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Abstract

We review the roles of causality and exogeneity in macraientetric time-series modelling,
forecasting and policy; their inter-relationships; peabbk in establishing them empirically; the
importance played by non-stationarity in the data genamgprocess (DGP), and the relation of
causality to Granger causality. Although causality andgexeity need not be invariant features of
the DGP, they remain relevant in non-stationary processekinferences about them become easier
in some ways, though more difficult in others.

Keywords causality; exogeneity; non-stationarity; Granger chitysdorecasting; policy analysis
JEL classificationsE41, C52.

1 Introduction

Scientific knowledge is always and everywhere fallible. Tirstory of Newtonian gravitational theory
is the classic example—once deemed unassailable truthepedtedly confirmed by experiment, it is
now seen as an approximate model. Interestingly, that viaw iw fact first proposed by Adam Smith
(1795). ‘Causal knowledge’ is simply a special case of tieisagal problem, exacerbated by disputable
formulations of the concept, doubts about inference praae] and in economics, by the complexities
of data processes. This chapter considers causality istaionary macro-economic time-series, where
causality is viewed as ‘actually determining an aspect bBlmur’: exogeneity—the property of being
‘determined outside the system under analysis'—is alssidered, but primarily in relation to causality.
The literature on both concepts is vast, and thoroughlyugisiag it is well beyond the scope
of this chapter. However, many of the implications of camgand exogeneity were developed in
weakly-stationary systems, where it can be difficult to festtheir presence or absence. All modern
macro-economies are non-stationary from both stochasticlaterministic changes, often modelled as
integrated-cointegrated systems prone to intermittegntitral breaks—sudden large changes, invari-
ably unanticipated. In such non-stationary data genergtiocesses (DGPs), many results concerning

*Financial support from the UK Economic and Social ResearotnCil under grants RES-015-27-0035 and RES-000-
23-0539 is gratefully acknowledged. | am indebted for hdlgomments on an earlier draft to Nancy Cartwright, Mike
Clements, Clive Granger, Michael Massmann, Grayham MiZalrian Pagan, Franz Palm, Julian Reiss and Elliott Sober;
to participants at the 2001 EGneeting on ‘Causality and Exogeneity in Econometrics’ attain-La-Neuve; and to four
anonymous referees.



modelling, forecasting, and policy change substantialgitive to the stationary case. The primary dif-
ficult becomes that of establishing time invariant reladiups, but once that is achieved, the roles of
causality and exogeneity are often more easily ascertained

The precursor to the approach here lies in the theory of &stéwy developed in Clements and
Hendry (1999, 2002b) and reviewed in Hendry and Clemen83R0 hose authors are concerned with
the historical prevalence of forecast failure, defined agrafecant deterioration in forecast performance
relative to the anticipated outcome (usually based on tstical performance of a model): for doc-
umentation see (e.g.) Stock and Watson (1996) and Clemedtsl@ndry (2001b). The forecast-error
taxonomies established by the latter authors show that #ia sources of such forecast failures are
changes in coefficients of deterministic terms, or locasibifts. Structural breaks affecting mean-zero
variables pose fewer difficulties (see e.g. Hendry, 2008b)o mis-specification and mis-estimation
when breaks do not occur. Such results entail reconsidémgcausality and exogeneity apply when
empirical models are mis-specified for complicated, evmvand non-stationary DGPs. For example,
since one cannot prove that causal models need dominateeicakiing, neither forecast success nor
failure is informative about causal links. Nevertheleaspther settings, non-constancy can help deter-
mine causal direction.

The structure of the chapter is as follows. Section 2 dessribe econometric background, noting
some of the many salient contributions to the literatureerThection 3 reviews the three well known
forms of weak, strong and super exogeneity in relation tergrice, forecasting, and policy, and notes
their role in non-stationary systems. Analyzing exoggnist is convenient for section 4, which then
provides a similar approach for causality, before brieflgcdssing Granger causality, following the
overview in Hendry and Mizon (1999). Section 5 notes somislimetween exogeneity and causality.
Section 6 examines their role in forecasting, and sectiascuidses the roles of exogeneity and causality
in policy analyses. Section 8 concludes.

2 Background

Let (Q,F,P (-)) denote the probability space supporting a vectorrofliscrete-time, real random
variablesw;, with sample spacé) and event spacé; | at each timet € 7. The joint density
Dw, (w¢|Fi—1,A) for A € A C R?is the data generation process (DGP) of the economy undbssana
Theg-dimensional parameter (or ‘index) does not depend af;_; at anyt, but need not be constant
over time since\ is determined by economic agents’ decisions. The histoth@ftochastic process
{w,} up totime(t — 1) is denoted byW; ;| = (Wqo, wy,...,wy_1) = (Wo, W} ), whereWj is the
set of initial conditions. For a sample perioe- 1, ..., T, the DGP becomeBy (WL Wy, A), and is
sequentially factorized as:

T

Dw (Wi | Wo, A) = [ [ Dw, (we | Wi1,6,) (1)

t=1

wheregs(A) = (81 ...d7) for a 1-1 function gs(-). While the notation potentially allows the pa-
rameters of (1) to shift every period, we assume that suchggsare in practice intermittent. His-
torical sources of non-constancy are regime shifts (chamgeolicy), and technological, legislative,
behavioural and institutional structural breaks (shiftshie parameters of the system). Since economic
processes also evolve for many reasons{the} are likely to be integrated of at least first order (de-
noted|(1)). Thus, a key feature of (1) is the non-stationarity{&fw;} (or of { A%w,} if the level is



1(2)), with changing first and second data moments. BecBysé-) alters over time, all expectations
operators have to be time dated, a€jjw;] andV; [w;w}] for unconditional expectations and vari-
ances respectively. Such dating is separate from the timfiragny conditioning information, such as
W,_;. While D,,, (w¢|W;_1, §;) characterizes the generation of the outcomes, measuremers are
bound to add a further layer of complexity to empirical asely (especially of causality), but as they
are not germane to the conceptsr se the{w;} are assumed to be observed.

