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Abstract

The paper responds to the claimed criticisms in Faust and Whiteman (1997) of the ‘LSE’ ap-
proach to empirical macro-econometrics. Their bold attempt to inter-relate ‘alternative methodolo-
gies’ is undone by misconceptions which lead them to incorrect conclusions. To clarify the analysis,
the notion of structure is reviewed to underpin sustainableeconometric relations, then identification
and exogeneity are reconsidered. The theory of reduction and modelling strategies are examined, as
is the basis for policy. The results rebut their claims, and confirm the need for a progressive research
strategy which combines the best of both theory and evidence.

1 Introduction

Jon Faust and Charles Whiteman have devoted considerable effort to investigating the ‘LSE’ approach to
dynamic econometric modeling. Since criticism is the lifeblood of science, I welcome their discussion.
One must applaud their attempt to inter-relate ‘alternative methodologies’ for obtaining evidence in
empirical economics. There are important areas of agreement between us, as in our joint doubts about
‘specific-to-general’ modeling strategies that lack pre-assigned stopping rules, and the recommendation
that “Finding improved ways to exploit economic theory while thoroughly examining the empirical
properties of the models would surely be beneficial”. Equally, there are major areas of disagreement, as
in our views about the identification of ‘LSE’ models, and sustainable bases for policy analyses. Such
an exchange of ideas is doubtless part of the process foreseen in the opening address ofEconometrica
by Schumpeter (1933): “Theoretic and ‘factual’ research will of themselves find their right proportions
... by positive achievement”.

Some of the disagreements derive from misconceptions in their paper. Specifically, they misun-
derstand exogeneity, identification of rival econometric models, and the conditions required for viable
policy analyses using empirical econometric models. Further, they confound the theory of modeling
with its empirical applications (i.e., they ignore the population/sample dichotomy), and mix the initial
general model with simplifications thereof. These errors interact to lead them to a series of false con-
clusions about identification and the role of structural breaks, which are overturned on a more careful
analysis.

The paper focuses on eight aspects of their discussion. First, it reconsiders their general views about
RBC and VAR approaches in comparison to the ‘LSE’ approach. Secondly, it analyzes the notion of
structure (invariance under extensions of the informationset over time, across regimes, and for new
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sources of information), and discusses how to find structurein empirical research, to develop sustain-
able econometric relations. It then turns to identification, its application when rival models exist, and
the identifiability of structure, thereby elucidating the role which structural breaks play in modeling.
Because of the central role of weak exogeneity in most econometric approaches, the concept is clarified,
and its relation to simultaneity, and ‘efficient estimation’ analyzed. The theory of reduction and em-
pirical modeling strategies are then examined, together with the basis for drawing policy implications
in economics. Finally, I comment on some rhetorical devicesused by Faust and Whiteman, rebut their
citation claims, and conclude.

2 Alternative modeling approaches

The characterization of RBC and VAR approaches by Faust and Whiteman as “1) start with ...; 2)
stop”, is seriously misleading. It crucially ignores the later reformulation and reapplication of those
approaches to essentially the same data, with modificationsinduced by earlier empirical mis-matches
or theoretical advances. Their apparent belief that there is some qualitative difference between “within
study” and “between study” revisions has no substance. Indeed, ignoring the dimension of repeated
evaluation on a common database camouflages incipient “datamining”: each study may be start–stop,
but the sequence is not. Conversely, if they were to wait for sufficient independent data to sustain new
analyses, their progress would be a small fraction of that resulting from the methods which they seek
to criticize. Rather, the advantage of a later study should be genuine tests of previous models on new
evidence — precisely what is emphasized in the ‘LSE’ approach — not starting an unrelated new search
for empirical structure. Since the latter aims to develop congruent models, namely ones that are coherent
with all the sources of information and sustainable over time, there are many potential cross-checks on
consistency.

Because of this lacuna, Faust and Whiteman fail to realize that many of the ‘LSE’ criticisms apply
to sequences of RBC and VAR models. For example, any ‘test’ that affects decisions about later model
specification becomes an index of design adequacy whatever the theory starting point (see e.g., Pagan,
1987). The concept of “a priori” ceases to be well defined whenthe current economic theory formu-
lation is closely dependent on previous empirical findings;there is a far smaller status difference than
they realize between their views and the ‘LSE’ approach, which utilizes such evidence as well as ‘in-
stitutional’ knowledge. Thus, the final sentence of their paper may have reached the correct conclusion
for the wrong reason!

From the outset, they have missed the main message of the ‘LSE’ approach: embed empirical
econometric modeling in a progressive research strategy where all the available evidence and theoretical
insights are utilized in a mutually interactive approach. Their implicit attitude that only a single ‘one-off’
study occurs is a travesty of empirical modeling in economics. If they dislike the fact that science is a
progressive sequence of learning about the coherence of theories and evidence by sequentially updating
both, as well as the instruments used, they need to offer a dramatic new paradigm, not pretend that some
approaches can avoid the need to revise when adverse resultsare found.

3 Structure

To clarify the basis of the ‘LSE’ approach to determining sustainable empirical economic relations, I first
consider two other key areas which Faust and Whiteman neglect, namely, structure and its determination.
This will let us examine their claims about the identifiability of the resulting models.
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The concept of structure has many meanings in econometrics.It began by denoting a set of exact
relations (Frisch, 1934), then evolved to mean a system of invariant (autonomous) equations which
characterized the behavior of economic agents (Haavelmo, 1944, and Wold and Juréen, 1953). Later, it
became an entity (called a structural model) to be contrasted with a system having derived parameters
(called a reduced form): see Koopmans (1950). Structure hasalso been employed as a synonym for
the population valueθ0 of an unknown parameterθ ∈ Θ (see Bårdsen and Fisher, 1993, and Juselius,
1993). Another usage connotes ‘being derived from inter-temporal optimization by economic agents’,
so such a structure aims to embody the ‘deep parameters’ of the relevant theory (see e.g., Kydland and
Prescott, 1991).

