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this is the usual interpretation of such models. Whether the re-

duced form is actually structural relative to such variations in 

policy may be a matter of dispute.) Nonetheless econometricians 

often talk and write as if reduced forms are not "structural". 

When structural systems are treated as different from reduced forms, 

the equations of the structural system are sometimes referred to 

as "behavioral,,6/ 

In this pattern of word usage, a "structure" is thought of 

as a system in which the hypothetical interventions defining what 

is structural are changes in the form of relations in the system. 

It is supposed that interventions which affect the form of only 

a subset of the full system of relations are possible, and "struc-

tural" equations are those which will remain fixed in form while 

interventions affecting other equations in the system are implemented. 

Leading examples of such "structural" systems are supply-demand 

models and Keynesian multiplier models. Each equation is taken to 

apply to the behavior of a particular homogeneous group of people 

or institutions. The "demand" equation is what remains fixed when 

we somehow alter the behavior of "suppliers". The "consumption" 

function is what re~ins fixed when we change the behavior of "investors". 

Reduced forms are not "structural" because they reflect the combined 

effects of behavior of distinct types of individuals or institutions. 

Lucas [1974] and others have recently pOinted out that a rela-

tion which is behavioral in this sense of applying to the behavior 

6"Behavioral" is also used, perhaps more frequently, to refer 
to any equation in a model which is not an accounting identity. 
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of a well-defined group need not be structural relative to altera-
, 

tions in the behavior of other groups (or sectors). In particular, 

a behavioral relation for a given group may reflect that group's 

methods of projecting the future behavior of other groups, and those 

projection methods are likely to change when the behavior of other 

groups changes.II 

Thus being behavioral is neither necessary nor sufficient to 

make a relation structural relative to an interesting class of 

possible interventions. Nonetheless econometricians will go on 

trying to estimate behavioral systems, because when a model has 

a behavioral interpretation it is usually much easier to guess how 

it will change when some definite disturbance to actual economic 

behavior of some sector occurs. Also, frequently models are esti-

mated to investigate behavior, without any direct policy application 

of the model in view. 

Causality, in the sense we are giving that term, is an important 

identifying restriction on dynamic behavioral relations. Such re-

lations ordinarily are meant to correspond to the decision rule of 

some class of economic agents. If we can distinguish variables 

taken as input by the agents from those determined by the agents (the 

outputs), we expect that the decision rule will be causal from inputs 

7 \ 
In fact, this "rational expectations" critique of use of standard 

systems of behavioral equations to project policy effects is not 
limited to situations where expectations are involved. The basic 
idea is only that certain variables (e.g. lagged price) are proxying 
for unobservable underlying quantities (e.g. expected future prices), 
and that the nature of the proxying relation depends on the behavior 
of other groups. But expectations are far from the only type of 
unobservable concept for which proxies are commonly used in econometric 
models. 
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to outputs. Thus in a model of a competitive market, where both 

suppliers and demanders take current and past prices as given in 

deciding on quantity, both supply and demand relations should be 

8/ causal from price to quantity.-

We have discussed four terms: "causal ordering", "causal", 

"structural", and "behavioral". The first two refer to properties 

of the logical structure of a model which may be plausible require-

ments if we are to contemplate treating the model as behavioral 

or as structural relative to variation in x as the identifying 

interventions. The controversy surrounding "causality" in economics 

tends to arise in situations where a model with a causal order from 

x to y or a model containing a relation which is causal for x 

as input fits some historical data, and it is then asserted that 

the model has a certain behavioral interpretation or can be used 

accurately to project the effects of varying the path of x. That 

is, the fit of the causal model to the data is used to buttress a 

claim that the model is behavioral or structural relative to vari-

ations in the path of x as identifying interventions. 

In the remainder of the paper we discuss the justification for 

and dangers in interpreting fitted models displaying Wold or Granger 

causal orderings as behavioral or structural. 