2.1 Local DGP

Reductions from the DGP fofw,} to that of the transformed subset of < m variables{x;} to
be analyzed can radically alter the causality and exogestitus of variables. In general (séster
alia, Hendry, 1995a, and Mizon, 1995), there exists a ‘local DBP'(x;|X;_1,~;) with v, € I C R
derived fromD,,, (w;|-) by aggregation, transformation, and marginalization wetpect to all excluded
current-dated and lagged variables. Map frepby an information-preserving transfor{-) such that
h(w;) = (x},n})". Thend; is transformed tdp}, ~;), such that:

DWt (Wt | Wi, 515) = Dm\xt (nt | Xt, Wi—1, pt) DXt (Xt | Wt—177t) : (2)

To restrict attention to the marginal modBl,, (-), without loss of information requires that:

Dy, (¢ | Wi—1,7¢) = Dy, (x¢ | Xi—1,74) (3

so that laggedy must be irrelevant. Finally, the < ¢ parameters of interest;, must be a function of
~, alone, sqp, does not provide information abotyi. For example, if important explanatory variables
are omitted from (3), ang, is non-constant, so will be the coefficients in (3) even whein (2) is
constant (see e.g., Hendry and Doornik, 1997). Such par@iaks are intrinsic to (2), and the usual
assumption that the parameters in models thereof areioarimee, so(v,, p,) € I'xR, is insufficient.
When (3) holds, it is fully informative about the roles of thariables; but in general, there will be a
loss of information from the elimination dfn, }, with a consequential (unintended) transformation of
the parameters.

2.2 The econometric mode

The econometric modé} (-) for x, is denoted by:

T
fx (X7 | Xo0,0) = [ [ f (x¢ | X;-1,6) where 6 € ® C R” (4)

t=1
whenf, (x;|X;_1, 0) is the postulated sequential joint density at tim&/e assume that < ¢ and that
0 represents the constant (meta)parameters postulate@ bydtiel builder. Inevitablyf, (-) # Dy, (+),
which may affect inferences about exogeneity or causalily. econometric model is congruent if it
matches the data evidence in all relevant directions, amdeBagps and Mizon (2003) show that such
a model would encompass the local DGP (denoted LDGP). Rudhsiccessful analysis requires that
1 = g, (0), and while achieving that goal is difficult, progressivesagh can glean important insights
even in processes that are not time invariant.

We ignore any complications related to the role of the ihit@nditions, W,.



3 Exogeneity

The notion of exogeneity, or synonyms thereof, in relat@ed¢onometric modelling dates back to the
origins of the discipline (see e.g., Morgan, 1990, and Hgmad Morgan, 1995), including important
contributions by Koopmans (1950) and Phillips (1957). Heedollow the approach in Richard (1980),
formalized by Engle, Hendry and Richard (1983): Ericss®9@) provides an exposition.

We assume thé (x;|X;_1,0) in (4) is a valid reduction to a congruent model of the LDGRJ an
partitionx; = (y; : z;) wherey; isn; x 1 andz; isny x 1 with n = n; + ng, with X;_; partitioned
accordingly agY;_1,Z;_1). To modely, conditional onz;, factorizef, (x;|X;_1, @) into a conditional
and a marginal density, transformifige © to ) € U:

¥ =gy (0) wherey € ¥ and 6 € ©, ()

such thagy, (-) is al-1 reparametrization which sustains the partitiph= (1 : ¢5), when,; hask;
elementgk; + ky = k), and:

o (x¢ | X4-1,0) = y|z (vt | 2e, Xi—1,%1) f2 (2 | Xi—1,92) - (6)

As only fy,(y¢|z:, X¢—1,;) is to be retained, the analysis gfis without loss of information relative
to (4) whenz; is weakly exogenous fou, namelyy = f(¢,) alone and(vy,,v,) € ¥ x Us.
Thus exogeneity is not a property of a variable: in (3), atialales are endogenous. Moreover, weak
exogeneity is just as relevant to instrumental variabléisnation, as the marginal density af then
relates to the distribution of the putative instruments:refyeasserting orthogonality is inadequate, as
illustrated by counter examples in Hendry (1995a, 1995c).

Strong exogeneity also requires the absence of feed batkléggedy; ; ontoz; so that:

T
T1f e | Xioa,9pa) = 2 (ZF | Xo, ) - (7)

t=1
Finally, super exogeneity requires weak exogeneity andriveiance ofu to changes inp,. As is
well known, the three concepts respectively sustain camdit inference; conditional multi-step fore-
casting? and conditional policy analysis (when components,adre policy instruments).

The absence of links between the parameter spéigeand ¥, is not purely a matter of model
specification, dependent on the parameters of interestaatite choice of the investigator. In some
settings, as neatly illustrated by Ericsson (1992), chantiie parameters of interest can deliver or lose
weak exogeneity. But in other settings, the LDGP determihesactual, as opposed to the claimed,
exogeneity status. Factorize (3) as:

Dy, (%t | Xi-1,7¢) = Dy,jz, (vt | 26, X1, #14) Dz, (e | X1, 24) (8)

Wheny enters bothp, , andg, , in (8), inference can be distorted if (6) falsely assertskiesageneity:
see e.g., Phillips and Loretan (1991). The consequenceslarfes of weak exogeneity can vary from
a loss of estimation efficiency through to a loss of paramasastancy, depending on the source of the
problem: see Hendry (1995a, ch. 5). We now illustrate botreexe cases.
First, consider an experimental setting where the GausgkeMaconditions might appear to be
satisfied so that:
y = ZB + € with € ~ Ny [0,071] (9)

2Projectingy 4, ontoxr_; also circumvents any feedback problem: see e.g., Bha2eglpj.



whenZ’' = (z;...z7) isaT x k matrix, ranKZ) = k, ande’ = (e; ... er), with:

Ely | Z] = ZB,

and henceE[Z'e] = 0. Nevertheless, OLS need not be the most efficient unbiasadatsr of 3.
An explicit weak exogeneity condition is required whéns stochastic, such th# cannot be learned
from its marginal distribution. Otherwise, an unbiasednestor which is an affine function of can
dominate, possibly dramatically: see Hendry (2003). Selgoif z; is simultaneously determined with
v, yet experiences a location shift, then a conditional modiel; givenz, (incorrectly treatingz; as
weakly exogenous) will have non-constant parameters éamgh the DGP equation fer; is constant.

