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Abstract

The paper responds to the claimed criticisms in Faust andémlain (1997) of the ‘LSE’ ap-
proach to empirical macro-econometrics. Their bold attetimmter-relate ‘alternative methodolo-
gies’ is undone by misconceptions which lead them to in@benclusions. To clarify the analysis,
the notion of structure is reviewed to underpin sustainabometric relations, then identification
and exogeneity are reconsidered. The theory of reductidmardelling strategies are examined, as
is the basis for policy. The results rebut their claims, amuficm 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 consider&ieteinvestigating the ‘LSE’ approach to
dynamic econometric modeling. Since criticism is the liégll of science, | welcome their discussion.
One must applaud their attempt to inter-relate ‘altermativethodologies’ for obtaining evidence in
empirical economics. There are important areas of agreebetween us, as in our joint doubts about
‘specific-to-general’ modeling strategies that lack pssigned stopping rules, and the recommendation
that “Finding improved ways to exploit economic theory vehihoroughly examining the empirical
properties of the models would surely be beneficial”. Equ#tiere are major areas of disagreement, as
in our views about the identification of ‘LSE’ models, andtsirsable bases for policy analyses. Such
an exchange of ideas is doubtless part of the process for@sdélee opening address &conometrica
by Schumpeter (1933): “Theoretic and ‘factual’ research afithemselves find their right proportions
... by positive achievement”.

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

The paper focuses on eight aspects of their discussion, iEneconsiders their general views about
RBC and VAR approaches in comparison to the ‘LSE’ approadtoBdly, it analyzes the notion of
structure (invariance under extensions of the informasienover time, across regimes, and for new
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sources of information), and discusses how to find strugtusmpirical research, to develop sustain-
able econometric relations. It then turns to identificatiib® application when rival models exist, and
the identifiability of structure, thereby elucidating treder which structural breaks play in modeling.
Because of the central role of weak exogeneity in most ecetricrapproaches, the concept is clarified,
and its relation to simultaneity, and ‘efficient estimatianalyzed. The theory of reduction and em-
pirical modeling strategies are then examined, togeth#r thie basis for drawing policy implications

in economics. Finally, | comment on some rhetorical deviggesd by Faust and Whiteman, rebut their
citation claims, and conclude.

2 Alternative modeling approaches

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

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

From the outset, they have missed the main message of the d@ffoach: embed empirical
econometric modeling in a progressive research strategyendil the available evidence and theoretical
insights are utilized in a mutually interactive approacheif implicit attitude that only a single ‘one-off’
study occurs is a travesty of empirical modeling in econaml€they dislike the fact that science is a
progressive sequence of learning about the coherenceafdébend evidence by sequentially updating
both, as well as the instruments used, they need to offemaali@anew paradigm, not pretend that some
approaches can avoid the need to revise when adverse r@suftaind.

3 Structure

To clarify the basis of the ‘LSE’ approach to determiningtairsable empirical economic relations, | first
consider two other key areas which Faust and Whiteman rtegkamely, structure and its determination.
This will let us examine their claims about the identifialjilof the resulting models.



The concept of structure has many meanings in economettibegan by denoting a set of exact
relations (Frisch, 1934), then evolved to mean a system\@friemt (autonomous) equations which
characterized the behavior of economic agents (Haavel@l,land Wold and Juréen, 1953). Later, it
became an entity (called a structural model) to be conttasith a system having derived parameters
(called a reduced form): see Koopmans (1950). Structurealsasbeen employed as a synonym for
the population valu@, of an unknown parameté ¢ © (see Bardsen and Fisher, 1993, and Juselius,
1993). Another usage connotes ‘being derived from interpigral optimization by economic agents’,
so such a structure aims to embody the ‘deep parameterse oélvant theory (see e.g., Kydland and
Prescott, 1991).

Parts of all these ideas persist in general parlance. Fongeaconsider (see Hendry, 1995hb):

Elye | Z—1] = pE [zt | Ti—1] for p € R, 1)