Parts of all these ideas persist in general parlance. For example, consider (see Hendry, 1995b):

E [yt | It−1] = ρE [zt | It−1] for ρ ∈ R. (1)

In (1),yt andzt are the ‘output’ and ‘input’ variables for an agent’s decision, given available information
It−1, whereE[·|·] denotes the conditional expectations operator. This equation satisfies the first sense
(i.e., is an exact relation), could satisfy the second and third depending on the state of nature (i.e.,ρ

might be invariant to changes in the generating process ofzt; and the equation could represent the
structure from which mappings ofyt andzt ontoIt−1 are derived); whenρ = ρ0, it satisfies the fourth;
and if a rational-expectations optimization theory underlay the equation, it could match the last as well.
Conversely, the same equation could fail on the last four senses ifρ was not invariant; the equation was
derived by solving a more ‘basic’ set of relations which werethe actual decision functions of agents;ρ

did not have a fixed population value; and was not a deep parameter.
I construe structure as the set of invariant features that directly characterize the economic mecha-

nism. This notion aims to capture the idea of permanence, within an economic ‘framework’ which is
hidden from direct view and needs to be uncovered (see Hendry, 1995a). The parameters of an eco-
nomic structure generally include those of agents’ decision rules. Then,θ defines a structure if it is
invariant and directly characterizes the relations of the economy under analysis (i.e., is not derived from
more basic parameters). Structure, therefore, entails a correspondence between model and reality that
is not fully open to independent testing. Even so, a parameter can be structural only if it is constant
(invariant to an extension of the sample period), remains the same under policy interventions or natural
experiments (invariant to changes elsewhere in the economy), and is not altered by extensions of the
information set (invariant to adding variables to an analysis). A ‘parameter’ that changed with policy
interventions would be non-constant over time; and one thataltered with model specification would
not be a well-defined entity. Thus, all three conditions are required, but as these aspects are open to
empirical scrutiny, necessary conditions for structure are testable, even if sufficient ones are not.

Succinctly, ‘LSE’ focuses on structure as invariance underextensions of the information set over
time, across regimes, and for new sources of information. Whether the model corresponds to agent
behavior is less easily tested, but indirect evidence can beobtained by testing theoretically-based re-
strictions. However, since structure is a relation betweenan empirical model and reality, theoryper se
cannot endow structure, although it may lead to a model that does. Conversely, aspects of structure are
amenable to empirical discovery (see the examples in Hendry, 1995b), so as Frisch (1933) expressed
it, the ‘mutual penetration of quantitative economic theory and statistical observation’ must have center
stage.
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3.1 Finding structure

Given this characterization of structure, how can it be discovered? As a correspondence between in-
variant features of reality and an empirical model, an investigator needs at least one of the following
ingredients:

a) brilliance;
b) creative ability;
c) luck.

Empirical econometric modeling usually draws on all three.1 Fortunately, it has some supportive com-
panions: steadily improving economic theory, accumulating empirical evidence, and advances in econo-
metric instruments. These have no precedence ordering whenundertaking new empirical research:
which it is best to exploit most in any historical period depends on how good that companion happens
to be: contrast phlogiston theories of combustion with thermodynamics as a theory basis; and biology
pre and post microscopes. In general, to discover, and to evaluate claimed discoveries, all three interact
and mutually complement each other. They underlie the progressive accumulation of knowledge that is
the hallmark of any science.

In this context, the ‘LSE’ econometric approach is ‘theory neutral’ in that one can apply it after
any economic theory or postulated model starting point, whether it be RBC, VAR, or Keynesian macro-
systems. Any viable empirical methodology must be neutral in that sense. For example, in an RBC
approach, one can check theories of technology shocks beingthe source of non-stationarity (corre-
sponding to common factors of unity in Sargan, 1980), or the constancy over time of the ‘key moments’
to be matched; in VARs, one can check the constancy of the ‘parameters’ of interest (e.g., impulse re-
sponse patterns in subsamples); in Keynesian models, the dynamics and error specifications can also
be tested. Thus, one can embed economic-theory models in general empirical representations to check
if the former matches the salient features of the latter. Later, one can test the outcome against new
evidence, perhaps simplifying the model to improve evaluation power. Obviously, many non-‘LSE’ ap-
proaches also embody tests of auxiliary hypotheses – see,inter alia, the Bayesian approach in Florens,
Mouchart and Rolin (1990) – so it does not claim a monopoly.

If the postulated model is a truly brilliant characterization of the behavior of the relevant agents, it
will pass all the specification and mis-specification tests,subject to the inevitable caveat about Type-I
errors. But what if it fails at a significance level far beyondpossible rationalization as a Type-I error?
Either an anomaly must be tolerated or some form of revision undertaken (see§2 above). Unfortunately,
one cannot uniquely infer the causes of failure from the observed outcome (a variant of the Duhem–
Quine thesis: see e.g., Cross, 1982). Thus, one implicationof the ‘LSE’ approach, on which Faust
and Whiteman also seem to concur, is “do not patch”: a specific-to-general approach with randomly-
determined stopping rules does not work well in practice (see e.g. Anderson, 1971, and Mizon, 1995).
Rather, rejection implies ‘back to the drawing board’ for all ingredients. Conversely, repeatedly postu-
lating and rejecting a sequence of models ignoring previousreject information could be an endless and
fruitless process. Thus, a framework for accumulating and consolidating knowledge is essential: mini-
mal re-usage of available data is most desirable precisely when aggregate experimentation is expensive
and difficult. A structured modeling approach helps do so (§6.1 discusses model simplification).

