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I. Introduction

According to traditional wisdom "oorrelation does not imply causation."”
Casual reading of a seminal paper by Sims (1972) and an earlier paper of
Granger (1969) has left many economists with the contrary impression that
observed correlations can be used to infer the direction of causation.
This, we believe, represents a major misinterpretation of Granger and Sims
and of subsequent work. We offer in this paper a pedagogical comment.

Section II of the paper presents a simple two equation model through
which we interpret the causality results. We discuss three definitions of
causality which involve zero restrictions on parameters of either the
structural or reduced form equations. We demonstrate that only one of
these definitions of causality is testable. The testable definition, which
we call "informativeness,'" does not coincide with the intuitive notioms
of causality which most individuals entertain. The testable definition
merely implies that one variable is useful or informative in predicting
another. Section III considers the forward-backward regressions pro-
posed by Sims as a test of causality and demonstrates that they provide
the same information as do the coefficients of the reduced form equatioms.
Section IV considers the effect of specification error and illustrates
that any specification error, no matter how small, renders the causality

test uninterpretable.
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II. Testing Causality in an Underidentified Model
In this section we consider a closed model consisting of two time

series variables x and y. The question posed is the extent to which y
affects x. 1In this context there are two hypotheses which are of interest.
First, can x be considered an exogenous variable for the purpose of
modeling y. More precisely, will a least squares regression of y on x
yield consistent estimates of the structural parameters. The second
hypothesis is a considerably stronger conjecture about the lack of feed-
back from y to x. Does y exert any inflence, either directly (contempor-
aneously) or indirectly (with a lag), on x? A negative answer to this
question insures that x is statistically exogeneous. Unfortunately,
without a priori information neither of these hypotheses can be tested.
Furthermore, what has come to be called the "test for causality" is only
weakly associated with these hypothesis.l/ To make these points explicit

we consider the following simple structural model:

(1) ye = Ox +By¥eg T Bi¥ean T e
and
(2) x =Yt By Ve t Bao¥e-1 t Eop>

where El and €,, are independent, serially uncorrelated random variables

t t

with zero means and variances Oi and 02 respectively. The reduced form of



this structural system is given by
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In this system there are three hypotheses which describe the extent to

which y influences x. These hypotheses are:

H

1P Y- 821 = 0, This is the hypothesis that the disturbance

in the y equation is never transmitted to x.

We will refer to H, as the hypothesis that "y

does not cause x." By this we mean that a policy

which controlled y by selecting the error €¢

could not have any impact on the x variable.

H,: Y =0, This is the hypothesis that the current dis-

turbance in the y equation does not effect

current x. The hypothesis H2 is more difficult

to name and we shall settle with "x is con-

temporaneously exogenous.”" This means, among

other things, that a least squares estimation
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of equation (1) will yield consistent

estimates of 0, Bll and 812.

Hqas YByy + By This is the hypothesis that an optimal pre-
= 0. diction of x does not depend on y. Referring

to equation (3) we see that this hypothesis

implies that a particular coefficient ("21)

of the reduced form is zero. We Qill refer

to H, as the hypothesis that "y is not in-

3
formative about future x." It should be noted

that Hqy is often referred to as the hypothesis

that y does not cause x in "Granger's" senae,

The usefulness of the data in shedding light on the validity of these
three hypotheses can be ascertained by inspection of the reduced form parameters.
These reduced form parameters are the only parameters which can be estimated
from the data. The structural parameters can be estimated only to the
extent that they can be uniquely determined from the reduced form coeffi-
clents, As it turns out, the structural model is not identified and none
of its parameters can be estimated. It is, therefdre, not possible to
egstimate either Y or 821, and it is not possible for the data to reveal the
extent to which y causes x in the sense of hypothesis of Hl'

The data can be used to estimate the reduced form parameter My =
(1;6Y)-1(Y311 + 821) and, therefore, to test the informativeness hypothesis

that Ty = 0. If it is discovered that T_. is not zero, so that y is in-

21

formative about x, we would also conclude that y causes x. This occurs
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because Y and 821 cannot both be equal to zero if Moy is not zero. If it
is discovered that Ty = 0 so that y is not informative about x we cannot
also conclude that y does not cause x. This is because YBll + 821 =0
does not imply that both Y and 621 are equal to zero.

