of stabilization and social control. Thus, he made an all-out assault on
economic forecasting and its applications.

MARGET agreed with MORGENSTERN’s first point, but not the conclusion since most
economic forecasting, while based on statistical data, depended on extrapolating pre-
vious patterns rather than on probability-based forecasting techniques. However, to the
extent that statistical tools played a part in identifying the ‘patterns’ to be extrapolated,
MARGET’s defence of forecasting is suspect. Further, MARGET argued that if a causal
explanation was possible, even if not exact or entirely regular, forecasting should be
possible. This presupposes that causation implies predictability, which is not obviously
the case: a potential counter-example is the theory of evolution. Section 3.2 discusses
when forecasts are informative.

On a more mundane level, MARGET’s counter to MORGENSTERN requires regularity
between causes and their effects. As noted below in discussing HAAVELMO’s views on
prediction, this was explicitly recognised as a necessary ingredient for success. Nihilistic
critiques, such as that of ROBBINS (1932), denied there were good reasons to believe that
this would be the case: on the claim that average elasticities calculated for certain epochs
could be described as ‘laws’ he wrote: ‘there is no reason to suppose that there having
been so in the past is the result of the operation of homogeneous causes, nor that their
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changes in the future will be due to the causes which have operated in the past.’ (ROBBINS,
1932, p.101).

MORGENSTERN was one of the first to explicitly raise the problem of ‘bandwagon
feedback effects’, but MARGET denied that the problem was either specific to economics
or that it precluded accurate forecasting, and constructed a counter-example based on
continuous responses. Finally, MARGET argued for using forecasting to test economic
theories. This seems to have been a new proposal, and by the middle 1930s, economists
had begun to use economic forecasting for testing their models: TINBERGEN (1939) was
one of those responsible for developing forecasting tests of econometric models, despite
the criticisms of KEYNES (1939) and FRIEDMAN (1940). At the conclusion of the debate
between MARGET and MORGENSTERN, some of the limitations to, and possibilities for,
economic forecasting had been clarified, but no formal theory was established.

HAAVELMO (1944) treated forecasting as a straightforward application of his general
methodology, namely a probability statement about the location of a sample point not
yet observed. Once a structural representation of the joint data density function was
available, there were no additional problems specifically associated with prediction.
Since HAAVELMO’s treatment of forecasting (or rather prediction, in his terminology) in
a probabilistic framework was in many ways the progenitor of the classical, textbook
approach to forecasting, we now sketch his analysis.

Suppose there are N observable values (xi,..., xy) on the random variable X, from
which to predict the H future values (xy,i,..., Xy.z)- Let the joint probability of the
observed and future x’s be D(-), which is assumed known. Denote the probability
distribution of the future x’s conditional on past x’s by Dy (Xn15e-» Xyt | X15--s Xn), and
the probability distribution of the observed x’s as D, (-), then, factorizing into conditional
and marginal probabilities:

D (xl,..., xN+H) = D2 (xN-i-l""’ XN+H | Xpsgeeos xN) X Dl (x,,..., XN)

Thus, for any realisation of the observed x’s, denoted by the set E; < RY, we can calculate
from D,(-) the probability that the future x’s will lie in any E,, where E, < R¥. Conversely,
for a given probability we can calculate ‘regions of prediction’. Thus, ‘the problem of
prediction ... (is) ... merely ... a problem of probability calculus’ (p.107).

In practice D, (-) is not known and must be estimated on the basis of the realisation
E,, which requires the ‘basic assumption’ that: ‘“The probability law D (-) of the N + H
variables (x,..., Xy, z) is of such a type that the specification of D,(-) implies the complete
specification of D(-) and, therefore, of D,(-).” (p.107: our notation). Loosely, this requires
the sort of regularity denied by ROBBINS, or again quoting from HAAVELMO, ‘a certain
persistence in the type of mechanism that produces the series to be predicted.’ (p.107).
‘We will consider the extent to which the failure of this type of persistence (e.g. structural
breaks) can be countered by appropriate forecasting technique (see section 5).
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Prior to HAAVELMO’s 1944 paper, the first macro-economic model had been built by
TINBERGEN in the Netherlands during the 1930s. The pioneering work of TINBERGEN on
model construction and policy analysis received prominence in two reports commissio-
ned by the League of Nations. MORGAN (1990, chapter 4) details these developments
and the critical reaction from KEYNES (1939) and others. Crudely, KEYNES’ position was
that if the data analysis failed to confirm the theory, then blame the data and statistical
methods employed. On the contrary, ‘For TINBERGEN, econometrics was concerned both
with discovery and criticism’ (MORGAN, 1990, p.124).!

The influence of TINBERGEN ensured that official Dutch economic forecasting was
more model-orientated than anywhere else in the world, and the role of econometric
modelling and forecasting was further strengthened by THEIL (1958, 1966). For example,
MARRIS (1954) compares the Dutch and British approaches to forecasting, and concludes
that the British makes use of ‘informal models’ ( cf. what THEIL (1961, p.51) describes
as a ‘trial and error’ method) where, as already mentioned, the Dutch approach is based
on a formal model. Although MARRIS sides with the Dutch approach, he has some
reservations which include ‘the danger of its operators becoming wedded to belief in the
stability of relationships (parameters) which are not in fact stable.” (MARRIS, 1954,
p.772). In other words, MARRIS fears the ‘mechanistic’ adherence to models in the
generation of forecasts when the economic system changes. More generally, a recogni-
tion of the scope for, and importance of, adjusting purely model-based forecasts has a
long lineage (see, inter alia, THEIL (1961, p.57), KLEIN (1971), KLEIN, HOWREY and
MACCARTHY (1974), the sequence of reviews by the UK ESRC Macroeconomic Mo-
delling Bureau, WALLIS et al., 1984-7, TURNER (1990), WALLIS and WHITLEY (1991),
HENDRY and CLEMENTS (1994) and CLEMENTS, 1994). HENDRY and CLEMENTS (1994)
attempt to establish a general framework for the analysis of adjustments to model-based
forecasts. It is based on the relationships between the data generating process (DGP),
the estimated econometric model, the mechanics of the forecasting technique, data
accuracy, and any information about future events held at the beginning of the forecast
period. The key motivating factors are the recognition that typically the DGP will not be
constant over time and that in practice, the econometric model and the DGP will not
coincide (see CLEMENTS and HENDRY, 1994a,b).