In (1), y, andz, are the ‘output’ and ‘input’ variables for an agent’s demisigiven available information
7,1, whereE[-|-] denotes the conditional expectations operator. This emuaatisfies the first sense
(i.e., is an exact relation), could satisfy the second aird ttepending on the state of nature (i.e.,
might be invariant to changes in the generating process;oand the equation could represent the
structure from which mappings gf andz; ontoZ;_, are derived); whep = py, it satisfies the fourth;
and if a rational-expectations optimization theory unalethe equation, it could match the last as well.
Conversely, the same equation could fail on the last fousesifp was not invariant; the equation was
derived by solving a more ‘basic’ set of relations which were actual decision functions of agents;
did not have a fixed population value; and was not a deep péeame

| construe structure as the set of invariant features thattly characterize the economic mecha-
nism. This notion aims to capture the idea of permanencdjiwén economic ‘framework’ which is
hidden from direct view and needs to be uncovered (see Hed@8ba). The parameters of an eco-
nomic structure generally include those of agents’ degisides. Theng defines a structure if it is
invariant and directly characterizes the relations of tmnemy under analysis (i.e., is not derived from
more basic parameters). Structure, therefore, entailsraspmndence between model and reality that
is not fully open to independent testing. Even so, a parantete be structural only if it is constant
(invariant to an extension of the sample period), remaiasttme under policy interventions or natural
experiments (invariant to changes elsewhere in the ecoyamny is not altered by extensions of the
information set (invariant to adding variables to an ariglysA ‘parameter’ that changed with policy
interventions would be non-constant over time; and one altated with model specification would
not be a well-defined entity. Thus, all three conditions &guired, but as these aspects are open to
empirical scrutiny, necessary conditions for structueetastable, even if sufficient ones are not.

Succinctly, ‘LSE’ focuses on structure as invariance uredg¢ensions of the information set over
time, across regimes, and for new sources of information.etAér the model corresponds to agent
behavior is less easily tested, but indirect evidence caoblb@ined by testing theoretically-based re-
strictions. However, since structure is a relation betwaeempirical model and reality, theopgr se
cannot endow structure, although it may lead to a model thes.dConversely, aspects of structure are
amenable to empirical discovery (see the examples in Hed®§5b), so as Frisch (1933) expressed
it, the ‘mutual penetration of quantitative economic tlyeand statistical observation’ must have center
stage.



3.1 Finding structure

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

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

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

In this context, the ‘LSE’ econometric approach is ‘theogutnal’ in that one can apply it after
any economic theory or postulated model starting point,tirrat be RBC, VAR, or Keynesian macro-
systems. Any viable empirical methodology must be neutrdhat sense. For example, in an RBC
approach, one can check theories of technology shocks be@gource of non-stationarity (corre-
sponding to common factors of unity in Sargan, 1980), or trestancy over time of the ‘key moments’
to be matched; in VARS, one can check the constancy of tharpeters’ of interest (e.g., impulse re-
sponse patterns in subsamples); in Keynesian models, tierdgs and error specifications can also
be tested. Thus, one can embed economic-theory models énadempirical representations to check
if the former matches the salient features of the latter.et, aine can test the outcome against new
evidence, perhaps simplifying the model to improve evangbower. Obviously, many non-‘LSE’ ap-
proaches also embody tests of auxiliary hypotheses -irgeealia, the Bayesian approach in Florens,
Mouchart and Rolin (1990) — so it does not claim a monopoly.

If the postulated model is a truly brilliant characteripatiof the behavior of the relevant agents, it
will pass all the specification and mis-specification testject to the inevitable caveat about Type-I
errors. But what if it fails at a significance level far beygpaksible rationalization as a Type-I error?
Either an anomaly must be tolerated or some form of revisiatettaken (seg2 above). Unfortunately,
one cannot uniquely infer the causes of failure from the nlesEoutcome (a variant of the Duhem-—
Quine thesis: see e.g., Cross, 1982). Thus, one implicatidhe ‘LSE’ approach, on which Faust
and Whiteman also seem to concur, is “do not patch”: a speoHgeneral approach with randomly-
determined stopping rules does not work well in practice gsg. Anderson, 1971, and Mizon, 1995).
Rather, rejection implies ‘back to the drawing board’ fdriagredients. Conversely, repeatedly postu-
lating and rejecting a sequence of models ignoring previeject information could be an endless and
fruitless process. Thus, a framework for accumulating amsalidating knowledge is essential: mini-
mal re-usage of available data is most desirable preciskgnvaggregate experimentation is expensive
and difficult. A structured modeling approach helps dos&l( discusses model simplification).

The next key issue is whether structure is identifiable, amdgolve that | first reconsider the general
problem of identification.

'There is no uniquely best way to discover structure, and ‘Ld®Es not claim such, but seeks to place this aspect of the
debate in the context of the research efficiency of altereatirategies.



4 |dentification

Identification has three distinct attributes: ‘uniquefe&rrespondence to the desired entity’, and
‘satisfying the required interpretation (of a theory models an example, any regression of quantity on
price delivers a unique function of the data second momsatsatisfies the first attribute. However, such
a regression need not correspond to any underlying demasupply behavior, and may be a composite
of several relations as in textbook illustrations. FurtltErspite being a composite, the outcome may
be incorrectly interpreted as a supply schedule due to &ymosign on price. In practice, the meaning
of ‘identified’ usually entails all three notions, as in ‘Hayou identified the parameters of the money-
demand function?’ —i.e., is it unique, a demand schedule n@aps how agents behave.