Although it can be difficult to test exogeneity claims wheraomditional second moments are con-
stant over time, as Engkt al. (1983) note, despite only one specification corresponaingdility, both
main forms of non-stationarity (integrability and break¥gr the analysis as we now show.

First, cointegrated systems provide a major forum formgsbine aspect of exogeneity: seter alia,
Hunter (1992a, 1992b), Urbain (1992), Johansen (1992)adao(1992), Boswijk (1992), and Paruolo
and Rahbek (1999). Equilibrium-correction mechanismscivitiross-link equations violate long-run
weak exogeneity, confirming that weak exogeneity canno¢ssarily be obtained merely by choosing
the ‘parameters of interest’. Conversely, the presencegdfen disequilibrium term in more than one
equation is testable.

Secondly, processes subject to structural breaks susgtstis for super exogeneity and the Lucas
(1976) critique: see e.g., Hendry (1988), Fischer (1988yeFo and Hendry (1992), and Engle and
Hendry (1993). When conditional models are constant desfzsita moments changing considerably,
there isprima facie evidence of super exogeneity for that model’s parameterd;ilathe model as
formulated does not have constant parameters, resolvaigfalure ought to take precedence over
issues of exogeneity. However, while such tests are poWfnfuocation shifts, changes to ‘reaction
parameters’ of mean-zero stochastic variables are difficuletect: see (e.g.) Hendry (2000b).

Richard (1980) considers changes in causal direction,nsgered in section 5.1 in relation to
determining ‘causal direction’ through a lack of time ineace.

4 Causality

The concept of causality has intrigued philosophers fotemilia, so section 4.1 provides a brief in-
cursion into the philosophy of causality. Section 4.2 loaekshotions of causality in economic dis-
course, then sub-section 4.3 considers causal inferengleservational disciplines. Both statisticians
and economists have attempted to test for its existencejsasarticularly important if one is interested
in testing theories or conducting policy analysis: see Sifi®52), Zellner (1979), Hoover (1990) and
Hendry (1995a) for general discussions of causality andalainference in econometrics; and e.g.,
Holland (1986), Cox (1992) and Lauritzen and Richardso®22@n statistics. Finally, sub-section 4.4
evaluates the concept of Granger causality, and its emapingplementation. Section 5 considers links
between causality and exogeneity.

4.1 Philosophy of causality

As remarked in Hendry (1995a), ‘causality’ is a philosophimine field — even without the complexities
introduced by quantum physics, one-off events, anticypati ‘simultaneity’, and the issue that (e.g.)



changes may enlarge or restrict the opportunity sets oftagéro could choose to do otherwise than just
react mechanically. Thus, we will step as lightly as feasilthe increase in the prevalence of footnotes
signals the difficulty. Fortunately, Hoover (2001) prosden excellent discussion. In particular, he
notes that many analyses conflate the concept with inferaboat it, which he calls ‘the epistemic
fallacy’, essentially confusing truth with its criteriod/e will first consider the concept, briefly comment
on what makes something a cause, then turn to how one migitiaisccausal relationshigs.

What makes a cause just that? A cause is a quantitative gréitassinduces changes over time,
mediated within a structure. In turn, a structure is an writiat remains invariant to interventions
‘and directly characterizes the relationships involved.( corresponds to reality): see Hendry (1995a,
ch. 2)# The relation between cause and effect is asymmetric: the ddes not induce the former. The
‘causal field’ or structure is central, as changes to thatsire can alter what causes what.

This notion of cause is consistent with at least some eddenulations, such as Simon (1957,
chs. 1, 3) who formalizes causal order as an asymmetriaaelatvariant under interventions to the
‘basic’ parameters of the system; Cartwright (1989) whoukses ‘causal capacities’, such that causes
out need causes in (i.e., we need to postulate that caukaldiready exist); Hoover (1990) who argues
for invariance under interventions; and Hoover (2001) wheuse is an asymmetric relationship with
‘unconnected parameters’ within a causal structure thafésture of reality.

Our everyday thinking is replete with causal assertione:cr stopped because the driver braked,;
the atom disintegrated because it was hit by the proton; thespre of the gas rose because heat was
applied; output rose because interest rates fell;... Atlewel, such statements seem unexceptional.
Consider the first example: the brakes were first appliedpthaking system remained intact; the harder
the brakes were applied, the more the car slowed; the brédgsesl the car (not the car slowing ‘caused’
the brakes to come on). If the brake cable were cut (as in soondenstories), or the brake fluid was
too low (as happens in reality) and so on, pressing the brallalpvould achieve little: that system is
not invariant to such ‘interventions’. More fancifully,éltar might be attached to a cable, the tightening
of which *actually causes’ it to slow, so the braking is irmidal — causal discussion is often based on
thought experiments involving counterfactuals. More istighlly, it could be argued that the driver
caused the car to stop, or even that the trigger for the dpiressing the brakes was the cause... ‘Causal
chains’ may have many steps, with the ‘ultimate causes’iplyssidden from human knowledge.

Consequently, it is difficult to independently specify wimasakes something a cause. Given the
key role of the ‘causal structure’, causal connections reedeither necessary nor sufficient. The for-
mer (necessity) implies that il is to causeB, then notA entails notB; the latter (sufficiency) that
not-B entails notA. Counter examples to necessity arise when there are neufiggsible causes, as
in medicine — smoking causes lung cancer, but so might emviemtal pollution. Equally, sufficiency

3This organization partially follows Hoover’s discussidrHume, who distinguished between the conceptual, ontotgi
epistemological, and pragmatic aspects of causality. Eiocites Hume as complaining that his efforts at clarificatieated
[his] brain’, a view with which | sympathize.