HAAVELMO’s probability approach appears to have been generally accepted by the
end of the 1940s, especially in the US, where it underlay the macroeconometric model
built for the Cowles Commission by KLEIN, who was one of the prime movers. KLEIN
(1950) explicitly recognises that, when the goal is forecasting, econometric modelling
practice may differ from when explanation or description are the aim. KLEIN describes
a mathematical model consisting of the structural relationships in the economy (produc-
tion functions, demand equations, etc.) and argues that for forecasting it may not be
necessary to uncover the structural parameters but that attention can usefully focus on

1. The elements of this debate survive to the present day: see HENDRY (1993).
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the reduced form. However, KLEIN believes that this will result in worse forecasts unless
the system is exactly identified, since otherwise there will be a loss of information. Some
of our recent results suggest such fears may be exaggerated. CLEMENTS and HENDRY
(1993b) show that it may be possible to improve forecast accuracy by imposing
restrictions even when the restrictions are false, once proper account is taken of the
forecast error variance due to parameter estimation uncertainty.

Apart from KLEIN (1950), BROWN (1954) (who derived formulae for standard errors
of forecasts from systems), and THEIL (1958, 1966), time-series analysts played the
dominant role in developing theoretical methods for forecasting in the postwar period
(see WIENER (1949), KALMAN (1960), Box and JENKINS (1970) and HARVEY (1981);
WHITTLE (1963) provides an elegant summary of least-squares methods). More recently,
numerous texts and several specialist journals have come into existence; empirical
macro-econometric forecasting models abound and are often subject to forecast evalua-
tion tests (for a partial survey, see FAIR, 1986). The sequence of appraisals of U.K.
macro-models by WALLIS et al. (1984-7) provides detailed analyses of forecasting
performance and the sources of forecast errors, and KLEIN and BURMEISTER (1976) and
KLEIN (1991) provide similar analyses of the US industry of macro-forecasting. WALLIS
(1989) references some of the important contributions of the 1970s and 1980s.

Nevertheless, there remain difficulties with existing approaches. GRANGER and
NEWBOLD (1973) survey a number of ad hoc forecast evaluation criteria which they find
to be either inadequate or misleading. CHONG and HENDRY (1986) argue that three
commonly used procedures for assessing overall model adequacy are problematical:
namely, dyamic simulation performance, the historical record of genuine forecast out-
comes, and the economic plausibility of the estimated system. They propose a test of
forecast encompassing to evaluate the forecasts from large-scale macroeconomic models
when data limitations render standard tests infeasible (see also HENDRY, 1986). As an
application of the encompassing principle, forecast encompassing is more soundly based
than some of the criteria criticised by GRANGER and NEWBOLD (1973). ERICSSON (1992)
and CLEMENTS and HENDRY (1993a) consider the traditional use of MSFEs in forecast
evaluation (see section 6), and CLEMENTS and HENDRY (1994a,b) focus on the wider
implications of forecasting in a changing world where the forecast model and the
mechanism generating the data do not coincide.

3. AFRAMEWORK FOR ECONOMIC FORECASTING
3.1. Forecasting methods

There are undoubtedly dozens of ways of making economic forecasts but any model
based (or systematic and repeatable method) appears to require the following three
ingredients:

0) that there are regularities on which to base models;
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(i)  that such regularities are informative about the future; and:
(iii)  that they are encapsulated in the selected forecasting model.

The first two items relate to properties of the economy under analysis, and so are common
to all forecasting models for that economy, while the third relates to the model selected.
OECD economies exhibit some constant features but are also subject to regime shifts
(the formation of the European Community, ‘oil shocks’, moving from fixed to floating
exchange rates etc.). When the latter are recurrent, it may be possible to model them ex
post, even if their next occurrence remains uncertain, thereby increasing the constancy
of the system.

Based on CLEMENTS and HENDRY (1994a), we enumerate seven distinct forecasting
methods in common use, namely: guessing (which ‘just’ relies on luck); extrapolation
(which relies on tendencies persisting); leading indicators (which rely on continuing to
lead in a systematic manner); surveys (which rely on the implementation accuracy of
plans, expectations and anticipations); analysis ‘in the context of an implicit, perhaps
informal model, not necessarily written down’ (WALLIS, 1989, p.31, and THEIL, 1961,
p.51); time-series models such as the ARIMA class (see BOX and JENKINS, 1970) and
VARs (see DOAN et al., 1984), (which rely on ‘continuity’ of the time series repre-
sentation); and econometric systems (which rely on capturing the structural aspects of
agents’ decision taking). In practice, all seven methods may contribute: for example,
macro-econometric forecasts use intercept corrections which may invoke luck, extrapo-
lation, etc.