The first sense of identification was used by the Cowles CosianigKoopmans, Rubin and Leip-
nik, 1950) when formalizing the conditions for the uniquenef coefficients in simultaneous systems.
This is the sense on which Faust and Whiteman focus in th&dudsion of rank and order conditions,
checking if there are other (linear) combinations of thatiehs in the system that also satisfy the restric-
tions on the equation of interest. If so, then the claimedaéqn is not unique and hence not identified.
Conditions for the correspondence of a model's parameatdafwse of the DGP are not easily specified,
but usually one can directly check the interpretation oapeaters in the light of a theory.

It is well known that the rank condition is not necessary fieritification when other forms of
restriction exist (see e.g., Fisher, 1966, and HausmarR)188irther, the rank condition is not sufficient
for the two other attributes of identification just discuksBerhaps the most baffling aspect of the Faust
and Whiteman ‘critique’ is the conjunction of their clainigt covariance restrictions are frowned upon
in the ‘LSE’ approach, and that ‘LSE-style’ models are nadntified by the rank condition. Many
of the ‘LSE’ models which they seek to criticize are based conemic theories in which agents act
contingently on the available information. Faust and Whae seem suspicious of such an approach,
and that is their privilege: the proof of empirical puddings in their eating, not a priori views. But
‘suspicion’ does not justify their ignoring the fact — of whithey are well aware — that such models are
uniquely identified by conditioning. Given such identificat, then other hypotheses become testable;
the equations in question are not identified by that othermétion. In the context of systems modeling,
full information maximum likelihood will fail unless the nék condition is satisfied, so ‘prior’ knowledge
is certainly required, angR discussed that issie.

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

Their confusion about ‘LSE’ views on identification seemstiam from not differentiating within-
theory from between-theory discrimination, so | turn nextlarify that issue.

4.1 Insufficiency of over-identification to determine strud¢ural models

Despite the rigor of the Cowles developments on identificatuniqueness on the rank condition is
insufficient to determine whether a given model actuallyesponds to the underlying structure. For

2pcFiml was the first computer program to formally check farkraonditionsprior to undertaking FIML estimation: see
Hendry, Neale and Srba (1988).



example, all just-identified ‘structural’ equations aréque, are not rejectable against their ‘reduced
form’, and have several representations which are obsemadlty equivalent. It follows inexorably that
finding an equation which is identified by the rank conditiaresl not ensure that it corresponds to
the underlying structural model, even when that model f&adishe theory restrictions. This problem
is exacerbated when the reduced form does not charactbezeata, so none of the observationally-
equivalent representations is in fact structural.

Now | have reached the issue that concerns ‘LSE’ econonatgcwhich is not some unjustifiable
attempt to ‘redefine’ the Cowles’ results. Several modefshmover-identified, satisfy the rank condi-
tion, and not fail over-identification tests empiricallye@ when such models conflict theoretically (see
Hendry and Mizon, 1993). Thus, the rank condition is insigfit for the three attributes, although it
is sufficient for uniqueness within theories. Readers majfolggven for thinking that the exposition
they are offered on the rank condition is complete, as FaudsWdhiteman claim to consider all linear
transformsR of (I" : B) in their equation (3) to establish whether the uniquely adibleR isR = 1.
When [ : B) are unconstrainedRT" : RB) comprise all linear systems. Otherwise, admissiRke
are relative to the restrictions on the givdn { B) so no longer span all relevant linear models. The
‘LSE’ concern is that there can be oth&*(: B*) which have their own (but different) over-identifying
restrictions such that onlR* = I is admissible for them. This proliferation problem is exaeted by
modelers using different selections of the unmodeled blasZ; and dynamic specifications, so that
X, vectors differ, combined with a failure to test the adequafcyre reduced form.

If the world were a weakly stationary process, and sevel@ suodels were postulated, empirical
evidence would not discriminate between them. Consistemey one time period would virtually en-
sure consistency over another. This is the stage onto wihéregime-shift analysis enters: by inducing
structural change in parts of the economic system, somestmootural representations will cease to
be invariant. In terms of Faust and Whiteman'’s translatido fextra instruments’, by disturbing the
status quo, the new variables reveal which (falsely-cldinstructures can be rejected. As an analogy,
if the solar system were truly stationary, alternative medeereof would be hard to discriminate: but
a massive object perturbing orbits would undoubtedly allej@ction of some models (perhaps causing
mayhem to humanity en route — as some bad economic policiesduene historically).