.Although the informativeness hypothesis YBll + 821 = 0 may seem an
unlikely §utcome if Y and 821 are both non-zero, Sargent (1976) discusses
an interesting example where this outcome occurs. Assume that the series y
is a policy instrument used to control the variability of x. If the
economy generates reactions to shocks in y according fo equation (1), then
the policy maker can minimize the variance of‘x by selecting y such that

the systematic part of equation (2) is zero, namely 0 = Yy, +.Bélyt-1 + Bzzxt-l'

Thus the policy maker will select equation (1) to be y = (-By1¥pq ~ Bzzxt_l)/Y.
Note in particular that the policy maker will set Bllequal to —BZI/Y, which
is exactly the constraint necessary f9r y not to be informative about x.
In this context, a test of the informativeness of y is properly thought to
be a test of the 1n;entions and computing ability of the policy maker.
Clearly, the test has nothing td do with the hypothesis that y does not
cause x. In fact, evidence that y is not informative about x might be
regarded as evidence in favor of the hypothesis that y causes X, since the
authorities would have litéle incentive to select the reactive policy
311 = -BZI/Y'unless y did cause x.

Civen the above relationship between causality and informativeness,
how shouid wve interpret a t-statistic on ﬂ21? If the t is low, the data

favor the hypothesis that "y is not informative about x" but do not contain



useful information about the hypothesis "y does not cause x." If the t is
high, the data cast doubt on the sharp hypothesis that "y is not informative
about x" and also on the hypothesis that "y does not cause x." However,

the data have nothing to séy about the neighboring hypothesis that "y has
only an infinitesimal effect on x." Even if Y and 621 are very small,

w21 can take on any value. Because of this discontinuity in the evidential
content of a large t, the usefulness of the causality test is restricted to

the unlikely circumstances when only the sharp hypothesis is of interest.

In particular, the slightest misspecification will greatly reduce the value

of the test (see Section IV).

Since the hypothesis of exogeneity involveé only the structural re-
striction that Yy = 0 and no restrictions on the reduced.form, this hypo-
thesis is not testable. Although the_informativeness hypothesis is
testable, it is not sufficient to eliminate the simultaneous equation

bias in an estimate of equation (1). To prove this point, define

2 2
Yos + 60
r = cov(ul,uz) - 1 2

Var(u25 yzoi + a§

and rewrite the reduced form equation for Yy, as

(4)

+ ru + u - TU,, .

Ve = M1Ye-1 ¥ M12%e1 2t T Y1t 2t

By using the reduced form equation for X, to eliminate ru, we obtain

G) gy =+ (M = TV ¥ (Mg T TTpp) %y P Uy T T

The error term of this equation is independent of u,, by construction and
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is, therefore, uncorrelated with X . The coefficients of Xes Yoo and

Xe-1

in equation (5) would, therefore, be obtained from a least squares
regression of y, on these variables. Equation (5) is identical in form

to equation (1) so that least squares applied to the first structural

equation would yield

: : a Yoi(l-ey)
(6) PLim(8) = T = § + —=s—s’

Y01+O'2

2
2 Yoy (B1Y + By))
7 Plim(B,,) =M. -7, . = g - e
() 11 11 21 = Py o2 1 o2
1 2
and
2
8 Yoy (¥Byy + Bop)
(8) Plim(B,,) =7, - rm._ = B.. -
12 12 22 12 YZGi R °§

The asymétotic biases in equations (6) through (8) are, of course, zero

if y = OASO'that #t.is exogenous. If Y # 0 but y is not informative about
X, (ﬂ21 ='Bily + 821 = () the bias on Bll is zero but the remaining para-
meters are biased. As a result, the informativeness hypothesis is not a
useful indicator of simultanecus equation bias.

These results demonstrate that if we accept the hypothesis that Ty = o,
least squares estimation of equation (1) may still be subject to simultaneous
equation bias. If we reject the hypothesis that Ta1 = 0, least squares
estimation of equation (1) may still yield consistent estimates of its
parameters. All that 1s required for consistent estimates 1is that Y = 0,