The next key issue is whether structure is identifiable, and to resolve that I first reconsider the general
problem of identification.

1There is no uniquely best way to discover structure, and ‘LSE’ does not claim such, but seeks to place this aspect of the
debate in the context of the research efficiency of alternative strategies.
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4 Identification

Identification has three distinct attributes: ‘uniqueness’, ‘correspondence to the desired entity’, and
‘satisfying the required interpretation (of a theory model)’. As an example, any regression of quantity on
price delivers a unique function of the data second moments,so satisfies the first attribute. However, such
a regression need not correspond to any underlying demand orsupply behavior, and may be a composite
of several relations as in textbook illustrations. Further, despite being a composite, the outcome may
be incorrectly interpreted as a supply schedule due to a positive sign on price. In practice, the meaning
of ‘identified’ usually entails all three notions, as in ‘Have you identified the parameters of the money-
demand function?’ – i.e., is it unique, a demand schedule, and maps how agents behave.

The first sense of identification was used by the Cowles Commission (Koopmans, Rubin and Leip-
nik, 1950) when formalizing the conditions for the uniqueness of coefficients in simultaneous systems.
This is the sense on which Faust and Whiteman focus in their discussion of rank and order conditions,
checking if there are other (linear) combinations of the relations in the system that also satisfy the restric-
tions on the equation of interest. If so, then the claimed equation is not unique and hence not identified.
Conditions for the correspondence of a model’s parameters to those of the DGP are not easily specified,
but usually one can directly check the interpretation of parameters in the light of a theory.

It is well known that the rank condition is not necessary for identification when other forms of
restriction exist (see e.g., Fisher, 1966, and Hausman, 1983). Further, the rank condition is not sufficient
for the two other attributes of identification just discussed. Perhaps the most baffling aspect of the Faust
and Whiteman ‘critique’ is the conjunction of their claims that covariance restrictions are frowned upon
in the ‘LSE’ approach, and that ‘LSE-style’ models are not identified by the rank condition. Many
of the ‘LSE’ models which they seek to criticize are based on economic theories in which agents act
contingently on the available information. Faust and Whiteman seem suspicious of such an approach,
and that is their privilege: the proof of empirical puddingslies in their eating, not a priori views. But
‘suspicion’ does not justify their ignoring the fact – of which they are well aware – that such models are
uniquely identified by conditioning. Given such identification, then other hypotheses become testable;
the equations in question are not identified by that other information. In the context of systems modeling,
full information maximum likelihood will fail unless the rank condition is satisfied, so ‘prior’ knowledge
is certainly required, and§2 discussed that issue.2

For example, when ‘LSE’ single-equation models are identified (in the Cowles’ sense) by condition-
ing, predicated on that, constancy and invariance can be tested, as can other auxiliary hypotheses if the
model specification is not rejected. Genuine tests always require new evidence, which accrues steadily
over time, and hence can be conducted systematically. For example, when a new structural break has
occurred in one area of the economy, invariance of other relations can be tested. If the equations pass,
then their evidential basis is strengthened; for those thatfail, then as always in science, better ideas are
needed (although large data revisions may sometimes reinstate models later).

Their confusion about ‘LSE’ views on identification seems tostem from not differentiating within-
theory from between-theory discrimination, so I turn next to clarify that issue.

4.1 Insufficiency of over-identification to determine structural models

Despite the rigor of the Cowles developments on identification, uniqueness on the rank condition is
insufficient to determine whether a given model actually corresponds to the underlying structure. For

2PcFiml was the first computer program to formally check for rank conditionsprior to undertaking FIML estimation: see
Hendry, Neale and Srba (1988).
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example, all just-identified ‘structural’ equations are unique, are not rejectable against their ‘reduced
form’, and have several representations which are observationally equivalent. It follows inexorably that
finding an equation which is identified by the rank condition does not ensure that it corresponds to
the underlying structural model, even when that model satisfies the theory restrictions. This problem
is exacerbated when the reduced form does not characterize the data, so none of the observationally-
equivalent representations is in fact structural.

Now I have reached the issue that concerns ‘LSE’ econometricians, which is not some unjustifiable
attempt to ‘redefine’ the Cowles’ results. Several models can be over-identified, satisfy the rank condi-
tion, and not fail over-identification tests empirically, even when such models conflict theoretically (see
Hendry and Mizon, 1993). Thus, the rank condition is insufficient for the three attributes, although it
is sufficient for uniqueness within theories. Readers may beforgiven for thinking that the exposition
they are offered on the rank condition is complete, as Faust and Whiteman claim to consider all linear
transformsR of (Γ : B) in their equation (3) to establish whether the uniquely admissibleR is R = I.
When (Γ : B) are unconstrained, (RΓ : RB) comprise all linear systems. Otherwise, admissibleRs
are relative to the restrictions on the given (Γ : B) so no longer span all relevant linear models. The
‘LSE’ concern is that there can be other (Γ

∗ : B∗) which have their own (but different) over-identifying
restrictions such that onlyR∗ = I is admissible for them. This proliferation problem is exacerbated by
modelers using different selections of the unmodeled variablesZt and dynamic specifications, so that
Xt vectors differ, combined with a failure to test the adequacyof the reduced form.