4.2 |dentifying structure

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

@ —api—Imy = Bz +viy (2
my—¢pr = Boz + Vot (3)
Pt = Bézt + V3. (4)

Here thez,; are ‘exogenous’ in every sense, and the are errors about which nothing is known. When
there are no restrictions ofi;, then (2) is not identifiable, since within this specificatiadhe rank
condition is definitive. However, consider a setting wheveone knew thatn; mattered, so it failed to
enter any analyses, delivering the non-structural system:

@—(a=Xp)pr = (,3,1 + )\,3,2) Zi + Vi + Avay (5)
pe = B3z + vay. (6)



It is easy to imagine situations where theories correctgcip sufficient elements g8 + \3, to
be zero, such that (5) identifiable on the rank condition in the bivariate procesgdtion (5) may even
be interpretable (e.g., as a demand equation whem¢ < 0), but it obviously does not correspond to
the structure. As argued in Hendry and Mizon (1993), suctrisps’ structures can be detected using
structural breaks induced by natural experiments andyohanges. Both (Elmer) Working and Frisch
understood this problem, given their concept of identiiorat see Working (1927) and Frisch (1938).
The breaks are not needed to ‘uniquely identify’ (5) in itgdbiate 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 gramigteir identification discussion that
the exogeneity status of thedr; variable is certain. | now consider that issue.

5 Weak exogeneity

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

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

Their misunderstandings of weak exogeneity may stem fragir tonfounding the existence of
parametric dependence across conditional and marginatlsjoalith the imposition (or not) of the re-
sulting restrictions. A violation of weak exogeneity canfgobeyond the ‘estimation inefficiency’ of
not imposing valid restrictions. This is because two caodg are needed for the weak exogeneity of
a conditioning variablez; for a parameter of interegt. The first is thatu can be obtained from the
conditional model alone; the second is that the parametdiseaonditional and marginal models are
variation free. The latter usually requires the absenceagfscequation restrictions, but the absence of
cross-equation restrictions does not necessarily entakvexogeneity. For example, the parameter of
interest may not be derivable from the conditional modehewten all restrictions are used. Ignor-
ing the existenceof some parameter dependencies can produce conditionalsnaith non-constant
coefficients which do not correspond to the parameters efést in agent behavior: there are many
illustrations of this in Hendry (1995a), from which the falling example is adapted.

Consider the static bivariate normal distribution:

DRI ..
Z o 012 022

The five parameters of (7) are denotedéby © C R where@ = (uy : po : 011 : 012 : 092): all the
elementsd are assumed to be variation free, beyahd= (o;;) being positive definite. Both variables
are endogenous in the context of (7), but that does not mteaanditioning. Let the economic theory
model entail a linear relation between the planned outcamdelze expected value 6f, so:

p1 = Bps, (8)



wheref is the parameter of interest apd = E[z;] # 0. From (7) and (8):

Elye | 2] :M1+0120§21 (2t — p2) = (B —9) po + 62, 9

whered = 01202‘21. The conditional variance is?> = 011 — do2;. Thus, the parameters of the condi-
tional and marginal densities are:

(B—0lpa:o: WQ)/ and (ug : 022)" . (10)

This factorization involves five parameters, so there arevitiain, or across, equation restrictions, and
no implied restrictions on (7). Nevertheless,is hot weakly exogenous fg# in (9) unlessg = §;
indeed,3 cannot be learned from that conditional model alone whef §. However,5 can be learned
from the joint density (7) using (8) sing@ = u1/ue. In their ‘translation’ (and any original), least
squares applied to (9) is inconsistent for

Under weak exogeneity:

Elye | 2] = Bz, (11)
requiring:
o12 = [o22. (12)

This population covariance restriction may, or may notdhadpending on agent behavior. If it does
hold, there is no loss from conditional inference — and tiseltsng equation is uniquely ‘identified’.

Next | consider non-constancy. If weak exogeneity does ot At all points in time, and the
parameters.o, 092) change due to policy intervention, then so would the pararaéth the conditional
model (9). This example shows the importance of the viatatibweak exogeneity, even when there are
no actual ‘cross-equation restrictions’ on the parameatéthe conditional model (although there are
mappings that let be disentangled frory3 — §) o using the parameters of the joint distribution (7)).
Further, consider redefining? — J) o as a new parametefr, and claiming the parameters of interest
are (1 : 6 : w?), so thatz; becomes weakly exogenous fap : 6 : w?) by construction. This would not
prevent predictive failure resulting whéps, o22) changed. This class of examples is the reason | focus
on super exogeneity (i.e., weak exogeneity plus invaripasenore fundamental. Since these are issues
at the level of the process, not empirical modeling, wordshsas ‘valid’ are well definedpaceFaust
and Whiteman.