“The perceptive reader will not miss the problem: it is imjinissto define systems that are invariant to all interversioen
else nothing would change. While that is a view of the worldaliiParmenides might have endorsed, Heraclitus would have
disagreed, since he regarded flux as so intense one canmosteyeinto the same river twice (on both views, see Gottlieb,
2000). Neither of theses settings is conducive to causalénte — but then neither seems realistic. However, Nanty@ght
has correctly noted that my definition is in the nature of ficieht condition to discern a cause, rather than definingeper
se For example, a rope can cause an object to which it is attizobeto move.

SConversely, the notion of a ‘causal chain’, in (say) Stratd &vold (1960), was shown to be insufficient to characterize
exogeneity by Englet al. (1983) precisely because it failed to specify the absentielaf between parameters.



crumbles if (say) whether or not lung cancer occurs in angrgismoker may depend on the quality
of their ‘DNA repair kit': a really good ‘kit" may continuayl repair the incipient damage so the dis-
ease never appears. Such examples reinforce that the I'émldacharacterizing the system and its
background conditions are central: economists are anyweag to the idea that non-stationarities and
non-linearities may mean that a cause sometimes has am, effiecsometimes does not, depending on
thresholds. But these are difficulties for inference abautsal links, not about causality as a concept.

It can be no surprise that ascertaining actual causes isutiffi My countryman, David Hume
(1758) tends to be the source of much thinking about the fopitime asserted that we canriatow
necessary connections in reality (my italics). The key wskhow, for therein lies the difficulty: causal
inference is uncertain (although, as Hoover, 2001, ndtesdid not stop Hume from arguing in ‘causal’
terms about economics). Just as we cannot have a critenidruth, yet science seeks for ‘truth’, so
with causal models, we cannot have a criterion for knowirad the necessary connections have been
ascertained. Hoover himself remarks (p24) that “our kndgieof reality consists of empirically based
conjectures and is necessarily corrigible”. Even greateblpms arise when inferring anything from
probability relations. Scientists — and economists — ofeemulate theory models with theory causal
connections between variables, test those models enilyir@ad if they are not rejected, use the theory
connections as if they held in reality: the ‘causes in’ comwenfthe theory, and the ‘causes out’ from
the evidence not rejecting that theory—rather a weak b&sikcy changes often provide the backdrop
for such testing, and play an important role below, so we toconomics.

4.2 Notions of causality in economics

Economists often conceptualize cause as a well-definedndepee in a theoretical model, such as
y = f(z), implying that a change in will induce a change iny: most recently, see Heckman (2000).
That approach suffers from four drawbacks. First, it is eakly circular, since a model would pre-
sumably not be ‘well defined’ if the relation in question digk sustain the conclusion. Secondly, some
form of asymmetry needs to be independently added so tlwa} ghenf (-) is invertible,y does not
then cause.. Thirdly, a theory can be well defined but irrelevant to thbdeour of the actual econ-
omy, whereas the objective of most economic analyses istidsshto infer some properties of reality.
Finally, a theory-dependent definition is insufficient t@acdcterize all the important examples of causal
links: for example, ‘aspirin’ clearly caused the removalheladaches even before the key ingredient
(acetylsalicylic acid) was isolated from willow-tree baylet there was no ‘well-defined model’ of how
it worked till very recently (see Weissmann, 1991). In angecdhe ‘superlative’ theories of the natural
sciences represent the outcome of close interaction betsigzessive theories and accumulating evi-
dence, sometimes reinterpreted retrospectively (segRegrose, 1989), not pure ‘a priori’ postulates
as to causal links. Thus, a more general formulation is reeede

The key point is that causality is a property of reality noaghodel: either does or does not cause
y, SO causality is not usefully defined purely in a theory ceintéConversely, commencing from ob-
servational evidence alone raises that frightening spettinferring causes from correlations’ which
worries so many economists, and is the subject of sectian Radher, in economics, theoretical im-
plications are tested against the observed correlatiorthodgh corroboration is clearly insufficient,
and rejection is not definitive, knowledge about possiblgsahlinks can accumulate by progressive

®Bibliographical references to him are also a bit of minefiakiHume often reissued essays or parts thereof undereditfer
titles and editions.



research, as has happened in other sciences.

An issue that is not necessarily problematic for the conediziation of causality, but is for practical
inference, is that action in anticipation of a change canknthe ‘true’ effect. For example, if the
Bank of England is expected to cut its interest rate, futuneskets may adjust in anticipation, so
nothing happens when the cut actually occurs. Indeed, scavsality’ tests might infer that the market
‘caused’ the Bank to react. Care is required here: it is thigipation which does the causing, not the
later outcome that was anticipated. The timing effect isemirbut hidden, and in (say) tests of Granger
causality (see section 4.4) might incorrectly suggesteliensal of the actual causal direction.

Potentially immense problems and benefits are raised bystadionarity. At one extreme, causal
relations themselves may be transient and render infereocgletely unreliable. Alternatively, by
‘excitation’ of the data space, considerable advantageki@ccrue, by refuting false attributions and
providing powerful evidence in favour of valid theories. Vésume this line in sections 5.1 and 7.1.

4.3 Causal inference in observational sciences

It may be thought that non-experimental research is at aseligadvantage for causal inference com-
pared to experimental (see Blalock, 1961, and Wold, 1969%ausal inference in non-experimental
research). While it is undoubtedly true in many cases thagficacious, well-designed and care-
fully controlled experiment can deliver important insighexperimental evidence may also mislead (see
Cartwright, 1983, for a general critical appraisal of plkgsilaws’ mainly derived from experiments).
Doll (2001) recounts the fascinating tale of how cigarett®king was implicated in lung cancer. Initial
suggestions in the 1920s of a possible connection (baseldeost¢ady rise in both) prompted a series
of laboratory ‘tests’ on animals, which failed to find anykinWhen Doll commenced his own observa-
tional study, he suspected that the widespread use of §a'raad surfacing material might be to blame,
and focused on testing that idea. Fortunately, he alsoatetledata on other aspects of the sample of
hospital patients investigated. Tabulating their smokingvalence against lung cancer incidence re-
vealed a dramatically strong connection. Later experisieabfirmed his finding. In retrospect, we can
understand why the early experiments had not found the thidee is a long latency between smoking
and contracting the disease, and the first experiments hHamensevered for sufficiently long, whereas
later investigators were more persistent. Doll provide®ssd other examples where theoretical or ex-
perimental analyses failed to suggest links whereas dastfdy of the observational data revealed the
causal connections.