If the world were a weakly stationary process, and several such models were postulated, empirical
evidence would not discriminate between them. Consistencyover one time period would virtually en-
sure consistency over another. This is the stage onto which the regime-shift analysis enters: by inducing
structural change in parts of the economic system, some non-structural representations will cease to
be invariant. In terms of Faust and Whiteman’s translation into ‘extra instruments’, by disturbing the
status quo, the new variables reveal which (falsely-claimed) structures can be rejected. As an analogy,
if the solar system were truly stationary, alternative models thereof would be hard to discriminate: but
a massive object perturbing orbits would undoubtedly allowrejection of some models (perhaps causing
mayhem to humanity en route – as some bad economic policies have done historically).

4.2 Identifying structure

By 1938, Frisch had evolved a theoretical viewpoint which hethought entailed that structure would be
unidentifiable (see Frisch, 1938, and the commentary offered in Hendry and Morgan, 1995). As an
example of unidentified structure, consider the system:

qt − αpt − λmt = β′

1zt + v1,t (2)

mt − φpt = β′

2zt + v2,t (3)

pt = β′

3zt + v3,t. (4)

Here thezt are ‘exogenous’ in every sense, and thevi,t are errors about which nothing is known. When
there are no restrictions onβ1, then (2) is not identifiable, since within this specification, the rank
condition is definitive. However, consider a setting where no one knew thatmt mattered, so it failed to
enter any analyses, delivering the non-structural system:

qt − (α− λφ) pt =
(

β′

1
+ λβ′

2

)

zt + v1,t + λv2,t (5)

pt = β′

3zt + v3,t. (6)
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It is easy to imagine situations where theories correctly specify sufficient elements ofβ′

1 + λβ′

2 to
be zero, such that (5) isidentifiable on the rank condition in the bivariate process. Equation (5) may even
be interpretable (e.g., as a demand equation whenα− λφ < 0), but it obviously does not correspond to
the structure. As argued in Hendry and Mizon (1993), such ‘spurious’ structures can be detected using
structural breaks induced by natural experiments and policy changes. Both (Elmer) Working and Frisch
understood this problem, given their concept of identification: see Working (1927) and Frisch (1938).
The breaks are not needed to ‘uniquely identify’ (5) in its bivariate system by the rank condition; they
are needed to determine if it is a structure at all.

Surprisingly, Faust and Whiteman seem to take it for grantedin their identification discussion that
the exogeneity status of theirZt variable is certain. I now consider that issue.

5 Weak exogeneity

Their discussion of this topic suggests a failure to understand either the logic of conditioning or the
associated concept of weak exogeneity. Indeed, their discussion of weak exogeneity is so riddled with
errors and incorrect assertions that this section of the ‘translation’ has transmogrified into a new chapter
of fiction. One is tempted to adopt Keynes (1936) famous quotefrom Henrik Ibsen’sWild Duck: “The
wild duck has dived down to the bottom ... and bitten fast holdof the weed and tangle... and it would
need an extraordinarily clever dog to dive after and fish her up again.” (p183, 1961 edition). However,
the importance of the issue enforces a clarification.

Weak exogeneity concerns inference with no loss of information in conditional models. There are no
generic implications for “estimation methods”, or “estimation efficiency”. A failure of weak exogeneity
may be of little relevance in some settings because the resulting loss of information is trivial, but in
others can induce inconsistency, as in least-squares estimation of a single equation with endogenous
regressors. Examples spelling out these points are provided in Engle, Hendry and Richard (1983).

Their misunderstandings of weak exogeneity may stem from their confounding the existence of
parametric dependence across conditional and marginal models, with the imposition (or not) of the re-
sulting restrictions. A violation of weak exogeneity can gofar beyond the ‘estimation inefficiency’ of
not imposing valid restrictions. This is because two conditions are needed for the weak exogeneity of
a conditioning variablezt for a parameter of interestµ. The first is thatµ can be obtained from the
conditional model alone; the second is that the parameters of the conditional and marginal models are
variation free. The latter usually requires the absence of cross-equation restrictions, but the absence of
cross-equation restrictions does not necessarily entail weak exogeneity. For example, the parameter of
interest may not be derivable from the conditional model even when all restrictions are used. Ignor-
ing theexistenceof some parameter dependencies can produce conditional models with non-constant
coefficients which do not correspond to the parameters of interest in agent behavior: there are many
illustrations of this in Hendry (1995a), from which the following example is adapted.

Consider the static bivariate normal distribution:
(

yt

zt

)

∼ IN2

[(

µ1

µ2

)

,

(

σ11 σ12

σ12 σ22

)]

. (7)

The five parameters of (7) are denoted byθ ∈ Θ ⊆ R
5 whereθ = (µ1 : µ2 : σ11 : σ12 : σ22)

′: all the
elementsθ are assumed to be variation free, beyondΣ = (σij) being positive definite. Both variables
are endogenous in the context of (7), but that does not preclude conditioning. Let the economic theory
model entail a linear relation between the planned outcome and the expected value ofzt, so:

µ1 = βµ2, (8)



8

whereβ is the parameter of interest andµ2 = E[zt] 6= 0. From (7) and (8):

E [yt | zt] = µ1 + σ12σ
−1

22
(zt − µ2) = (β − δ) µ2 + δzt, (9)

whereδ = σ12σ
−1

22
. The conditional variance isω2 = σ11 − δσ21. Thus, the parameters of the condi-

tional and marginal densities are:

(

[β − δ] µ2 : δ : ω2
)

′

and (µ2 : σ22)
′ . (10)

This factorization involves five parameters, so there are nowithin, or across, equation restrictions, and
no implied restrictions on (7). Nevertheless,zt is not weakly exogenous forβ in (9) unlessβ = δ;
indeed,β cannot be learned from that conditional model alone whenβ 6= δ. However,β can be learned
from the joint density (7) using (8) sinceβ = µ1/µ2. In their ‘translation’ (and any original), least
squares applied to (9) is inconsistent forβ.