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

Y = Bz + vy where E [’Ut | Zt] =0. (13)

<yt>:<ﬂ1>+<€1,t>’
2t K2 €2t

thenE [vie2¢] = 0: hence my surprise at their remarks about “frowning” on ciavece restrictions,
and their ignoring such restrictions when discussing ifleation. In their ‘translation’, equation (13)
is identified by such a restriction here, as is the generatliional equation (9) even when the zero
intercept is not imposed. The usual problem of covarians&ictions being invariant only for orthog-
onal rotations does not arise here, as the factorizatianslamys conditional/marginal. It is one thing
to dislike this approach; but that hardly justifies a longcdssion claiming a lack of identification that
does not seriously address the approach used: this ‘ttemsles a highly expurgated rendering.

Consequently, writing (7) as:



A further issue of substance that Faust and White misuratatds the relation between weak exo-
geneity and simultaneity. The existence of simultaneitgsthmt preclude weak exogeneity in a condi-
tional model. Consider the following bivariate DGP for thectorx; = (y; : )’

ye = Pz tey

(14)
Azy = p(yi—1 — PBz—1) + €2y

whenAz; = 2, — 2,1, and:

2
S TV B T2 = 1INy [0,3]. (15)
€2t 0 YOo109 b

This is an integrated-cointegrated process (see e.g.elmgl Granger, 1987, Johansen, 1988, Phillips,
1991, Banerjee, Dolado, Galbraith and Hendry, 1993, andiktam1994), with the dynamics of the
second equation explicitly specified as in Hendry (1995d)e Tirst equation is to be modeled, with
the parametep of interest. LetZ,_; denote available lagged information, then from (15) and,(14
normalizingo; = o9 = 1, the conditional expectation gf given (z;,Z;_1) is:

Elye | 2¢,T4—1] = Bz + vAz — vp (yr—1 — Bze—1) . (16)

Whenp = 0:
Elye | 26, Zi—1] = Bzt +7Az. (17)

from which 5 can be learned without loss, and the parameters of the comalitnd marginal processes
are variation free. Thus, despite simultaneous shocks wheno (i.e., E[z.e1 4] # 0), z is weakly
exogenous fop.
Conversely, even ify = 0, so:
Elyt | 2, Ze—1] = B, (18)

and hence the conditional equation is both correctly sgetdnd coincides with the equation determin-
ing agent behavior, nevertheless wheg 0, z; is not weakly exogenous fgt. The consequence in this
case is that inference, such as tests of hypotheses dbocaih 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 Whitemaintitte ‘LSE’ procedure is hanging by
its own bootstraps, or is a smoke ring suspended in thin ae. asociated models are identified; other
restrictions are testable from such identified modelscatral breaks play a key role in revealing non-
structural representations; and weak exogeneity sudtdgrence 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 (199Bajvestigates what happens statistically
as information is eliminated from the vast complexity oflitgato obtain empirical models. As such,
the theory operates at the level of the population, as ogptosihne sample. For example, it corresponds
to a study of regression theory, when the data generatiarepsds 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 enigat models, including any that might
be espoused by Faust and Whiteman, ‘RBCers’, or ‘VAR’ bugdéNowhere do they so much as note
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this essential point: rather, as remarked above, they tenflapulation and sample throughout their
analysis.

One value-added aspect of the theory of reduction is thab<tl@ll the fundamental concepts of
econometrics arise as corresponding to no loss of infoanmdtiom particular reductions. For exam-
ple, Granger non-causality (Granger, 1969) is needed tdyjusarginalizing with respect to lagged
information on variables to be excluded from the analysiBusl this theory delivers the comprehen-
sive taxonomy of evaluation information, the null hypote®f which are the most-frequently tested
aspects of empirical econometrics. Since the theory ofatemhuis a logical analysis of population prop-
erties of procedures, the notion of ‘validity’ is well deftheTests of the validity of reductions apply
here, in exactly the same sense as one would test the vadidggsuming serially uncorrelated errors
in a Neyman—Pearson framework: the term validity qualifiesdtatus of the hypothesis in the theory,
not the outcome in practice since there is always a non-zgiiaejection frequency of tests in finite
samples.

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

This sample/population confusion is disastrously inirhioaany claimed ‘translation’: it is akin to
ignoring the gender distinction when translating Englisio iFrench. For example, general-to-specific
modeling is one implementation of the theory of reductiominempirical setting. It does not have the
strong basis of the latter, and while it appears to perforhiw@ractice (see Hoover and Perez, 1996),
and avoids important research inefficiencies, it is not inable.