Economists, of course, have long been aware of both spufsmesYule, 1897) and nonsense (see
Yule, 1926) correlations. Indeed, the claim that causa&rarice is hazardous from observational data
alone is buttressed by issues of observational equivalésee.g., Basmann, 1988), lack of identi-
fication, and model mis-specification (see e.g., Lutkepp®82). However, the potential dangers for
empirical research from these sources may have been oy#rasized: it is here that non-stationarities
due to DGPs suffering structural breaks begin to offer @mis, and not just complications. In a world
subject to intermittent large shifts, observational eglgmce and lack of unique identification seem
most unlikely: the problem is finding any autonomous refajonot a plethora of them. Model mis-
specification is manifestly ubiquitous, and poses problénsll aspects of inference, not just about

"Doll also highlights the possible dangers in such inferenciting the close observational link between cirrhosithef
liver and smoking, which we now know is intermediated by htiqa higher proportion of smokers drink heavily than non-
smokers).



causality. However, enhanced data variation can help tpndse mis-specification in a progressive
research strategy, namely an approach in which knowledg@adially accumulated as codified, repro-
ducible, information about the world without needing coetelprior information as to its nature (see
e.g., Hendry, 1995a, ch. 8, and Hendry, 2000a, ch. 8). Fanpbe location shifts in policy variables
that do not induce forecast failure in relationships limkthem to targets provide strong evidence of a
causal link: see section 7.

4.4 Granger causality

Most economic relations are inexact, so stochastic fortiama are inevitable, leading to both statistical
testing and, more fundamentally, to the idea of evaluatigsality in terms of changes to the joint
distributions of the observables. Granger (1969, 198084p®&as been the most forceful advocate
of such an approach: also see Chamberlain (1982), Newbh®&R}1Geweke (1984), Phillips (1988),
Florens and Mouchart (1982, 1985), Mosconi and Giannir®2).9and Toda and Phillips (1993, 1994).
Granger (1969) provided a precise definition of his concaltitough most later investigators followed
a different route. The fundamental basis for such testsaisdduses contain ‘special information’ about
effects not contained elsewhere in the information set;that‘time’s arrow’ is unidirectional — only
the past can cause the present, the future cannot. Antamgabf future events can influence present
outcomes, but absent a crystal ball, those must be funatibaxgailable information. Thus, ‘We inhabit
a world in which the future promises endless possibilitind the past lies irretrievably behind us.
(Coveney and Highfield, 1990, p297, who base the directiam on increasing entropy).

Specifically, Granger (1969) proposed that if in the uniges information, deleting the history
of one set of variables does not alter the joint distributadrany other variables, then the omitted
variables do not to cause the others: we refer to this prpparGranger non-causality (denoted GNC).
Conversely, knowing the cause should help forecast thegutu

(3) above required thaj did not Granger cause. There,Dy, (x; | Wy_1,~,) defined the ‘causal
structure’ which directly characterizes the relationshjpe., it is the DGP ok;); the causality takes
place in time, and is asymmetric (without precluding thatapposite direction may also hold); and the
past induces changes in other variables. Granger caygshiefore, has many attributes in common
with the earlier characterization of cause. However, teaasof invariance is not resolved, Granger’s
definition of causality does not explicitly involve paramet (see e.g., Engket al,, 1983, Buiter, 1984,
and Hoover, 2001), and contemporaneous links are esche@usequently, Granger causality does
not seem to completely characterize the notion of ‘causée &nticipations’ example in section 4.2
is sometimes cited as a counter example, but does not in if@letes the concept, and would anyway
confuse inference procedures for most definitions of céysatless the entire mechanism was known.

4.4.1 Empirical Granger non-causality

Perhaps most importantly, the definition of GNC is non-ofi@nal as it relates to thaniverseof in-
formation. Empirical tests for Granger causality are uguadsed on reductions withify (x;|X;_1, -),
often without testing its congruence. Hendry and Mizon @38efined empirical Granger non-causality
(EGNC) with respect to the information set generated f)} as follows. If the density, (-) does not
depend orY;_4, so that:

f2(ze | Xio1,) =2 (2¢ | Zi-1,Xo, ), (10)
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theny does not empirically Granger-causge Since causality in the LDGP need not entail that in the
DGP, and vice versa, it cannot be a surprise that the sameaei®trEGNC. Among the drawbacks of
EGNC, Hendry and Mizon (1999) list:

¢ the presence of EGNC in a model does not entail the existdnB&G in the DGP;

¢ the existence of GNC in the DGP need not entail the presen&GHfC in a model (see e.g.,
Hendry, 1997);

e the existence of GNC is specific to each point in time, butatetg EGNC requires extended
sample periods.

Any or all of these drawbacks can seriously confound emgditiests. The first two are important
results for interpreting empirical modelling, and are adtneertainly difficult to disentangle in station-
ary processes. However, concerning the third, if paranaktenge is a feature of reality, that is hardly
the fault of Granger’s conceptualization. In any case,tlooashifts in subsets of the variables should
help clarify what the genuine links are — bringing Grangerszéity close to the concept in section 4.1.
Hendry and Mizon (1999) also show that EGNC plays a pervasieein econometrics, irrespective of
whether or not there exist ‘genuine DGP causes’. They ithiiisttheir claim for ten areas of economet-
ric modelling, namely marginalizing; conditioning; distitions of estimators and tests; inference via
simulation; cointegration; encompassing; forecastimdjcp analysis; dynamic simulation; and impulse
response analysis. As their paper is recent, we skip thédgjetlthough several issues recur below.