Formal econometric systems of national economies fulfill many useful roles other
than just being devices for generating forecasts; for example, such models consolidate
existing empirical and theoretical knowledge of how economies function, provide a
framework for a progressive research strategy, and help explain their own failures. They
are open to adversarial scrutiny, are replicable, and hence offer a scientific basis for
research: compare, in particular, guessing and the use of informal models.

Perhaps at least as importantly, time-series and econometric methods are based on
statistical models, and therefore allow derivations of measures of forecast uncertainty,
and associated tests of forecast adequacy.?

It is not clear how to interpret point forecasts in the absence of any guidance as to
their accuracy, and we contend that this factor alone constitutes a major way in which
econometrics can improve the value of economic forecasts. In his review article,
CHATFIELD (1993) argues strongly in favour of interval forecasts and assesses the ways

2. HARVEY (1989), for example, terms forecasting methods not based on statistical models ad hoc. This
description would appear to apply to many popular techniques, such as exponentially weighted moving
averages (EWMA) and the schemes of HoLt (1957) and WINTERS (1960), which effectively fit linear
functions of time to the series but place greater weight on the more recent observations. The intuitive
appeal of such schemes stems from the belief that the future is more likely to resemble the recent rather
than the remote past. HARVEY (1989) shows that such procedures can be given a sound statistical basis
since they are derivable from the class of ‘structural’ time series models.
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in which these can be calculated. A prediction interval is arange within which predictions
will fall with a certain probability (commonly taken at 95%). The calculation of
prediction intervals is relatively straightforward for scalar or vector processes, particu-
larly in the absence of parameter uncertainty, but otherwise requires recourse to the
formulae in SCHMIDT (1974,1977) and CALZOLARI (1981). However, they are more
difficult to calculate for large, non-linear macroeconometric models, so analogous
expressions for prediction intervals are not available, although a range of simulation
methods can be employed. Non-modelled variables can in principle be handled, but their
treatment in practice may have a significant influence on the results: treating variables
which are hard to model as ‘exogenous’, then supposing that such variables are known
with certainty, may seriously understate the uncertainty of the forecasts. Furthermore, it
is not clear what the impact of forecasters’ judgements or intercept corrections will be
on prediction intervals.

When a macro-econometric model is claimed to capture the constant features of the
economic system in an undominated way, it must satisfy the following criteria (see
HENDRY and RICHARD, 1982):

(a) be congruent, so that it fully embodies the available data information;
(b)  encompass or account for the results obtained by rival explanations;
(c)  be invariant to structural change;

(d)  accurately and precisely estimate all unknown coefficients.

We discuss below the importance, or otherwise, of these requirements for forecasting.

3.2. When are forecasts informative?

The informativeness of a forecast is a relative concept, dependent on the pre-existing
state of information. If one knew nothing about a dice-rolling experiment, then it is
informative to be told that the only possible outcomes are the integers 1 through 6. Once
the equal probability of such outcomes is known, then the forecast that the next outcome
has a uniform distribution over [1,6] is uninformative. When there exist transforms of
data such that the unconditional distribution is well defined, a forecast could be defined
as informative when the forecast error has a more concentrated probability distribution
than the unconditional distribution of the variable being forecast. We illustrate these ideas
with the weakly stationary first-order autoregressive process (so lyl< 1):

o?
1-y? (1)

w, =Wy w,_; + Vv, where wy~ N [0,



CAN ECONOMETRICS IMPROVE ECONOMIC FORECASTING? 275

and {v,} is an independent, identically distributed normal random variable with zero
mean and constant variance 62, denoted by v, ~ IN (0, 62), then w, is strictly stationary.
Thus, w, meets the requirement that the unconditional distribution is well defined:

0-2
w, ~ N 0,1—‘;|12— for all ¢.

Consider forecasting the value of the process in period T + 1 conditional on information
in period T, which we denote by wr, |, when Y is known. The 1-step ahead forecast
eITOT IS ery1 | 7= Wry) = Wriy 1 7= V71, SO that V [er, 7] =07 <03, =V [w,], where V []
denotes a variance. Thus, 1-step forecasts are informative. CLEMENTS and HENDRY
(1994a) show that as k increases, V [er,,; 71 = V[w,] (monotonically from below for
known parameters) so that informativeness disappears.

From the forecast error variance, we can define a 100( 1 — o )% prediction interval
as a range that should include that % of future realisations of forecasts, by:

wr it 20 \‘V[em IT]

where zq, denotes the percentage point of the standard normal distribution. The genera-

lisation to h-steps ahead follows immediately.

Consider applying this notion of informativeness to predicting the change in the log
of real equity prices (w, in (1)), which is believed to be nearly white noise (so that y is
close to zero):

a) the log-difference transform assumes a more standardized behaviour of percent-
age changes over absolute changes;

b) the direction of change from day to day is difficult to predict so the conventional
comment that ‘real equity price changes are unpredictable’ probably refers to this
aspect (when y = 0, then 62 = 62, and forecasts are close to being uninfomative);

c) however, to a novice, many helpful features may need highlighting, such as the
asymmetry of changes, the high probability of ‘outliers’ (thick tails), the non-nor-
mality etc. of D(-);

d) even so, a stockbroker may be able to make money from a prediction where the
forecast error is only a little more concentrated than the outcome; and:

e) a trader in derivatives, such as options, may also make money from predicting
the conditional variance more accurately than G2.