8This does not of course mean that we can estimate either rela­
tion by least squares. The fact that a relation is causal does not 
mean that the input into it is statistically exogenous. No one pre­
sumes that because farmers take price as given, the supply equation 
for wheat can be estimated by a least-squares distributed lag regres­
sion of quantity of wheat on price of wheat. This point might seem 
self-evident, were it not that macro-economists do sometimes seem to 
assume, e.g., that if firms take wages as given in setting prices, a 
regression of prices on wages will capture firms' price-setting decision 
rule. 
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3. Interpreting Wold and Granger Causal Orderings 

A. Orderings on linear dynamic systems. 

Consider now a dynamic, stochastic, linear, econometric model, 

3) 

00 

The "*" indicates convolution, being read all*yl(t) = E all(s)yl(t-s). 
s=-oo 

We will take the system to have been normalized with all(O) = 1 and 

a22 (0) = 1, and we will assume aij(s) = 0, all s < 0, i=1,2, 

j=1,2. This latter condition is natural because we would like the 

system to accept as input arbitrary initial conditions -- values 

for Yi(t), t < 0 and u. (t) 
1. 

t .! O. It is also natural in many 

applications to require, t~at (3) be causal when i=1,2 are 

jointly covariance stationary, (3) takes realizations of covariance 

stationary processes u as input and produces realizations of covari-

ance-stationary processes y as output, and past and future input 

and output are defined by, e.g., setting U as the values of 
t-

i=1,2, s<t. This amounts to the standard condition that the coefficients 

aij(s) form a stable operator.1/ 

9It bears repeating that the reason for imposing stability of 
the operator applied to y in (3) is not simply that we know that 
the real-world y is not explosive. Systems of the form (3) with 
the ai.(s) operator "unstable" may fit covariance stationary pairs 
of u, Jy processes. The "instability" of the a . (s) operator 
implies non-stationarity of y only if we impose !fie additional 
requirement that the system be causal with u as input and y as 
output. (For example, if the system is causal from stationary u's 
to stationary y's when we reverse the sign of the time index, then 
the left-hand-side coefficients will generally form an "unstable" 
operator, if instability is defined in the conventional way in terms 
of the absolute values of the roots of the characteristic polynomial.) 
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The system (3.) displays a Wold causal orderinglO/ if a2l (0)=0, 

and are serially uncorrelated, and ul and u2 are mutually 

11/ uncorrelated. The system displays a Granger causal ordering-- if 

a2l (s) - 0, all s, and ul(t) and u2(s) are mutually uncorrelated 

for all t, s. (Note that the possibility that ui(t), ui(s) are 

correlated is left open.) 

Each ordering implies a convenient statistical property for the 

first equation of (3). The Wold ordering implies that Y2(t) is 

uncorrelated with ul(s) for s~t, i.e. that Y2 is predetermined 

in the first equation. The Granger ordering implies that Y2(s) and 

are uncorrelated for all t, s, 1.e. that 12/ is exogenous-

in the first equation. The conditions that be predetermined or 

exogenous in the first equation are not equivalent to Wold and Granger 

causal orderings, because the second equation of (3) need not exist or 

take the form given in (3) in order for Y2 to be predetermined or 

13/ exogenous in the first equation.-- In fact by appropriate definitions 

of input and output spaces, it is possible to make the conditions that 

10 See Wold [1949]fora forceful presentation of the argument that 
structural models are likely to take a form with a Wold ordering. 

11 See Granger for a presentation of this notion of causal ordering. 
Granger's original definition is not confined to linear covariance­
stationary systems. 