Under weak exogeneity:
E [yt | zt] = βzt, (11)

requiring:
σ12 = βσ22. (12)

This population covariance restriction may, or may not, hold depending on agent behavior. If it does
hold, there is no loss from conditional inference – and the resulting equation is uniquely ‘identified’.

Next I consider non-constancy. If weak exogeneity does not hold at all points in time, and the
parameters(µ2, σ22) change due to policy intervention, then so would the parameters in the conditional
model (9). This example shows the importance of the violation of weak exogeneity, even when there are
no actual ‘cross-equation restrictions’ on the parametersof the conditional model (although there are
mappings that letβ be disentangled from(β − δ)µ2 using the parameters of the joint distribution (7)).
Further, consider redefining(β − δ)µ2 as a new parameterψ, and claiming the parameters of interest
are
(

ψ : δ : ω2
)

, so thatzt becomes weakly exogenous for
(

ψ : δ : ω2
)

by construction. This would not
prevent predictive failure resulting when(µ2, σ22) changed. This class of examples is the reason I focus
on super exogeneity (i.e., weak exogeneity plus invariance) as more fundamental. Since these are issues
at the level of the process, not empirical modeling, words such as ‘valid’ are well defined,paceFaust
and Whiteman.

Let us turn now to “covariance restrictions”. Written as a model, (11) becomes:

yt = βzt + vt where E [vt | zt] = 0. (13)

Consequently, writing (7) as:
(

yt

zt

)

=

(

µ1

µ2

)

+

(

ε1,t

ε2,t

)

,

thenE [vtε2,t] = 0: hence my surprise at their remarks about “frowning” on covariance restrictions,
and their ignoring such restrictions when discussing identification. In their ‘translation’, equation (13)
is identified by such a restriction here, as is the general conditional equation (9) even when the zero
intercept is not imposed. The usual problem of covariance restrictions being invariant only for orthog-
onal rotations does not arise here, as the factorizations are always conditional/marginal. It is one thing
to dislike this approach; but that hardly justifies a long discussion claiming a lack of identification that
does not seriously address the approach used: this ‘translation’ is a highly expurgated rendering.
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A further issue of substance that Faust and White misunderstand is the relation between weak exo-
geneity and simultaneity. The existence of simultaneity doesnot preclude weak exogeneity in a condi-
tional model. Consider the following bivariate DGP for the vectorxt = (yt : zt)

′:

yt = βzt + ε1,t

∆zt = ρ (yt−1 − βzt−1) + ε2,t

(14)

when∆zt = zt − zt−1, and:
(

ε1,t

ε2,t

)

∼ IN2

[(

0

0

)

,

(

σ2

1
γσ1σ2

γσ1σ2 σ2

2

)]

= IN2 [0,Σ] . (15)

This is an integrated-cointegrated process (see e.g., Engle and Granger, 1987, Johansen, 1988, Phillips,
1991, Banerjee, Dolado, Galbraith and Hendry, 1993, and Hamilton, 1994), with the dynamics of the
second equation explicitly specified as in Hendry (1995c). The first equation is to be modeled, with
the parameterβ of interest. LetIt−1 denote available lagged information, then from (15) and (14),
normalizingσ1 = σ2 = 1, the conditional expectation ofyt given(zt,It−1) is:

E [yt | zt,It−1] = βzt + γ∆zt − γρ (yt−1 − βzt−1) . (16)

Whenρ = 0:
E [yt | zt,It−1] = βzt + γ∆zt. (17)

from whichβ can be learned without loss, and the parameters of the conditional and marginal processes
are variation free. Thus, despite simultaneous shocks whenγ 6= 0 (i.e., E[ztε1,t] 6= 0), zt is weakly
exogenous forβ.

Conversely, even ifγ = 0, so:
E [yt | zt,It−1] = βzt, (18)

and hence the conditional equation is both correctly specified and coincides with the equation determin-
ing agent behavior, nevertheless whenρ 6= 0, zt is not weakly exogenous forβ. The consequence in this
case is that inference, such as tests of hypotheses aboutβ, can be badly distorted, for example, rejecting
the correct hypothesis 50% of the time at the 5% level.

Thus, this section refutes the claim by Faust and Whiteman that the ‘LSE’ procedure is hanging by
its own bootstraps, or is a smoke ring suspended in thin air. The associated models are identified; other
restrictions are testable from such identified models; structural breaks play a key role in revealing non-
structural representations; and weak exogeneity sustainsinference with no loss of relevant information,
a state of nature not precluded by simultaneity.

6 Theory of reduction

The theory of reduction is the centerpiece of Hendry (1995a). It investigates what happens statistically
as information is eliminated from the vast complexity of reality to obtain empirical models. As such,
the theory operates at the level of the population, as opposed to the sample. For example, it corresponds
to a study of regression theory, when the data generation process is given; not to the application of least
squares to a sample where the generating process is unknown.

This theory offers an explanation for the origin of all empirical models, including any that might
be espoused by Faust and Whiteman, ‘RBCers’, or ‘VAR’ builders. Nowhere do they so much as note
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this essential point: rather, as remarked above, they conflate population and sample throughout their
analysis.

One value-added aspect of the theory of reduction is that almost all the fundamental concepts of
econometrics arise as corresponding to no loss of information from particular reductions. For exam-
ple, Granger non-causality (Granger, 1969) is needed to justify marginalizing with respect to lagged
information on variables to be excluded from the analysis. Thus, this theory delivers the comprehen-
sive taxonomy of evaluation information, the null hypotheses of which are the most-frequently tested
aspects of empirical econometrics. Since the theory of reduction is a logical analysis of population prop-
erties of procedures, the notion of ‘validity’ is well defined. Tests of the validity of reductions apply
here, in exactly the same sense as one would test the validityof assuming serially uncorrelated errors
in a Neyman–Pearson framework: the term validity qualifies the status of the hypothesis in the theory,
not the outcome in practice since there is always a non-zero null rejection frequency of tests in finite
samples.