6.1 General-to-specific modeling

The distinction between the initially-postulated genenaldel and the final simplified model is also lost
in their translation, adding to the confusion. The formesudject to mis-specification tests in most
empirical approaches. If these tests reject, then them isare point in continuing than there would be
in an RBC approach where the ‘key moments’ did not match apa#h VAR approach with substantive
residual autocorrelation and non-constant impulse resgmrOutright failur@b initio is bound to entail
revision of model, data, or method in any approach that sietisaracterize empirical evidence. When
used once on a virgin data set, with the outcome reportespieaive of accept/reject, such tests have a
Neyman—Pearson justification. Otherwisealhapproaches they become indices of congruency, since
the design of the empirical model is a function of the ‘tesformation: 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, llysdiaected to checking if the initial errors
have ‘well-behaved’ properties. In part, this is to ensina specification tests have their anticipated
distributions, but a more important reason, which Faustahdeman do not mention, is that otherwise,
a multitude of sins can be camouflaged. For example, furatifmmm mistakes will often manifest
themselves as residual heteroskedasticity, so itnsrasequiturto interpret the latter as deriving from
error heteroskedasticity. Similarly, dynamic mis-speaifion will result in serially-correlated errors,
and if the latter are found, the former cannot be excluded. ti@nother hand, when the dynamics
entail a serially-independent innovation, that does ne# awt an autoregressive-error interpretation,
providing the appropriate common factors exist in the dyicampresentation (see Sargan, 1980, and
Hendry and Mizon, 1978). As noted above, this idea has agifiits to testing RBC claims about
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the behavior of postulated technology shocks, so is far fspetific to the ‘LSE’ approach (for once,

this idea is explicitly associated with the LSE, albeit tBargan conceived of it prior to going there!

See Sargan, 1964). When the initial tests do not reject, latese checks that model simplification is
acceptable, so they become diagnostic indices. Certaimdyyast gulf in our views about the role of

testing is well exemplified by one of the best jokes in the papamely, their idea (under ‘Dictate 4’) that

estimates of a claimed parameter of unity being 0.5 in onegend 2 in another are ‘less supportive’

of the theory than a constant value of unity. When the stahdaors of the two estimated parameters
exceed 10 (say), such a result would tell us nothing beyoadtipeless extent of the uncertainty; but
when standard errors are less than 0.01, the associatay theold seem worthless, and may even be
dangerous if the sample average is unity.

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

The value of any empirical study depends almost entirelyhengoodness of the model’s specifi-
cation as a representation of what is being modeled, ratlaeran the modeling approach. A bad start
will not become a good end just because a clever simplificaiategy is used, even if a good start may
be wrecked by poor modeling. In their study of the usefulrdggeneral-to-simple strategies when the
generating process is a special case of the initial modedyetoand Perez (1996) find a simplification
procedure based on encompassing works well, and helpsrdeéer choice of model that is gener-
ally close to the generating mechanism, despite a prdliferaf competing ‘explanatory’ variables.
Further, there are increasingly useful developments wil@ng data-based modeling: see e.g., White
(1997). The converse, of employing ‘theory-based regtrist even if not strictly correct’, depends on
how wrong the restrictions are for the purpose in hand. Biy empirical evidence can tell us that,
which takes us full circle to the need to test the assertiomméestion, and in turn entails checking if the
basis on which they are tested is valid. | do not see in thetFallsteman approach how they can tell
what inferences are reliable and what unfounded, withdying on the belief that their theory models
are correct before confronting data evidence. Such assomegscience has not proved to be a sound
basis in any discipline historically, and bids fair to retws to scholasticism — a time when most effort
was devoted to ‘translations and critiques’ rather tharaades.

7 Policy analysis

For econometric analyses to deliver sustainable and ugefigy advice requires:

(a) causality, so the instrument variables affect the tasgteomes;

(b) constancy, so the policy claims are not wrecked by cortaminchanges in agent behavior;
(c) invariance, so the policy itself does not alter behatiier, the critique in Lucas, 1976);