5 Links of causality and exogeneity

Exogeneity is neither necessary nor sufficient for caysaditen in the DGP. A variable can be exoge-
nous for the parameters of interest in a given system, leiewrant — i.e., have a zero coefficient — so
sufficiency fails. Equally, a causal variable can operateuhh parameters linked such that exogeneity
is violated, so necessity fails as well. Engleal. (1983) noted that variables may be absent from the
conditional density, yet not be weakly exogenous, and dewed that Granger non-causality is neither
necessary nor sufficient for weak exogeneity, although samtieors have mistakenly viewed GNC as
sufficient for variables to be ‘exogenous’ (see e.g., SirB321 and Geweke, 1984). Empirically, mat-
ters are even less clear, since variables may act as praxikssed by invalid reductions, rather than
genuine ‘forces’.

None of these results entails that causality and exogeasstynconnected as shown by their inter-
acting roles in strong and super exogeneity respectivedg férmer was discussed above, but we have
one aspect of the latter still to explore.

5.1 Super exogeneity and causality

Super exogeneity augments weak exogeneity by the requirtetimat the parameters of interest be in-
variant to shifts in the parameters of the marginal distrdsu Such a condition is far stronger than

‘variation freeness’, and is more like the condition of ‘@mbndent parameters’ used in the causality
formulation of Hoover (2001). If causality correspondediteegular response that was invariant under
interventions, then super exogeneity would embody sewdrdie key elements of causality. Simon

(1952, 1953) used the invariance of a relationship undenientions to an input variable as an opera-
tional notion of cause, as did Hoover (1990).
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Consider the conditional model:

DYt|Zt (Yt | zt, Xt-1, ¢1) (11)
when there is a non-zero dependence obn z;:

Jyi

8—4 # 0, (12)
and the parameters of interest are= f, (v»;). Whenz, is super exogenous fqr, so, in (7) can
change without altering the conditional relationship bewny; andz,, then many of the ingredients for
a cause are satisfied: an asymmetric quantitative prodgysiiat induces changes over time, mediated
within the structureD,,,, (-). Thus,z; causes the resultant changeyin and the response of; to z,
remains the same for different sequen{es . Our ability to detect changes #, in response to shifts
in 1, depends on the magnitude of the changes in the latter: larfyequent changes i, that left
(11) invariant would provide strong evidence of a causd Vimich could sustain policy changes when
(e.g.)z; was under government control.

However, economic policy usually depends on disequilibrithe rest of the economy (such as ex-
cess demands) which would appear to interlink private sestd policy parameters, thereby violating
weak exogeneity of; for 1, as required for super exogeneity. Nevertheless, as Hemdlyhzon
(2000) argue, reliable estimates of policy responses cabtaned wherz; is not weakly exogenous
provided the parameters to be shifted by the policy agereyeat functions o), : for example, cointe-
gration relations are often the basis of estimated disigiai] and are usually established at the level of
the complete system, whereas their parameters are notafjgreerbject to policy interventions (which
might explain the problems arising in cases when they are, s®/ — in the transition of economies
from controlled to free markets).

A similar argument would seem to hold when nature create'®iperimental design’. For example,
Hume’s ‘causal’ analysis of inflation in response to a madgliscovery assumes invariant relations
to propagate the shock.

5.1.1 Determining causal direction

The appendix to Engle and Hendry (1993) in Ericsson and Ifb®84) shows that if a given conditional
model has both invariant parameters and invariant erraavees across regimes, whereas the joint
process varies across those regimes, then the reversesiegreannot have invariant parameters. Thus,
such a reverse conditioning should fail either or both camst and invariance tests, precluding its
interpretation as a causal link, and leaving at most ondlgitigs This notion is echoed in the analysis of
interventions in relation to interpreting causality inedited acyclic graphs by Lauritzen and Richardson
(2002). Importantly, a break in a model for a subset of véemhvill persist even under extensions of
the information set: for example, if an unmodelled jump in @Hation is later ‘explained’ by a jump

in oil prices, the latter now reflects the break in the mode¢ &.g. Hendry (1988).

80f course, apparent breaks may be the result of an unmodwfedinearity: slipping down a gentle bank then over a cliff
is a non-linear effect, but the problem is the break at the.end
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6 Causality implicationsin forecasting

Both senses of causality (i.e., from sections 4.1 and 4a}) alrole in forecasting, but perhaps not in
ways that might be expected.

First, in DGPs subject to location shifts, one cannot prawe dominance of causal variables in
forecasting: counter examples are provided in (e.g.) Cihésnand Hendry (1999). Consequently,
models based on variables that do not enter the DGP can tartpein forecasting over models using
every variable that was causal in the DGP prior to the fotgoasod. More generally, the forecasting
theory underlying that result has achieved a range of seftdesxplanations of otherwise puzzling
features of the empirical forecasting literature, inchgd{see Hendry and Clements, 2003):

why intercept corrections have value added;

why extrapolative devices can win forecasting competgjon

why simplicity does not account for that outcome, but robess to location shifts does;

e why forecast pooling can dominate the best individual fagtiog device; and:

e why forecast failure occurs, but is not informative abow pinesence or absence of causal links.

Fildes and Makridakis (1995) and Makridakis and Hibon (20fifess the discrepancy between theory
and empirical findings in forecasting in general. Clements ldendry (2001a) show how their theory
can help close that gap. Moreover, they also account foipttieciples’ based on empirical econometric
forecasting performance enunciated by Allen and Filde®120wnho find that admissible reductions of
VARSs with relatively generous lag specifications, estirdabg least squares, and tested for constant
parameters do best on average, even though congruent mmaadsnot outperform non-congruent.
Such findings stand in marked contrast to what can be edtetliwhen the economy is representable
as a stationary stochastic process (with unconditional emsnwhich are constant over time): well-
tested, causally-relevant congruent models which emHdoghéd restrictions would both fit best, and
by encompassing, dominate in forecasting on average. tunfately, new unpredictable events continue
to occur, so any operational theory of economic forecastingt allow for data moments altering: see
Stock and Watson (1996) and Clements and Hendry (2001b)eopriminence of structural change in
macroeconomic time-series.