Hendry (1995a) is clear on the distinction between different levels of econometric analysis, namely
what applies when investigating the logical status of methods, as in probability theory; how these meth-
ods work when the model is correctly specified, as in estimation theory; and what can be said when the
model does not coincide with the mechanism, but needs to be discovered from theory and evidence, as
in modeling theory.

This sample/population confusion is disastrously inimical to any claimed ‘translation’: it is akin to
ignoring the gender distinction when translating English into French. For example, general-to-specific
modeling is one implementation of the theory of reduction inan empirical setting. It does not have the
strong basis of the latter, and while it appears to perform well in practice (see Hoover and Perez, 1996),
and avoids important research inefficiencies, it is not immutable.

6.1 General-to-specific modeling

The distinction between the initially-postulated generalmodel and the final simplified model is also lost
in their translation, adding to the confusion. The former issubject to mis-specification tests in most
empirical approaches. If these tests reject, then there is no more point in continuing than there would be
in an RBC approach where the ‘key moments’ did not match at all, or a VAR approach with substantive
residual autocorrelation and non-constant impulse responses. Outright failureab initio is bound to entail
revision of model, data, or method in any approach that seeksto characterize empirical evidence. When
used once on a virgin data set, with the outcome reported irrespective of accept/reject, such tests have a
Neyman–Pearson justification. Otherwise, inall approaches they become indices of congruency, since
the design of the empirical model is a function of the ‘test’ information: this problem is not unique to
the ‘LSE’ approach as Faust and Whiteman seem to imply.

Some of the tests are for potential mis-specifications, usually directed to checking if the initial errors
have ‘well-behaved’ properties. In part, this is to ensure that specification tests have their anticipated
distributions, but a more important reason, which Faust andWhiteman do not mention, is that otherwise,
a multitude of sins can be camouflaged. For example, functional-form mistakes will often manifest
themselves as residual heteroskedasticity, so it is anon sequiturto interpret the latter as deriving from
error heteroskedasticity. Similarly, dynamic mis-specification will result in serially-correlated errors,
and if the latter are found, the former cannot be excluded. Onthe other hand, when the dynamics
entail a serially-independent innovation, that does not rule out an autoregressive-error interpretation,
providing the appropriate common factors exist in the dynamic representation (see Sargan, 1980, and
Hendry and Mizon, 1978). As noted above, this idea has applications to testing RBC claims about
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the behavior of postulated technology shocks, so is far fromspecific to the ‘LSE’ approach (for once,
this idea is explicitly associated with the LSE, albeit thatSargan conceived of it prior to going there!
See Sargan, 1964). When the initial tests do not reject, later reuse checks that model simplification is
acceptable, so they become diagnostic indices. Certainly,the vast gulf in our views about the role of
testing is well exemplified by one of the best jokes in the paper, namely, their idea (under ‘Dictate 4’) that
estimates of a claimed parameter of unity being 0.5 in one period and 2 in another are ‘less supportive’
of the theory than a constant value of unity. When the standard errors of the two estimated parameters
exceed 10 (say), such a result would tell us nothing beyond the hopeless extent of the uncertainty; but
when standard errors are less than 0.01, the associated theory would seem worthless, and may even be
dangerous if the sample average is unity.

There are three main reasons for simplifying the initial model rather than stopping. First, to allow
interpretations of the parameters in the light of theoretical analyses: see Hendry, Leamer and Poirier
(1990). Secondly, a model that ‘mops up’ data variation by a profligate parameterization may be difficult
to reject despite considerable mis-specification, and simplification can increase the power to detect this.
Finally, and closely related, the Scylla and Charybdis of modern time-series econometrics are theory-
dependence and sample-dependence: when the former is excessive, advances in theory can lead to the
discarding of hard-won econometric evidence, and when the latter dominates, extensions to the sample
can induce model change, again vitiating what was previously believed. The initial general model seeks
to mitigate theory becoming a strait-jacket, rather than a productive companion; and simplification
attempts to reduce excessive sample dependence.

The value of any empirical study depends almost entirely on the goodness of the model’s specifi-
cation as a representation of what is being modeled, rather than on the modeling approach. A bad start
will not become a good end just because a clever simplification strategy is used, even if a good start may
be wrecked by poor modeling. In their study of the usefulnessof general-to-simple strategies when the
generating process is a special case of the initial model, Hoover and Perez (1996) find a simplification
procedure based on encompassing works well, and helps determine a choice of model that is gener-
ally close to the generating mechanism, despite a proliferation of competing ‘explanatory’ variables.
Further, there are increasingly useful developments underpinning data-based modeling: see e.g., White
(1997). The converse, of employing ‘theory-based restrictions, even if not strictly correct’, depends on
how wrong the restrictions are for the purpose in hand. But only empirical evidence can tell us that,
which takes us full circle to the need to test the assertions in question, and in turn entails checking if the
basis on which they are tested is valid. I do not see in the Faust–Whiteman approach how they can tell
what inferences are reliable and what unfounded, without relying on the belief that their theory models
are correct before confronting data evidence. Such assumedomniscience has not proved to be a sound
basis in any discipline historically, and bids fair to return us to scholasticism — a time when most effort
was devoted to ‘translations and critiques’ rather than advances.