12Some writers use the term "strictly exogenous" where we use 
"exogenous" to sharpen the distinction from "predetermined". 

l3The potential advantages and disadvantages of testing exogeneity 
without estimating the second equation of (3) are discussed in Sims [1975J. 
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ordering as structural or behavioral. One reason this form of the 

issue has not received much attention until recently is that with the 

Wold ordering, which entered the econometric literature earlier, the 

issue never arises in pure form. If and Y2 are jointly covariance 

stationary and have an autoregressive representation, then there is 

14/ always a system of the form (1) displaying a Wold ordering.-- Thus 

if we have no other identifying restrictions on (1), the demonstration 

that a system like (1) with a Wold ordering will fit the data is no 

evidence at all that the ordering is structural or behavioral. The 

structural or behavioral system could be practically any system of the 

form (1) and still imply that a Wold-ordered system would fit the 

historical data. This'does not mean that a Wold ordering is untestable; 

only that a Wold ordering can be tested only in ~onjunction with other 

identifying restrictions on the system. Thus debate over whether the 

estimated causal ordering is structural or behavioral is likely to be 

diverted into dispute over whether the other identifying restrictions 

are valid in the particular application under consideration. 

The Granger ordering, on the other hand, is all by itself a restric-

tion on the class of jointly covariance-stationary processes Yl' Y2 

which could satisfy (1). That this creates the possibility of testing 

the null hypothesis that Y2 is exogenous in the first equation without 

any other identifying restrictions as maintained hypothesis was pointed 

out early as 1963 by Hannan [1963], but the first applications of the 

idea in economics of which I am aware were those by myself [1972] and 

Sargent [1973]. When a Granger ordering can be shown to fit some 

14 
See Wold and Jureen [1952]. 
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historical data, and some plausible behavioral or structural inter-

pretation implies a Granger ordering, the problem arises of deter-

mining what other possible behavioral or structural models, if any, 

might have produced the observed good fit of a model with a Granger 

ordering. 

B. Generating Granger Orderings 

The leading type of behavioral system which generates a causal 

15/ ordering-- occurs when there are two behavioral relations in the 

system, with one of the relations isolated from the other and with one 

of the two dependent variables in the system occuring in only one of 

the two relations. Thus we may imagine weather and U.S. wheat production 

as determined by two behavioral relations, one describing farm behavior 

and one describing atmospheric behavior. Because the agents involved 

in the two relations are quite distinct, and because the atmosphere pre-

sumably pays' no attention to wheat prices or production in the U.S., it 

is natural to suppose that weather will be exogenous in the wheat supply 

equation. And of course we presume that the wheat supply relation is 

causal in our sense, so that only current and past weather helps deter-

mine current production; this is what guarantees equivalence of exogeneity 

with the Granger ordering. 

While this sort of reasoning is entirely standard, it is subject 

to some pitfalls which are not always recognized. In particular it 

lSOne is tempted to label orderings arising in other ways "spurious", 
as I did in an earlier draft of this paper. But the other types of 
beahvioral system generating orderings might themselves by the center 
of interest, in which case this "leading" type of system generates a 
spurious ordering. 
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similar sizes, both small relative to ~,then q would still show 

very little correlation with the residual in a regression with p* on 

the left, but the coefficients in that regression would no longer have 

16/ a behavioral interpretation.--

An example of a causal ordering arising from measurement error 

occurred in my work [1974b]on manhours/output relations in manufacturing. 

Typically the estimated distributed lag relations, with monthly data, 

showed a tight relation. of manhours and output, with most of the response 

of one to the other completed within a month or so. ' The implied dynamics 

did not depend much on which variable appeared on the left-hand-side of 

the regression, and exogeneity null hypotheses were accepted for either 
I 

direction of regression. However, when deflated sales replaced industrial 

prod~ction as the measure of output, exogeneity tests were passed only 

with output on the left-hand-side, and the implied dynamics was substan-

tially altered if output was instead put on the right-hand-side. This 

pattern of results fits the hypothesis of substantial pure measurement 

error in deflated sales, and since the data on sales are, at the monthly 

level, based on a relatively small sample, there is independent reason 

for believing this hypothesis. 

l6It is perhaps unnecessary to point out that the foregoing 
paragraphs should not be summarized as, "The presence of measurement 
error makes spurious causal orderings likely." Only certain special 
structures in the measurement error generate a spurious causal order­
ing. If one economist claims he has found a causal ordering allowing 
him to estimate a behavioral relation by least squares, another econo­
mist wishing to refute him ought to show why measurement error of the 
required special structure is present, not just that measurement error 
of unspecified form is present. 
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regular covariance-stationary process, they will have a jOint moving 

average representation of the form 

11) 

where v1 ... ul - ul ' v2 • u2 - u
2 

are one-step-ahead forecast errors. 