If the prediction of the change in the log of real equity prices is uninformative, is that of
the level? Again the issue turns on the state of existing information. Non-stationary,
evolutionary processes (such as those with unit roots) do not have well-behaved un-
conditional distributions, so the conditional prediction of the level next day is more
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concentrated than the unconditional. Nevertheless, when the optimal prediction of the
change in the log of real equity prices is zero, we doubt that investors would attach any
value to the prediction that next day’s level will be the same as today’s on average.

Consider predicting income, consumption and saving when I = C + S. Then the linear
combination / — C - S=0 is an uninformative prediction as it is always true, yet the
components should be more or less accurately predicted.? Thus, informativeness is not
an invariant construct, nor is uninformativeness, by the obverse argument.

3.3. The Data Generation Process

The analysis assumes a linear, closed system for tractability, where all non-deterministic
variables are forecast within the system. The vector of all n variables is denoted by w, and
the system is represented by a first-order VAR:

w,=T+Yw,_ +V, 2)

where v, ~ IN (0, ). The parameter estimates are ('/t\ e s’i) where:

plim A _ plim 5
Tyoo T=Tp and T_mQ"YP ,

and the potential inconsistencies are due to model mis-specification. Although we allow
T,#7T and Y, #Y, when the {v,} process is independently sampled, or is even just a
martingale difference sequence relative to the history W,_; of {w,}, then from (2):

E [w, I W,_l] =1+Yw,, ?3)

$0 no inconsistency arises even though v, need not be an innovation against a broader
information set (i.e. there are possibly important omitted variables). This notion of a
congruent empirical model is discussed in section 5 and more extensively in HENDRY
(1994).

The system is assumed to be integrated and to satisfy r < n cointegration relations
such that:

3. THELL (1961, pp.14,15) discusses whether forecasts should obey ‘internal consistency’, in that they obey
the same identities as the outcomes, and suggests that other considerations may contradict this
requirement.
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Y=I+of

where o and P are n x r matrices of rank r. Then (2) can be reparameterized as a vector
error correction (VECM: see JOHANSEN, 1988):

Aw, =1+ 0of'w,_ | +V, @)

Under stationarity of both Aw, and B’w,, when the system grows at the (vector) rate
E[Aw,] = v, then the long-run (or unconditional) solution is:

aE[B'w,]=v—t )

and since A (f'w,) is the difference of a stationary variable, B’y=0. When ' is
non-singular:

E[Bw]=- (B B ©®

Consequently, when T = o (say), E [B'w, + 1] =0, so from (5), Y=0, and the system
has no growth. This matches the fact that (4) can then be written as:

Aw, =0 (B'wpg + 1) +V, @)
More generally, when T = oL +y we have:
Aw,=y+ o (B'we +p) +V, 8)

The intercept and its treatment will prove to be important below. Throughout, we treat
B as if it were known, since sampling errors in it are an order of magnitude (in the sample
size) less important than in the coefficients of stationary variables.

Finally, a VAR in differences (DVAR) may be used, which within sample is mis-spe-
cified relative to the VECM unless r = 0:

Aw,=v+e, )

From (5) and (6), Y= - o (B’0)"!B’) T (cf. CLEMENTS and HENDRY, 1994a) so that
(4) and (9) coincide when ot =0 (Y= Tand e, =V,). More generally, Y/t — yas i — oo
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4. SOURCES OF FORECAST ERROR

We now consider dynamic forecasts from a complete and closed econometric system
where parameters are subject to change in the forecast period. We draw on the analysis
in CLEMENTS and HENDRY (1994a) but focus on potential biases arising from various
o egs o A .
problems. The forecast commences, from the initial conditions denoted by wy, which
may differ from the ‘true’ value (wr# wy) due to poor measurement of provisional
statistics (which in practice are subject to revision). Then, j-step ahead forecasts for the
levels under assumed constant parameters are given by:

-1
Wry =1+ ¥p =| Y ¥ 1+ Uiy forj=1,., k.
=0 , (10)

A A
Denote the forecast errors by Vryj = Wry; — Wry;.

We consider the situation where the system experiences a step change between the
estimation and forecast periods, such that (1 : Y) changes to (t* : Y*) overj = 1,..., hand
the variance, autocorrelation and distribution of the error change to vy ~D (0, Q*). Thus,
the data generated by the process for the next & periods is given by:

Wy =T+ Y Wry g + Vpyj
=I+Y9) 1T+ (") Wryio+ Y'Vpy + Vry
-1 j-1
= 2 (Y)Y + Z (Y")vpyyi + (YYwr,
=0 i=0 (11)

Then, the j-step ahead forecast error is decomposed into the six components:

i1 1 1
" [ i : A.A .
V= 2 (Y)Y T+ Y, (V) vpyyy + (Y'Y wr=), YiT- i wy
i=0 =0 =0
j-1 j-1 j-1
. A A . )
=Y Y- ¥+ Y (Y vp+ Y (Wp— Wp)

HOY = ¥]wr+ (¥ -Y)) wr+ (Y= 9w, (12
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where the estimated parameter multiplying the error in the initial conditions has been
replaced by the sample period plim [dropping a term of O,(T-!)]. The six components
of forecast error are due to the changed intercepts; error accumulation; mis-measured
initial conditions; parameter non-constancy; model mis-specification (i.e. inconsistent
arameter estimates); and sampling variability. The last three terms could be written as
Y*y - Yf] wr, but (12) clarifies the different effects of mistakes when econometric
odelling:

To a first approximation, using E [Y] Y, and neglecting higher-order terms due to
non-linearity, so the bias in the jth power is assumed negligible relative to other sources
of forecast bias, from (12) the expectation of the j-step forecast error conditional on the
correct initial condition wy (which reflects what will transpire on average) is:

j-1
[vn, | w,] E(Y")‘ =¥ Yit, [+ (Y'Y wr-Y,E [»Av,l wr] 3
-0 (13)

To understand the implications of (13), we note several special cases. First, even when
a model is correctly specified in-sample (so that T, =T and Y, =Y), forecasts are biased
in general when the DGP is non-constant unless considerable cancellation occurs in (14):

I
[VT+1 ! WT] Z(Y‘)' =Y Yit|+(Y*Y wr-YE [‘/‘\’T I WT]
=0 (14)

Below, we consider the special case where only T changes, and the initial conditions are
unbiased (so that E [wTI wr] = wy), which yields:

[vnjlwr] ZY' (t*-1) "

This more tractable expression highlights the main effects of a parameter change as we

will see.
When the DGP remains constant and a congruent, if incomplete, model is used, the

only bias arises from:

E[p; | wil= Y (wr— E [wr| WT]) (16)
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More accurate (i.e. unbiased) initial conditions would lead to unbiased forecasts in this
setting. Again, the form of (16) captures the important implications of our approach.

Finally, the outcome for an inconsistent but constant model with correct initial
conditions is:

j-1 Jj-1
E [yl wil=| Y Yit-Y Yit, [+ ¥ - Yilw,
=0 i=0 a7

This remains complex to analyze, so we consider the special case when the intercept is
zero and known to be such, so that:

E [y | wrl = Y/ - Y] wr (18)

The next section analyses these cases in more detail.
When the system is a VECM, j-step ahead forecasts for the differences, Awr,; over
Jj=1,..., h are the changes in the levels:

A A A
AWT+j = Wryi— Wryjiog s (19)

with forecast errors of an =Awrp, - A\/}\/nj = an - Onj_, . Thus, the forecast error in the
Jj-step ahead difference is just the difference between the j and j - 1 step ahead errors in
forecasting the levels of the series.
We now consider the forecasts from the DVAR. From (9), forecasts from the DVAR
. . i A
for Aw, are defined by setting Awr,; equal to the (estimated) population growth rate y:

~ A
Awrg=7Y (20)

so that j-step ahead foreca.?\ts of the level of the process are obtained by integrating (20)
from the initial condition wy:

~ ~ A A A .
Wry i =Wrj +Y=wr+jy for j=1,..,h [3))

From (11) for the actual values of the data generated by the (changed) process, and (21)
for the forecasts from the DVAR, we obtain the j-step ahead forecast error decomposed
as in (12) into the five components:
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j-1 j1

V=2, (YY1 + Y, (Y vy + (VY wr - Wr
i=0 =0

1
=Yy ~A |+ Y (Y Vpy+ (wr = Wr)
i=0

=0
+H[OCY = Y] wr+ (¥ =D wr. (22)

Then the expectation of the j-step forecast error conditional on the correct initial
condition wy (cf. (13)) is given by:

[VT+1 | WT] 2 (Yt —jy [+ (YY wr—E [Wrl wy]
(23)

Since '?is a consistent estimator of 7, we replaced ¥y, by the population value, ¥y (see
CLEMENTS and HENDRY, 1993c). As in the case of the correctly-specified model, we can
obtain a better understanding of (23) by assuming that only T changes, and the initial
conditions are unbiased. Then compare the following with (15):

-1
E[VTHIWT] Y Yt —jy|+ (Y =D wr
=0 (24)

which is biased even when 1* = T. However, under such circumstances, CLEMENTS and
HENDRY (1992) show that unconditionally it is approximately unbiased E [\7T+j] =0.

5. HOW CAN ECONOMETRICS HELP?

The six-fold partition of sources of forecast error can be condensed to five by treating T,
Y and Q as subsets of a generic parameter vector 6:

(1)  parameter change: 6* # 6;

(#)  model mis-specification: 6, # 9

(iif)  estimation uncertainty: V [9 -8]1=0;

(iv) initial condition mis-measurement: (wy — W) # 0;

™ error accumulation: V [z l';(l) (Y*) vm_,] #0.



282 HENDRY/CLEMENTS

All these sources of uncertainty can be reduced by appropriate techniques, though none
can be eliminated.

(i) We note that parameter change may derive from lack of invariance to regime
changes and begin with the special case in (15) where only T changes. A number of
general implications follow. First, after a step change, all the forecast errors have the
same sign. Next, they are increasing in the horizon for the levels of the variables. Third,
successive errors are related by:

E [ﬁnj I wT] =E [07‘.’_]' I wT] -E [Cm_l I wT] =Y (1 -1) (25)

so that forecasts of the change in w, have biases which have the same sign but do not
accumulate over steps ahead (cf. (15)). Thus, successive differences stabilize. Consider
forecasting the acceleration in w,, namely A?w,. From (25), the bias is given by:

E [an [ wT:I -E [ﬁnj_l | w,] = (Yi“ - Yi-Z) (-1 (26)

so that further differencing does remove most of the systematic bias that remains.
However, the cost of doing so is to lose the long-run information embodied in the
cointegrating vectors. More usefully, models can be reset ‘on track’, such that mis-pre-
diction in the past leads to an offsetting correction when forecasting. HENDRY and
CLEMENTS (1994) show that adding on the residual of the current period to the next
period’s forecast differences the original forecast errors for /-step ahead forecasts. This
improves forecast performance (using expected squared forecast error) when p > 1
where p is the autocorrelation coefficient between the original forecast errors. Thus, an
appropriate intercept correction will remove any fixed component.