7 Policy analysis

For econometric analyses to deliver sustainable and usefulpolicy advice requires:

(a) causality, so the instrument variables affect the target outcomes;
(b) constancy, so the policy claims are not wrecked by concomitant changes in agent behavior;
(c) invariance, so the policy itself does not alter behavior(i.e., the critique in Lucas, 1976);
(d) an accurate model, so that advice is not radically altered by extending the information set.
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I am ‘deeply suspicious’ of any policy analyses based on theoretical models that lack strong empir-
ical corroboration. There are four reasons for such suspicion. First, theory-based causal links may not
hold in reality, so that the entailed policy conclusions aremisleading. To make viable policy statements,
the targets and instruments must be causally linked in practice: simply asserting they are in a theory
model, and including them with significant coefficients in empirical models, is not adequate — see the
critique in Granger and Deutsch (1992). Secondly, the assumptions in the theory about the constancy of
the model’s parameters may not hold empirically, so the magnitudes of the policy claims are incorrect:
remember the Faust–Whiteman example of treating as unity a parameter that is the average of 0.5 and
2. Next, the variables in the theory may not be a complete specification of the system, and unmodeled
interdependencies may vitiate the policy claims. Only careful empirical evaluation can ascertain the
validity or otherwise of such claims. Finally, there are invariably rival policy views, and when these
are implemented in models, encompassing can be used to evaluate their mutual claims: see Mizon and
Richard (1986) and Gourieroux and Monfort (1994). Absent such evaluation, or failure thereon, and the
policy debate is reduced to assertion.

7.1 ‘LSE’ policy conclusions

As just emphasized, the causal issue must come first, and cannot be determined by theory alone. Faust
and Whiteman – reread your claims about policy advicewhen in fact there is no causal link. Absent any
actual link, and all the statements are unsustainable. The first objective of the ‘LSE’ approach has been
to develop methods of ascertaining whether such links exist. There is no claim that it is easy to do so;
merely that, without an empirical basis, policy assertionsare a hazardous basis on which society might
proceed, however much a subgroup may believe in their theoretical views. Perhaps the approach strives
too much to avoid the syndrome of “fools rush in where angels fear to tread”, but the converse of “act
in haste and repent at leisure” is not very appetizing.

It may surprise Faust and Whiteman to learn that the form of model which they so dislike, and claim
to be useless for policy, is in fact used by most European policy agencies, such as Central Banks, Trea-
suries, etc. The address by Anders–Møeller Christiansen ofthe Danish Central Bank to the Copenhagen
University City-of-Culture Conference documented that claim for European Central Banks’ studies of
money demand. Moreover, from the mid-1970s onwards, many macro-econometric systems switched
to developing equations using general-to-specific approaches embodying ‘error-correction’ mechanisms
(see, among many others, H.M. Treasury, 1980). Indeed, as Faust is at the ‘Fed’, he is in an excellent
position to compare their macro-econometric model today with that of the early 1980s: does he really
claim that the model has not been substantively influenced bythe ‘LSE’ approach?

Once causal links are (tentatively) established, various policy implications do follow. Certainly,
the relevant equations may need to be embedded in the system-wide context for many policy purposes.
Nevertheless, some implications were drawn in the money-demand examples Faust and Whiteman se-
lect. First, in Hendry (1985), from the worse empirical fit oftax-adjusted interest rates compared to
unadjusted (consistent with tax evasion on income paid gross of tax), I concluded that when interest was
forced by law to be paid net, own rates on money would jump close to competitive rates. As Figure 1
records from the time series on outside and own rates over 1980–89, this is precisely what occurred with
the introduction of interest-bearing sight deposits, paidpost-tax, in 1984. The resulting opportunity cost
falls sharply, as the second panel shows.

Now Faust and Whiteman dismiss this work as “uncontroversial” and by innuendo, not as convincing
as other evidence. The theoretical implications of a near-zero opportunity cost of holding money are
spelt out in Sprenkle and Miller (1980), namely an almost unbounded precautionary demand. Thus,
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Figure 1 Competitive and own interest rates in the UK.

the consequent leap in money holdings can be seen after the event to be a portfolio adjustment, not a
precursor to inflation: to see how “uncontroversial” that implication is, perhaps they should read the
evidence summarized in Hendry (1981). Moreover, in the faceof a monetary explosion, it is crucial
to understand its causes for interest rate policy, and henceeconomic growth or recession: compare the
views on an earlier “monetary explosion” in Friedman (1983). Our analysis correctly assigns the UK
case to portfolio adjustment, and therefore shows no need for a rise in interest rates. Since M1 grew at
15–20% p.a., but only depended on the interest-rate differential, there was plenty of scope for serious
policy errors in trying to ‘control’ it by raising the level of interest rates.

Their second and third implications concern the direction of causation between money and inflation,
an issue which is central to the meaning of monetary policy. If money is endogenously determined by
the private sector in response to the income and price levelsand opportunity costs which agents face, it
is unclear what attempts to change the money stock hope to achieve. This answers some of Faust and
Whiteman’s later questions, albeit not in a way they may like: absent causation of the form desired by
a policy maker seeking to manipulate the economy, and the outcome will not be what is anticipated. Of
course, such models cannot answer what will happen to unemployment when that variable was not in
the model under analysis; but embedding the relevant equations in a system would allow quantitative
scenario studies, with some expectation that the results would not be distorted by invariance failures.