Thus, for forecastinger se correctly established causality in congruent models cmtensure
success. However, care is essential in how that resultagardted. Location shifts (or mimics thereof)
are sufficiently common to have left a less than impressizektrecord of macro-econometric fore-
casting. No one can forecast the unpredictable, and altdgwiill fail for events that werex ante
unpredictable. But some devices do not adjust after breatssa suffer systematic forecast failure:
equilibrium-correction mechanisms based on cointegnattationships whose mean has changed — but
that is not known — are a potentially disastrous example.eNbeless, causal-based modelling should
not be abandoned as a basis for forecasting, particuladypolicy context (see section 7): rather, the
solution lies in formulating variants of models that areustbto such shifts. Intercept corrections and
additional differencing are simple possibilities, but bagly better ones will be developed now that an
explanation exists for the historical outcomes (see e.gndry, 2004).

However, it is the converse implication that is crucial: galinks are not sensibly tested by forecast
evaluation, since neither success nor failure entailsecbar incorrect attribution of causality. Forecast
failure could, but need not, imply inappropriately atttigth causal links. Indeed, all four possibilities
can occur without logical contradiction: correct caugdiilowed by forecast failure; incorrect causal-



13

ity followed by forecast failure; correct causality follew by forecast ‘success’; incorrect causality fol-
lowed by forecast ‘success’. Worse still, ‘tricks’ exisatitan help avoid forecast failure independently
of the validity of any causal attributions by the model in:usgercept corrections are a well-known

device with such properties.

Despite such a fundamental result, many economists seeergsipin the view that ‘forecasting is
the ultimate test of a model’. Three comments can be madd aboh a view: see Clements and Hendry
(2003). First,ex postparameter-constancy tests aexi anteforecast evaluations have very different
properties, with the latter susceptible to many additiggrablems such as (increased) data inaccuracy
at the forecast-origin and over the forecast horizon. S#lgonon-constancy in coefficients of mean-
zero variables has a much smaller impact on forecast agctitan changes in location components.
Thirdly, when the future can differ substantively from tteesp ‘because of the things we don't know we
don’t know’ (see Singer, 1997), forecast failure is not secma diagnostic of a model as an indication of
an event unrelated to existing information: thus, it pateiyt provides new knowledge. Consequently,
if the basis for their view is that new evidence is neededif@eépendent’ checking of inferences, when
data moments are non-constant, then great care is needsthgnauch information correctly, arek
anteforecast evaluation is unlikely to be a reliable approactiding so.

Turning to the role of Granger causality, for multi-step ditional forecasts, EGNC of the condi-
tioning variables is crucial for valid inferences: negéetteedbacks would otherwise violate the condi-
tioning assumptions. On the other hand, EGNC does not mattéosed models, where every variable
is jointly forecast, nor for 1-step ahead forecasts everpgnamodels, nor if multi-step estimation is
used.

Surprisingly, therefore, in the forecasting arena, neiense of causality can be accorded an im-
portant role.

7 Exogeneity and causality in policy analysis

Ericsson (1992), Ericsson, Hendry and Mizon (1998), anddrdeand Mizon (1998) consider the roles
of exogeneity, causality, and co-breaking in policy analyso again we merely summarize the dis-
cussion, but return to co-breaking in section 7.1. Also,n@e& (1988a) discusses the role of Granger
causality in policy effectiveness (but see Buiter, 1984l &ranger and Deutsch (1992) investigate the
evaluation of policy models.

The use of models for economic policy analysis is the arerexrevbausality plays a fundamentally
important role. If a variable changed by an economic polcgausal, but omitted from a model, or is
not causal but is deemed such in a model, then incorrectgii@us of its effects are virtually bound
to occur (although luck can never be excluded). Accuratdigtiens of the effects of a change in a
policy variable will only result if that variable can be cluygd, is causal in a model that treats it as such,
when the transmission of the effect is invariant, and has laggropriately estimated. Thus, stringent
conditions must be satisfied for successful policy analysis

Based on the results reviewed in section 6, Hendry and Mi200Q) show that the ‘best’ forecasting
model may be useless for policy. Conversely, and perhagsisimgly in view of the Lucas (1976)
critique, forecast failur@er seis not sufficient to reject a policy model. The rationale fue first step of
their analysis is that extrapolative devices need not awasive policy variables; and for the second, that
forecast failure primarily derives from unanticipateddton shifts which need not (but of course, could)
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affect policy conclusions. Moreover, since extrapolatie¥ices rarely include the policy instruments,
shifts in those instruments then act as post-forecastiegkisrto such devices, inducing a failure not
present in an econometric model which is well-specifiedHergolicy effects. Consequently, compared
to in-sample structural breaks, the situation reversethfgse two model types. Hence, pooling of both
forms of model will be needed in the face of location struaklareaks and policy regime shifts.

Policy outcomes depend on reaction parameters conneetiggttvariables with instruments. As
shown in Hendry (2000b), structural breaks which do not #fie unconditional expectations of th{8)
transforms of variables are not easily detected by cormeaticonstancy tests, so rarely induce forecast
failure. This has adverse implications for impulse-reggoanalyses as discussed in section 7.3 be-
low. However, most policy changes entail location shiftsaniables (as against, e.g., mean-preserving
spreads), and hence provide a crucial step in a progressseanch strategy: if causal attribution is
incorrect, then forecast failure should result from theigyplallowing substantive learning of causal
connections, providing these do not themselves changeften @vhich seems unlikely). Thus, re-
search effort into establishing which forecast failuresuteed from policy change,s and which from
other sources of location shifts, would seem merited.

7.1 Co-breaking

Co-breaking is the property that when variables shift,ahetist linear combinations of variables which
do not shift, and so are independent of the breaks (see Cteraed Hendry, 1999, ch. 9, Krolzig
and Toro, 2002, and Massmann, 2001). Co-breaking is anasogw cointegration, where a linear
combination of variables is stationary even though all theagonent series are integrated. Whenever
there is co-breaking between the instruments of economnlicypand the target variables, changes in
the former will produce consistent changes in the lattecatstant co-breaking implements a causal
relation. The existence of co-breaking between the meaiiseopolicy instruments and those of the
targets is testable: a policy shift that induced forecattrawould be strong evidence that the causal
links were incorrectly specified. As section 7.3 shows, making is also necessary to justify impulse-
response analysis.