The vector process vI' v2 will be serially uncorrelated.1l1 Assum-

ing that the optimal choice of aO) implies that the bij coefficients 

181 in (9) and (10) form a stable operator-- , (9), (10), and (ll)will jointly 

imp 1y tha t we can wri te 

12) (::J ... B-1*H* C) 
which in tum implies 

13) g*y ... f *v + 
2 1 1 f

2
*v

2 
• 

From the normalization rules g(O) = bl1 (0) = b22 (0) = 1, the fact 

that by construction H(O)'" I in(ll), and the fact that b12 (0) = 0, 

we can be sure that in (13) f 2(0) ... 1, f 1 (0) = -b 2l (0). Except for 

the requirement that the coefficient of vl(t) be one and that of 

v2 (t) be zero, however, equation (10) allows Yl (t) to be chosen to 

be an arbitrary linear combination of current and past vl(s), 

17 This is a version of the Wold decomposition of the process. See, 
e.g., Rozanov [1966 ]. 

18 This rules out some, but not all interesting cases. See Sims [1974a] • 

. 19To be strictly true, this result would require that VI and v
2 be expressible as linear combinations of current and past ul ' u2 ' i.e. 

that ul ' u2 have an autoregressive representation. However even when 
the autoregressive representation does not exist, it will be possible 
to make Yl approximate an arbitrary linear combination of past VI' v2 arbitrarily well by appropriate choice of coefficients in (10). 
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Then if b2l has a one-sided inverse under convolution (i.e., is 

"stable"), we can also make b2l*Yl equal to an arbitrary linear 

combination of current and past vl ' v2 except for the restriction 

that the coefficient on current vl be b2l (0) and that on current 

be zero. This in turn, through (9) implies that can be taken 

to be an arbitrary linear combination of current and past vl ' v2 

except that the coefficients on contemporary vl ' v2 must be -b2l (0) , 

1, respectively. Finally if g is invertible, the coefficients on 

right-hand side of (13) can be chosen arbitrarily except for the previously 

listed restrictions on the O-order coefficients. 

Now the variance of g*y 2 
co 2 2 

is s~O [fl(s) 011 + 2fl (s)f2 (s)012 + f 2 (s)022]' 

where 0 .. 
l.J 

is the covariance of Since the summand is 

non-negative for all s, the minimum clearly occurs with fl{s) = f 2 (s) = 0, 

all s :/: O. 

We have arrived at the conclusion that the following equation will 

hold: 

But this is precisely the form of equation given in (6), which we have 

already shown to imply that Yl and Y2 will fit a model of the form 

(3) displaying a Granger causal ordering. N.either of the equations of 

the model displaying the ordering will be (9) or (10), so the order-

ing is certainly not behavioral. (One of the equations of the ordered 

model will be (14), however, so if we recognized the situation we could 

at least identify g.) Furthermore, it is the policy variable which 

will d i h 1 d 
. 20/ appear secon n t e causa or erl.ng.--

20The likelihood that optimal control might generate causal order­
ings was first pointed out to me by Milton Friedman in private corres­
pondence. 
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Though this discussion has been framed in terms of an abstract 

"policy-maker", it might apply to a "representative decision-maker" 

as well. For example, employers setting a wage one period in advance, 

attempting thereby to achieve a target level of employment, might 

generate exactly such a structure, with causal ordering from employment 

to wages. 

Since the foregoing discussion has introduced assumptions here 

and there along the way, it may be worthwhile to summarize formally 

what has been demonstrated. 