Does the DVAR offer any protection against the change in the intercept over the
forecast period? From (24) we obtain:

E [ﬁm | w,] =E [an [ wr] -E [an_l [ w,-] =Y T —y+ (Y = Y wy

When Y/~! 7 —y>0 and w;>0 (i.e. a positive shock when the initial condition is
positive), the DVAR has smaller biases than the VECM since Y/ < Y/~!. Below, we
consider y=1=0 with t*>0 and w;> 0 by commencing forecasts 2 periods after a
break, but there is no clear outcome in general.

It is also worth considering the sequence of h-step forecasts at increasing 7, since this
more accurately reflects the calcula/{ions in the Monte Carlo illustration in section 7. That
is, we analyse the sequence E [Vryj|wr,] for fixed values of j (j =14 in the
illustration). For such a sequence, (12) is amended to:
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j-1 j-1 -1
A . . . A.A .
Vris = (Y)Y T+ Z(Y‘)' Vrgias—i + (Y'Y Wy — 2 Rit-Y Wess
=0 =0 =0 27

so that when the model i§\ correctly specified, only t changes, and the initial conditions
are unbiased (so that E [wm | Wm] = wr,,), then the bias of (27) is just that of (15):

j-1

E [CT+j+.\' I WTﬂ] = 2 Y (T' -1
=0 (28)

However, (28) is independent of s, 50 that E [Vye; | Wyl — E [Vryjss | Wryst] = 0. This
result rests on the particular form of parameter change, namely that the new value of
T* is time invariant over the forecast period, so that the first term in (27) does not depend
on when the forecast is made (the value of s). The general case of parameter change as
in (14) is similar but there is less constancy to the forecast errors between periods.

For forecasts from the DVAR, the equivalent of (27) is given by:

j-1 j-1
~ . . . A
VT+j+s = 2 (Y‘)’ T+ E (Y*)‘ vT+j+.y—i + (Y*)’ Wrs—JY— ‘Q'Tﬂ

=0 =0 (29)

so that again assuming that only T changes and the initial conditions are unbiased, we
obtain:

-1
E [VT+j+s I WT+s] = Z Yit -+ (Y’ - I) Wlis
=0 30)

which resembles (24), but is not independent of s. Thus differencing yields:
E I:;T+j+x I WT+s] -E I:VT+j+x—I I WT+.\'—I] = (Yj -1 Aw7'+s _ @3n

For large j after the change in T, then (Y/ — I) E [Awg,,] = —a(f’0)'B’y* # 0, but is likely
to be small. A comparison of the bias in predicting the levels (28) for the correctly-spe-
cified model against (30) for the DVAR, again appears to be indeterminate for small j.
Finally, notice that the last three terms in the general decomposition (12) vanish when
wy=0. For stationary transformations of the variables in the model (e.g. differences of
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I (1) variables and cointegrating combinations), this can always be achieved by subtrac-
ting sample means. In that case, the only remaining term in (13) (assuming the initial
conditions do not differ systematically from their true values) is:

j-1 J-1
E[Cn,lw,:O]s Y y-Y Yy
=0

=0

which highlights the role played by the (changed) growth rate, and motivates the attention
we pay to the generation of forecasts that are to some extent robust to such changes.

(ii) When parameter estimates are inconsistent, the econometrician’s advice must be
to develop congruent empirical models: cf. HENDRY (1994). Econometrics would not be
viable if it required the assumption that the model was the DGP, and it is possible to
develop a theory of congruent models which do not need to be facsimiles of the DGP.
An empirical model is the data population counterpart of the postulated theory specifi-
cation, and arises as a reduction of the DGP (see HENDRY, 1987, 1993). Such a model
is congruent if it matches the data evidence in all measurable respects — which does not
require that it is either complete or correct. Key elements of congruency include that the
empirical model’s error is a homoscedastic innovation against the available information;
that the conditioning variables are weakly exogenous for the parameters of the model;
and that those parameters are constant. In addition, an encompassing model will be
undominated in its class. It is possible to design models with all of these characteristics
which thereby exhaust the available information and in essence represent the DGP up to
an innovation error which cannot be distinguished from the actual DGP error on the given
data. In the context of forecasting, therefore, Y, and Y can be conflated in congruent
models, and Q is the ‘smallest’ that can be obtained given available information. Invalid
specification could still induce inconsistency.

(iii) CLEMENTS and HENDRY (1994a) present the associated forecast-error variance
formulae, but we focus on the central tendency here. When parameter values are
uncertain, h-step forecast confidence intervals do not always increase monotonically as
the horizon of the forecast increases, but may first expand then contract. Since the
forecast variance must eventually equal the unconditional data variance for weakly
stationary processes, conditional dynamic forecasts can have larger variances than
unconditional. The calculations in HENDRY (1986) suggest that this can occur within the
policy relevant forecast horizon which would allow scope for pooling forecasts (e.g.
between unconditional and conditional predictors). Alternatively, there is scope for
imposing parameter values rather than estimating them, since forecast error variances
will fall when restrictions are nearly satisfied by the data: parsimonious yet valid
parameterizations can pay dividends here (see CLEMENTS and HENDRY, 1993b).
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(iv) Next, consider incorrect initial conditions when the DGP remains constant so the
only bias is (16):

A A . .
E [VT+j | WT] -E [VT+j—l | WT] = (YJ - YJ—I) (WT’- E [WTl \/’\/T]) .