Figure 2 shows US data on changes in the 1-month T-bill rate, highlighting the period during the
New Operating Procedures. Since the interest-rate coefficient in the Baba, Hendry and Starr (1992)
model estimated prior to 1979, is unaffected by such large changes, and induced no ARCH effects in
the residuals, what explains its constancy if the response is not from the structure of agent behavior?
It is difficult to understand such invariance when it is asserted not to reflect agents’ responses. Later
evidence in Hess, Jones and Porter (1997) shows the model didnot remain constant through the 1990s,
so it remains too simplistic to capture the relevant behavior, since collinearity, model mis-specification,
and a lack of parsimonyper secannot explain predictive failure — breaks somewhere are needed: see
Hendry and Doornik (1997). As an analogy, if a spacecraft is hit by a meteor, and knocked off course,
previous forecasts from NASA would be falsified, and a modification required. This outcome is only
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dependent on the forecast-period event, not on the quality of NASA’s forecasting algorithm, although
that could be criticized for failing to allow for accidents.Nevertheless, theories of gravitation would
not be refuted by the forecast failure, nor would methods of modeling in engineering or astrophysics
(except perhaps to robustify future spacecraft against such shocks if the costs do not prove prohibitive).

8 Rhetoric and substance

The multiple redundancies in their title alert the reader tothe implicit views of Faust and Whiteman:
I take their humor to be an attempt to enliven what can be a tedious topic, rather than the scoundrel’s
refuge of seeking to demean what they dislike by tricks of language when lacking substance. Never-
theless, their use of language to prejudice reader’s attitudes is regrettable. For example, the claim that
the ‘LSE’ approach is essentially about ‘single’ equations (their first paragraph, emphasis added), in
contrast to RBC, VAR, and large-scale econometric systems,is unreasonable. Prior to the mid-1980s, in
order to understand the main issues in empirical modeling ofeconomic time series, the ‘LSE’ approach
sought to isolate problems in the simplest context of one equation. Once the key concepts, tools, and
approaches were developed, the analysis was explicitly extended to systems (see e.g., Hendry, 1986, and
Hendryet al., 1988). Since Faust and Whiteman reference several system-based analyses, their focus
on pre-system methods is not based on lack of knowledge.

When the ‘LSE’ approach uses a VAR as its initial model, but seeks to focus on a subset of equations
deemed to be of interest, they call the remaining equations ‘auxiliary, cursory’. This apparent criticism
applies even when the whole system of which they are part has been rigorously evaluated: so do all VAR
equations have that status?

Cointegration restrictions are called ‘purely statistical’: this again will not do. The theory of cointe-
gration evolved from modeling long-run relations derived from economic theory: see for example, the
optimization model of the behavior of UK Building Societies(akin to Savings and Loans Associations)
in Hendry and Anderson (1977). Clive Granger documents its later evolution in his recentEconometric
TheoryInterview. Worse still are comments with implicit innuendos such as “What is remarkable about
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the insistence on weak exogeneity in this (the cointegration) context is that in general the estimation of
the cointegrating relationship in isolation (that is, inefficiently) still results in a superconsistent estimate
...” as if that meant anything. Presumably the reader is invited to imagine that superconsistency is suf-
ficient for “good” estimation in some sense. Yet Faust and Whiteman are well aware of the simulation
results for superconsistent estimators in Banerjee, Dolado, Hendry and Smith (1986) showing small-
sample biases in excess of 50% of the parameter to be estimated when weak exogeneity is violated.

8.1 Citations

Citation studies can be a useful bibliographic source, but need to be carefully undertaken as the choice
of which papers to investigate is central to a successful appraisal. Unfortunately, Faust and Whiteman
fail to do so, perhaps because of their tight budget constraint. Since ‘Hendry (1985)’ and ‘Hendry
(1991)’ in Table 1 are not listed in their references, I am unsure what papers are intended. Using Sims
(1986) to represent his work selects a paper that is not in a mainstream journal. To see the extent of the
misrepresentation, contrast the citations for the first major ‘LSE’ paper applying the evolving modeling
methodology, namely Davidson, Hendry, Srba and Yeo (1978),and the first by Sims (1980) emphasizing
VAR modeling: there are gross citations of more than 400 and almost 800 respectively. “Some would
find this fact to be of central relevance to the section”. I suspect these last two papers have also seen
much more cross-referencing than those Faust and Whiteman select.

9 Conclusion

As a ‘translation’, the paper by Faust and Whiteman falls into the genre in which ‘the spirit is willing,
but the flesh is weak’ in one language comes out as ‘the vodka isstrong, but the meat is rotten’ in
another. The difficulty is not so much that ‘translations’ are best done from a complete command of
both languages, which few possess, but that errors in translated documents remain glaring to native-
language speakers. Stephen Jay Gould (1991) provides several powerful examples of how a misleading
view of a topic can emerge from secondary sources alone beingconsulted; interested readers would
do well to read some of the originals. However, many of Faust and Whiteman’s substantive errors and
claimed criticisms have been corrected above.

‘LSE’ models are identified in the Cowles’ sense of uniqueness; restrictions are tested given iden-
tification; structural breaks are used to reveal non-structural, but identified representations; and weak
exogeneity sustains inference without loss of relevant information on the parameters of interest. The
initial general model is subject to mis-specification testing, and simplifications are used to enhance in-
terpretability and increase power to detect mis-specification, as well as reduce sample dependence. Such
methods are applicable to almost all initial formulations,and examples were offered for its application
to RBC and VAR approaches.

As a critique, the Faust and Whiteman paper lacks substance,is incorrect in important aspects, con-
founds different concepts and modes of analysis, and offersno viable or coherent alternative. Certainly,
one can make telling points in a nihilistic assault, but the authors clearly wish to make policy pro-
nouncements at the end of their analyses, so incoherence is aserious problem for them. They seem not
to realize that the implications of the approach they seek toevaluate apply to other methods of empirical
modeling in economics. Indeed, they have fallen for the famous Guinness advert – they have not tried
it because they don’t like it. I can but reiterate their conclusion that: “Finding improved ways to exploit
economic theory while thoroughly examining the empirical properties of the models would surely be
beneficial”. However, they may find that I parse it differently.
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