Theorem 1 Suppose: i) (9) holds with b22 (0) = 1, b22 and b
2l 

both possessing one-sided inverses under convolution; ii) ul ' u2 

form a covariance-stationary process with an autoregressive representa-

tion; and iii) the coefficients of (10) are chosen so as to minimize 

Var[g*Y2 1, where g has a one-sided inverse under convolution. Then 

the resulting autocovariance structure for Yl' Y2 admits a Granger 

ordering from Y2 to with neither equation of the ordered system 

in general represented by (9) or (10). 

The assumptions of the theorem are in fact quite restrictive, 

and should not be read as implying that "optimal control generates 

causal orderings". Perhaps most restrictive is the requirement that 

the objective function involve Y2 alone -- the objective cannot 

be to keep Yl close to Y2' for example. Also restrictive is the 

requirement that the "information delay" be one period. If the 

d 1 i h . d d" d 21/ N h e ay s more t an one per10 , no or er1ng 1S generate.-- ote t e 

21 Though I have not studied the case ca~efully, I believe that if 
the optimal control problem is solved by policy-makers at a smaller 
time unit than applies to the fitted data, an approximate spurious 
ordering is likely to arise. 
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the assumptions of perfect information after a one - "period" delay 

and the requirement that there be no residual in (6) except that due 

to imperfect measurement of the expectations variable Yl appear to 

me to be highly restrictive. In Sargent's application, to the labor 

market, they seem to me implausible. 

As I showed in [1972], the Granger ordering is equivalent in a 

covariance-stationary system to the requirement that the two-sided 

distributed lag regression of on puts zero-coefficients on 

future values of The condition thus appears related to analysis 

of "leads and lags", and it natura1~y occurs to people that leads and 

lags between two series can be generated by their common dependence, 

with different lags, on some third series, even where there is no 

behavioral causal-ordering between the two original series. 

Consider the system 

15) 

Even if and are independent of each other and of z (so 

that (15) becomes what Sargent and I elsewhere in this volume have called 

an "unobservable index" model), there are no conditions on and 

alone which guarantee that Yl and Y2 will satisfy a system like 

(1) with a Granger ordering. However, certain joint conditions on 

the ci and the covariance properties of z and the will imply 

G d 
• 22/ a ranger or er1ng.--

2~rivate conversation with Gary Skoog and unpublished work by 
John Geweke have been helpful to me on this topic. 
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The two-sided distributed lag regression of Yl on has 

-1 
coefficients given by R12*R22 ' where R12 (s) = Cov(Yl(t), Y2(t-s», 

-1 
R22 (s) = Cov(Y2(t), Y2(t-s», ~and R22 is the bounded inverse of R22 

under convolution23/ • Using (15) and a convenient assumption that 

and z are mutually orthogonal, we can write 

R (s) = Cov(z(t), z(t-s» z 

is the auto covariance function of z and Rv2 is the autocovariance 

function of The "'" notation is defined by f' (s) = f(-s). This 

yields fairly directly a sufficient condition for a Granger ordering: 

Theorem 2: If in (15) z, vI' and v2 are mutually orthogonal, if c2 

is invertible under convolution, and if c *R *c ' = ARv2 ' 2 z 2 
where 

is a constant, then and Y2 can be written in the form (1) with 

a Granger ordering from Y2 to 

Proof: The result follows when we rewrite the expression for g in 

the preceding paragraph as 

and substitute -1 
A c *R *c ' 2 z 2 

-1 , 
g = c *c *c *R *c '*(c *R *c + Rv2) 1 2 2 z 2 2 z 2 

for Rv2 • 

Theorem 2 is more interesting for the unlikeliness of its assump-

tions than for its positive result. The only likely example of a 

real-world case where its assumptions are plausible is where one is 

~ot dealing with time series at all, so that c2 ' R , 
z 

and Rv2 all 

23The inverse Fourier transform of the inverse of the spectral 
density of Y2' where this latter "inverse" is taken frequency-by­
frequency and is the inverse under ordinary multiplication. 

.. 

.. 
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