This produces the same form of effect as in (i): changes between successive forecasts
may be small, in which case an intercept correction can fix the problem. Badly measured
initial values can distort short-term forecasts and WALLIS (1989, p.32) views measure-
ment-errors as one explanation for intercept corrections. CLEMENTS and HENDRY
(1994a) suggest several possibilities for improving current practice, using the econome-
tric model to predict the initial conditions, intercept corrections, and extraneous infor-
mation such as surveys.

(v) Error accumulation is pervasive as the horizon expands, and any predictibility in
economic time series quickly fades. This may be exacerbated by {Vv,} not being an innovation
against the available information [which would also affect (ii)]. Further extensions of the
information set will lower €, but may lead to less precisely estimated coefficients.

6. FORECAST EVALUATION

We can illustrate the limitations of comparisons based on MSFEs by considering an
example based on BAILLIE (1993) and NEWBOLD (1993). They consider the comparison
of forecasts from two mis-specified models of a first-order moving-average DGP, namely
a first-order autoregression (denoted M;) and white noise (M,). They intended to
establish that rankings by forecast accuracy could depend on the forecast horizon and
hence warn against focusing exclusively on /-step ahead forecasts. They measure the
costs of forecast errors at horizon 4 by MSFE,, in levels, defined for forecasting

A
Y7+ bY Y14, @S:
A
MSFE, =E [()’nh = yrn)? | )’T] .

The autoregression does best on /-step, whereas the white-noise prediction of zero ‘wins’
at any longer horizon, using MSFE, as the criterion. A necessary condition for this
outcome is that the two models are mis-specified for the DGP, since otherwise the
correctly specified model would dominate at all horizons. This follows from the pro-
position that the conditional expectation is the minimum MSFE predictor.
Unfortunately, the result is not invariant to linear transformations, and e.g. for 2-step
forecasts using MSFE, for differences, we overturn the previous result relative to the
2-step ahead ranking in levels: M, ‘beats’ M, in both periods. Thus, the ranking depends
crucially on the particular transformation of the variables for which forecast accuracy is
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assessed. Switches of rankings between linear transforms can be ruled out by using
invariant criteria, such as that discussed in CLEMENTS and HENDRY (1993a), denoted
below by G. This finding also serves to show that mis-specification is not sufficient for
arank reversal to occur. .

Interestingly, if G is used as the evaluation criterion, in the BAILLIE-NEWBOLD
example, as the forecast horizon increases, M; ‘beats’ M, on average because of the gain
on period 1. The G measure implicitly weights the levels and differences forecasts and
so correctly highlights that on average, M, is the better model. Only if forecasters are
certain that levels alone matter should they continue to use MSFE comparisons of
predictions of the levels of the series.

Moreover, when models are mis-specified, it may be the case that the ‘pooling’ of
forecasts produces combined forecasts that are superior to any individual forecast. When
each forecast is model-based and derives from a common pool of information, then our
advice is that the combination of the resulting forecasts is rarely a good idea. It is better
to sort out the individual models and to derive a preferred model that contains the useful
features of the original models, in line with the principle of encompassing. Briefly,
encompassing is the requirement that an empirical model be able to account for the
findings of rival models (see, HENDRY and RICHARD, 1982, MIZON, 1984, MIZON and
RICHARD, 1986, and HENDRY and RICHARD, 1989).

Structural change over the forecast period will in general induce model mis-specifi-
cation (over that period). Since the models will typically be differentially susceptible to
the structural break, ‘pooling’ may produce better forecasts (see section 7). However our
preferred strategy would be to attempt to ‘robustify’ the VECM via appropriate intercept
corrections.

7. FORECASTING WITH A STRUCTURAL BREAK

In this section, we illustrate the analysis with an example based on a single realization
of artificial data. Using PC-NAIVE (see HENDRY, NEALE and ERICSSON, 1991), 120
observations were generated for a bivariate cointegrated system (denoted y and z), over
1960:1 to 1989:4 with a break in 1984:4 (observation 100) when the growth of y was
increased from 0 to 0.05 by doubling the intercept. The original value of T ensured zero
growth, whereas after the regime shift, substantial growth occurred. The data were
generated to resemble that for real US M1 as shown in BABA, HENDRY and STARR (1992).
Using PcFiml (DOORNIK and HENDRY, 1994), 1-step and 4-step ahead forecast errors
were computed from four estimated models of the DGP: an unrestricted VAR in levels,
a VAR with cointegration imposed (VECM), a DVAR and a DDVAR (i.e. a VAR in
second differences). These were all estimated over the sample 1960:4 to 1985:2 (denoted
T5), and used to predict over the next 18 quarters (7}).

Figure 1 shows the time series for various transformations of the data, and figures 2
to 9 record the forecast-period outcomes with /-step and the 4-step forecasts bordered
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by %2 standard errors on either side (these ignore the asymptotically negligible parameter
uncertainty, which in practice contributes relatively little here). The figures show the
results for the four specifications of VAR, VECM, DVAR, and DDVAR, and the 8 blocks
in each figure are for the transformations A2y, A%, A(y — 2),, Ay, Az, (y —2), ¥, and z,,
where the cointegration vector is (y — z),. In figure 1, the ninth graph is the time series
of real money from BABA et al. (1992).

The VECM is the correct specification, the VAR has one cointegration vector too
many, the DVAR one too few, and the DDVAR differences the data too often under the
null of no break. It can be seen that in /-step comparisons, the DDVAR does well and
the DVAR not too badly, but both VAR and VECM go off course for prolonged periods.
This establishes that differencing offers robustness against step breaks in intercepts of
the form described above, but at the cost of poorer fit and forecasting when no breaks
occur. A better solution would be to retain the VECM and use the ‘classical’ intercept
correction of setting the model back on track.