(d) an accurate model, so that advice is not radically altbseextending the information set.
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I am ‘deeply suspicious’ of any policy analyses based onrétaal models that lack strong empir-
ical corroboration. There are four reasons for such suspidrirst, theory-based causal links may not
hold in reality, so that the entailed policy conclusionsmisleading. To make viable policy statements,
the targets and instruments must be causally linked in ipeacsimply asserting they are in a theory
model, and including them with significant coefficients ingncal models, is not adequate — see the
critique in Granger and Deutsch (1992). Secondly, the aggans in the theory about the constancy of
the model’'s parameters may not hold empirically, so the ntages of the policy claims are incorrect:
remember the Faust-Whiteman example of treating as unigraeter that is the average of 0.5 and
2. Next, the variables in the theory may not be a completeifspatiton of the system, and unmodeled
interdependencies may vitiate the policy claims. Only ftdrempirical evaluation can ascertain the
validity or otherwise of such claims. Finally, there aredrigbly rival policy views, and when these
are implemented in models, encompassing can be used taev#heir mutual claims: see Mizon and
Richard (1986) and Gourieroux and Monfort (1994). Absechsevaluation, 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, andtchametermined by theory alone. Faust
and Whiteman — reread your claims about policy adwben in fact there is no causal linkkbsent any
actual link, and all the statements are unsustainable. Ttehjective of the ‘LSE’ approach has been
to develop methods of ascertaining whether such links.eXisére is no claim that it is easy to do so;
merely that, without an empirical basis, policy assertiaresa hazardous basis on which society might
proceed, however much a subgroup may believe in their ttiear@iews. Perhaps the approach strives
too much to avoid the syndrome of “fools rush in where angeds fo 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 afehahich they so dislike, and claim
to be useless for policy, is in fact used by most Europeartyaljencies, such as Central Banks, Trea-
suries, etc. The address by Anders—Mgeller Christians#reddanish Central Bank to the Copenhagen
University City-of-Culture Conference documented thairol for European Central Banks’ studies of
money demand. Moreover, from the mid-1970s onwards, margyyoreconometric systems switched
to developing equations using general-to-specific apmemembodying ‘error-correction’ mechanisms
(see, among many others, H.M. Treasury, 1980). Indeed, st Faat the ‘Fed’, he is in an excellent
position to compare their macro-econometric model todai thiat of the early 1980s: does he really
claim that the model has not been substantively influencetidit SE’ approach?

Once causal links are (tentatively) established, varicalgy implications do follow. Certainly,
the relevant equations may need to be embedded in the systicontext for many policy purposes.
Nevertheless, some implications were drawn in the moneyatel examples Faust and Whiteman se-
lect. First, in Hendry (1985), from the worse empirical fittak-adjusted interest rates compared to
unadjusted (consistent with tax evasion on income paidsgrb&x), | concluded that when interest was
forced by law to be paid net, own rates on money would jumpectoscompetitive rates. As Figure 1
records from the time series on outside and own rates ové-B38 this is precisely what occurred with
the introduction of interest-bearing sight deposits, paist-tax, in 1984. The resulting opportunity cost
falls sharply, as the second panel shows.

Now Faust and Whiteman dismiss this work as “uncontrovEraral by innuendo, not as convincing
as other evidence. The theoretical implications of a nees-ppportunity cost of holding money are
spelt out in Sprenkle and Miller (1980), namely an almostaumuled 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 ¢me tevbe a portfolio adjustment, not a
precursor to inflation: to see how “uncontroversial” thaplivation is, perhaps they should read the
evidence summarized in Hendry (1981). Moreover, in the fafce monetary explosion, it is crucial
to understand its causes for interest rate policy, and hec@meomic growth or recession: compare the
views on an earlier “monetary explosion” in Friedman (1983ur analysis correctly assigns the UK
case to portfolio adjustment, and therefore shows no naedlffige in interest rates. Since M1 grew at
15-20% p.a., but only depended on the interest-rate diffiale there was plenty of scope for serious
policy errors in trying to ‘control’ it by raising the levef aterest rates.

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

Figure 2 shows US data on changes in the 1-month T-bill raggnlighting the period during the
New Operating Procedures. Since the interest-rate cazffiéh the Baba, Hendry and Starr (1992)
model estimated prior to 1979, is unaffected by such largagés, and induced no ARCH effects in
the residuals, what explains its constancy if the respamis®t from the structure of agent behavior?
It is difficult to understand such invariance when it is aksgmnot to reflect agents’ responses. Later
evidence in Hess, Jones and Porter (1997) shows the modebtiidmain constant through the 1990s,
so it remains too simplistic to capture the relevant betragiace collinearity, model mis-specification,
and a lack of parsimonger secannot explain predictive failure — breaks somewhere aeele@: see
Hendry and Doornik (1997). As an analogy, if a spacecrafitibjna meteor, and knocked off course,
previous forecasts from NASA would be falsified, and a modifan required. This outcome is only
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Figure 2 Time series of changes in US 1-month bill interest rate.

dependent on the forecast-period event, not on the qudllNAGA's forecasting algorithm, although

that could be criticized for failing to allow for accidentdlevertheless, theories of gravitation would
not be refuted by the forecast failure, nor would methods ofleting in engineering or astrophysics
(except perhaps to robustify future spacecraft against shiocks if the costs do not prove prohibitive).