7.2 Control

The status of variables in a system can be altered by deléehanges in governmental control proce-
dures. For example, a variable (such as an interest rateyvdsaweakly exogenous for the parameters
of (say) an inflation equation, can cease to be so after aatanie is introduced (see e.g., Johansen
and Juselius, 2000), yet the VAR involved need not suffamfforecast failure. Of course, the control

rule can be effective only if there is an already existingsedlink between the instrument and the tar-
get, so the new feedback rule can exploit that link to achieebjective: control rules cannot create

policy-target links by specifying target-instrument Ik

7.3 Impulseresponse analyses

Although impulse response analyses are widespread (seelétgepohl, 1991, Runkle, 1987, and
Sims, 1980), they suffer from many drawbacks: see Bandtjerdry and Mizon (1996), Ericssan al.
(1998), and Hendry and Mizon (1998)Here, we focus on those problems which are germane to a

9The literature on ‘structural VARS' (see, e.g., Bernank@gd, and Blanchard and Quah, 1989) faces similar difficiltie



15

discussion of exogeneity and causality in non-stationaoggsses.

First, weak exogeneity is crucial for impulse-responsdyses since the same size of ‘shock’ to
the error and to the intercept are indistinguishable in aehdulit the reaction in the economy will be
as anticipated only if the means and variances are linkedersame way — which is (e.g.) the weak
exogeneity condition for a conditional equation in a VAReSifying a variable to be weakly or strongly
exogenous alters the calculated impulse responses,gatgpof whether or not that variable actually is
exogenous. Moreover, results are dependent on the ordefntagiables — but ‘orthogonalized impulses’
violate weak exogeneity for most selections, so may losariaxce to the very shocks to be analyzed.

Secondly, in closed systems — where policy variables arelaihed’ — impulse-response analyses
assume that the process remains constant under the ‘sksackGtually requires super exogeneity of
the appropriate policy conditioning variables. Altermaly expressed, unless there is mean co-breaking
between the shocked variable and the target, the actuainssp in the economy will not match those
derived from the model. Impulse-response approaches toatvay the policy implications of models
are also dependent on the absence of ‘undetected breaksindme mis-leading in both sign and mag-
nitude when shifts have occurred in zero-mean variable=) edhen models are rigorously tested (and
certainly so when no such testing has occurred): see Hemdrivi&zon (2000).

Thirdly, even when a model is rigorously derived from a cstesit theory, is congruent and encom-
passes rival models, and its policy implications are irmarario extensions of the information used — so
it embodies structure (see Hendry, 1995b) — that does ndy ithat its residuals are structural. Resid-
uals can only be invariant to extensions of information dire, regimes and variables if the model
coincides with the DGP, and not just the LDGP. Error termsguagions induce changes in the values
taken by the dependent variable only by an assumption oaéiguso, for example:

Y = B'z—1 + €, (13)
is usually written on the assumption that:
Oyt
-7t — 1, 14
De, (14)

This is far from certain in a non-experimental disciplindhase (13) could simply be a decomposition,
soe; =y — (3'z;_1, and not a causal model. Conversely, (14) does hold if afirerare due to mis-
measurement of;, but then is uninformative about causal structure. Furttemiduals are inevitably
derived representations of our ignorance: indeed, relsiduay not even contain all the actual ‘DGP
shocks’, because incorrectly included variables may haledrbed’ some of those. The confusion of
residuals with errors is an egregious mistake, as imputgmreses are meaningless in a world of derived
models.

Finally, Granger non-causality may be sufficient for theiegjence of standard-error based impulse
responses from systems and conditional models, but doeseote efficient or valid inferences unless
the conditioning variables are weakly exogenous.

The implication of this analysis is that unless causality been independently established between
an input variable and an output, impulse responses are etinhle inference procedure.

8 Conclusion

Both exogeneity and causality play different roles in mbg) forecasting and policy. This is well
known for exogeneity, where different concepts have beeliaitky defined in Engleet al. (1983), but
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seems less well established for causality. A cause was di@sean asymmetrical process inducing
change over time in a structure. The perceptive reader willhave missed the close connections to
dynamic econometric systems which are invariant to extessof information (over time, interventions,
and additional variables). When causality is defined withitheory model, the correspondence of the
model to reality becomes the key link. Thus, we conclude dtaaisality is important in modelling;
and manifestly crucial in policy. However, causality canbe proved to be a necessary property of
variables in dominating forecasting models. When locashiits occur, robust forecasting methods
can outperform ‘causal models’. Nevertheless, by itsei€hsa finding — or even forecast failure — is
insufficient to preclude the use of the causal model for polibe reaction parameters of interest to
policy could have remained constant, perhaps due to cdinigea

Both concepts (exogeneity and causality) seem robust emsixins to non-stationary systems, but
their implications are sometimes less clear cut, and infegge about them can be more hazardous. In
particular, pre-existing exogeneity, or causal directan alter over time. Conversely, it can be difficult
in weakly stationary systems to correctly ascertain exejgior causality since the systems in question
do not change enough. Thus, the news is not all bad. For eramjs well known that cointegrated
relations which remove unit roots provide a basis for tgstong-run weak exogeneity; and policy-
induced location shifts can highlight the presence or atsehcausal links.

Granger causality shares many of the characteristics ajeheral definition, together with the re-
sultant inferential difficulties. The requirement that sality be judged against the universe of available
information renders it non-operational; but attempts feriGNC from empirical models become prone
to serious errors unless a congruent, encompassing andimyvsystem is used.

The strength of evidence about causality depends on theitadgs of changes in inputs which
nevertheless produce consistent output responses. @khigewith causal links is needed to sustain
economic policy, since few policy changes are of the ‘me@sgrving spread’ form, and most involve
location shifts. Although the latter are the main problem flrecasting, in a progressive research
strategy, the resultant forecast failure can be of bendfiinfedelling, and so later policy. Conversely,
shifts in mean-zero parameters are difficult to detect iedasting, but can seriously distort impulse-
response based policy analyses.

Finally, without mean co-breaking, or causal links, imgufesponses need not deliver useful in-
formation about reactions in the economy. There seems emative to modelling the exogeneity and
causality structure of the economy if reliable policy irgieces are desired.
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