At 4-steps ahead, there is less to choose between the alternatives: all persist in long
deviations for the levels because the model coefficients are not re-estimated as the sample
increases, so again, intercept correction seems useful. Table 1 shows the components of
the MSFEs, but we noted several caveats on that measure above. The means and standard
deviations of the data over the two sub-periods show that noticeable changes occurred
in the observations. The DDVAR specification is the most robust for the mean forecast
error overall, followed by the DVAR; however, the DDVAR model does least well on
average in terms of forecast-error standard deviations.

In section 6, we argued that model mis-specification paved the way for averaging
forecasts over models. All the models considered in this section are mis-specified, if only
over the forecast period (as in the case of the VECM). Since the models are differentially
susceptible to the structural break, we considered an average of the forecasts from the
VECM (standing for the structural econometric model here) and the DVAR (standing
for the time-series method). The results show that the ‘pooled’ method does as well as
any single forecasting device, particularly on the average forecast error for the levels and
ECM transforms.
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Table 1
Data means

A2z A(y-2z) Ay Az 0-2 Y z
TO -0.00 0.00 -0.00 -0.00 1.0 038 -0.62
T_1 -0.00 -0.02 0.05 0.07 13 1.13 -0.14

1-step forecast error means

Az
VAR -0.02
ECM -0.03
DVAR 0.08
DDVAR -0.01

4-step forecast error means

A2z A(y-z) Ay Az -2 y z
VAR -0.01 -0.02 -0.08 -0.07 -0.22 -0.36 -0.13
VECM -0.01 -0.02 -0.07 -0.05 -0.22 -0.37 -0.14
DVAR 0.00 0.03 -0.03 -0.06 0.17 -0.10 -0.27
DDVAR 0.00 0.05 0.05 -0.00 0.14 0.12 -0.02
Pooled -0.00 0.02 -0.01 -0.03 -0.04 -0.12 -0.08

Data standard deviations

A%z A(y-2) Ay Az o-2 Y z
TO 0.20 0.14 0.06 0.12 0.12 0.26 0.25
T_1 0.19 0.14 0.08 0.12 0.24 0.25 0.44

1-step forecast error standard deviations

Az
VAR 0.11
ECM 0.10
DVAR 0.11
DDVAR 0.14

4-step forecast error standard deviations
y A%z Aly-2) Ay Az -2 y z

VAR 0.09 0.19 0.16 0.07 0.12 0.24 0.19 0.17
VECM  0.10 0.19 0.15 0.09 0.12 0.22 0.26 0.14
DVAR 0.09 0.18 0.14 0.07 0.12 0.22 0.17 0.20
DDVAR 0.08 0.19 0.19 0.08 0.14 0.44 0.25 0.34
Pooled 0.09 0.18 0.14 0.07 0.12 0.20 0.17 0.20
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Figure 9: 4—step forecasts from the DDVAR
8. CONCLUSIONS

Econometrics can help economic forecasting. Econometric models provide a potentially
scientific basis for economic forecasts and allow an assessment of the degree of
confidence with which they may be held, an ingredient missing with some of the other
methods of producing forecasts. We have focused on the positive aspects, in particular,
on how good practice can partially mitigate errors in forecasting that are generated by
the evolving nature of the economy and the impossibility of building models that are
exact facsimiles of it. However, we have also noted certain pitfalls.

We have largely ignored the problem of model selection, which is dealt with elsewhere
(see CLEMENTS and HENDRY, 1993c), but caution that in some circumstances, members
of the ARIMA class of predictors can beat the estimated DGP. Parsimony appears more
relevant in the context of forecasting than for fit or explanation, and imposing parameter
values rather than estimating them may result in smaller overall forecast error variances.
Thus ex ante forecast performance is not necessarily a reliable guide to model validity:
the econometric model could be rejected in comparisons of ex ante forecast errors, even
though it encompasses the time-series model. Such evidence would clarify the status of
the rival predictors, and may ensure the future forecast dominance of the econometric
model as corroborative evidence accrues, but cautions against drawing hasty conclusions
from ex ante forecasting competitions between rival models.
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Finally, this suggests a ‘forecasting versus policy’ dilemma: the DGP clearly provides
the best guide to policy, but, due to the various modelling uncertainties, may not forecast
as well as an extrapolative predictor despite the former being correctly specified and
more informative. This is an uncomfortable tentative conclusion for those involved in
forecasting and policy analysis, but points to the value of further research on this topic.
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SUMMARY

After reviewing the history of analyses of economic forecasting, the role of econometrics
in improving economic forecasting is considered, building on CLEMENTS and HENDRY
(1994a). The basis of the analysis is a world where model selection is difficult, no model
coincides with the economic mechanism, and that mechanism is both non-stationary and
evolves over time. On the constructive side, econometric analysis suggests ways of
reducing each of the resulting five sources of forecast uncertainty (parameter non-con-
stancy; estimation uncertainty; variable uncertainty; innovation uncertainty; and model
mis-specification). On the critical side, the lack of invariance of forecast evaluation
procedures to the representation of the model may camouflage inadequate models. We
show that forecasts generated from vector autoregressions in differences may be more
robust to certain forms of structural change over the forecast period, and that a similar
result can be achieved by suitable forms of intercept corrections in vector error-correction
mechanisms.