8 Rhetoric and substance

The multiple redundancies in their title alert the readetht® implicit views of Faust and Whiteman:

| take their humor to be an attempt to enliven what can be atsdiopic, rather than the scoundrel’'s
refuge of seeking to demean what they dislike by tricks ofleage when lacking substance. Never-
theless, their use of language to prejudice reader’s @titis regrettable. For example, the claim that
the ‘LSE’ approach is essentially abowsirigle equations (their first paragraph, emphasis added), in
contrast to RBC, VAR, and large-scale econometric systemsireasonable. Prior to the mid-1980s, in
order to understand the main issues in empirical modeliregohomic time series, the ‘LSE’ approach
sought to isolate problems in the simplest context of oneaggu. Once the key concepts, tools, and
approaches were developed, the analysis was explicithnded to systems (see e.g., Hendry, 1986, and
Hendryet al, 1988). Since Faust and Whiteman reference several sysieed 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, beksdo focus on a subset of equations
deemed to be of interest, they call the remaining equatiansiliary, cursory’. This apparent criticism
applies even when the whole system of which they are partéws tigorously evaluated: so do all VAR
equations have that status?

Cointegration restrictions are called ‘purely statidticthis again will not do. The theory of cointe-
gration evolved from modeling long-run relations deriveahi economic theory: see for example, the
optimization model of the behavior of UK Building Societigkin to Savings and Loans Associations)
in Hendry and Anderson (1977). Clive Granger documentsi&s levolution in his receriiconometric
Theorylnterview. Worse still are comments with implicit innuesdsuch as “What is remarkable about
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the insistence on weak exogeneity in this (the cointegnaiontext is that in general the estimation of
the cointegrating relationship in isolation (that is, fi@éntly) still results in a superconsistent estimate
..." as if that meant anything. Presumably the reader iggavio imagine that superconsistency is suf-
ficient for “good” estimation in some sense. Yet Faust andtévhan are well aware of the simulation

results for superconsistent estimators in Banerjee, Dola@ndry and Smith (1986) showing small-

sample biases in excess of 50% of the parameter to be eddinvhtn weak exogeneity is violated.

8.1 Citations

Citation studies can be a useful bibliographic source, bedrto be carefully undertaken as the choice
of which papers to investigate is central to a successfulagggd. Unfortunately, Faust and Whiteman
fail to do so, perhaps because of their tight budget comstraince ‘Hendry (1985)" and ‘Hendry
(1991) in Table 1 are not listed in their references, | amunasvhat papers are intended. Using Sims
(1986) to represent his work selects a paper that is not iniastneam journal. To see the extent of the
misrepresentation, contrast the citations for the firsom&jSE’ paper applying the evolving modeling
methodology, namely Davidson, Hendry, Srba and Yeo (1%#8) the first by Sims (1980) emphasizing
VAR modeling: there are gross citations of more than 400 amest 800 respectively. “Some would
find this fact to be of central relevance to the section”. Ipsas these last two papers have also seen
much more cross-referencing than those Faust and Whiteeteat.s

9 Conclusion

As a ‘translation’, the paper by Faust and Whiteman falls thie genre in which ‘the spirit is willing,
but the flesh is weak’ in one language comes out as ‘the vodk&rasg, but the meat is rotten’ in
another. The difficulty is not so much that ‘translationse &est done from a complete command of
both languages, which few possess, but that errors in &tmusldocuments remain glaring to native-
language speakers. Stephen Jay Gould (1991) providesabpaererful examples of how a misleading
view of a topic can emerge from secondary sources alone lweingulted; interested readers would
do well to read some of the originals. However, many of Fandt\Whiteman’s substantive errors and
claimed criticisms have been corrected above.

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

As a critique, the Faust and Whiteman paper lacks substaniceorrect in important aspects, con-
founds different concepts and modes of analysis, and affekgable or coherent alternative. Certainly,
one can make telling points in a nihilistic assault, but théhars clearly wish to make policy pro-
nouncements at the end of their analyses, so incoherenceeisoas problem for them. They seem not
to realize that the implications of the approach they se@vétuate apply to other methods of empirical
modeling in economics. Indeed, they have fallen for the fagn@uinness advert — they have not tried
it because they don't like it. | can but reiterate their cos@n that: “Finding improved ways to exploit
economic theory while thoroughly examining the empiricedperties of the models would surely be
beneficial”. However, they may find that | parse it differgntl
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