This restriction cannot be tested but must be imposed by apriori considerations.
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I1I., Two Sided Regressions as Tests for Causality
While the simple structural model of the previous section clarifies
the inferential limitations of causality tests, such models are rarely
used in actual tests for causality. Instead, a non-restrictive time series
relationship between x and y is posited and the data are then used to
causally order the two series. The test format is to estimate a regression
in which current y is the dependent variable and in which past, current
and future x are the independent variables. This regression forms the
basis of the causality test suggested by Sims:
" ..y can be expressed as a distributed lag function of
current and past x with a residual which is not correlated
with any values of x, past or future, if, and only if, y
does not cause x in Granger's sense.
We can always estimate a regression of y on current and
past x. But only in the special case where causality runs
from x to y can we expect that no future values of x would
enter the regression if we allowed them. Hence, we have a
practical statistical test for unidirectional causality:
regress y on past and future values of x, taking account by
generalized least squares or prefiltering of the serial
correlation.... Then if causality runs from x to y only,
future values of x in the regression should have coefficients
insignificantly different from zero as a group. (p. 545,
1972).
In this section we show that the Sims test is a test of informativeness
(ﬂ21 = 0) and is not a test for exogeneity or causality.
Suppose that Ty equals zero so that y is not informative about x.

Given this restriction, the structural model of equations (1) and (2)

becomes

9 - ’
9 z, = Ox_ + Blzxt-l + €,



and
(10) X, = Yz, + ByoXe 3+ Egp»
where z, = Yy - Bllyt-l' Equations (9) and (10) provide two independent

predictors of z, given by

(11 zZ, = th + Blzxt-l
and
(12) ol Pt

Ze Y% T Y Te-rt

These predictors are unbiased with variances oi and Gi/YZ respectively.
The minimum variance linear combination of these two predictors becomes

2 2
v b o e v - B,
t 2 4 22
2 7 Y9

2

o 2 2. .22
with a prediction error of Ve (0‘261t YOIEZt)/(OZ + v 01). By con-

struction, the prediction error v, is independent of u,, = (Yelt + €2t)/(1 - 8Y)
which is the reduced form disturbance for X, given by equation (2). Since

Uy, and v, are uncorreiated it follows that the best predictor of z,

(for Ty = 0) can be expressed as a function of current and past x‘with

an error that is uncorrelated with any x. It remains to demonstrate that

this is also true for the best predictor of Yeo

>

We first substitute y_ - 8.,y for z, in the expression z_ = 2, + v
t 117 ¢-1 t t t t

to obtain

(14) Ye = Bya¥ea1 = M%e ¥ Op%eg t Ve
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_ 2 2 2, .22 Co2a 2 2, .22
where a, (026 + olY)/(c2 +y ol) and a, (93815 olyszz)/(o2 + Y"0]).

Using repeated substitution to eliminate lagged values of Ve yields
o - -
(15) v, = o I BIx, 4 *+ 0T Bl %1 * By Ve-1-
i=0 i=0 1=0 :
\i
For any pair of indices, t and t , we have already shown that X, and Ver

are uncorrelated for tﬂzt. We now note that the reduced form expression

for X, (with Ty ™ 0) 1is

(16) X = TMopXey + Upe

so that a stationary x, can be written as an infinite distributed lag on
past u,, . Since Ver and u,, are independent for all index pairs (t,t"),

the same is true for x_ and Ve

t

The preceeding paragraph established that the error term in equation (15)
is uncorrelated with either past, current or future x. A regression of
Y, on past, current and future x would, thgrefore,llead to zero cqefficients
on future values of x when ﬂ21 equals zero. The test for causality pro-
posed by Sims is, thus, a test of the informativeness hypothesis.

It might be presumed that the test proposed by Sims is exactly equi-
valent to a direct test of the informativeness hypothesis using the
estimated reduced form. However, this equivalency only holds asymptotically.
Note that there is only a single coefficient, T,,, that is the subject
of the testing procedure. The appropriate statistic, assuming normality,
is a t-test of the reduced form coefficient. The Sims procedure, though,

would require an F-test with as many degrees of freedom in the numerator

as there are future unconstrained x-coefficients in the regression of y
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on a;l x's. Without imposing the implied restrictions on these future
'coefficients, the P-test will have lower power than the simple t-test
of the reduced fomm.

The Sims test for causality is often incorrectly viewed as a test
for exogeneity. That is, it is viewed as a test which indicates whether
equation (1) could be consistently estimated by ordinary least squares.

2/

This use of the test can be attributed to Sims:=

"In time-series regressions it is possible to test the

assumption that the right-hand side variable is exogenous;

thus the choice of "direction of regression" need not be

made entirely on a priori ground.” (p. 550, 1972a).
As we have shown, this interpretation of the test is incorrect. Moreover,
as a test for exogeneity it can lead to two types of error. It can reject

exogeneity when the variable is exogeneous and it can accept exogeneity

when the variable is truely endogeneous.
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Iv. Causality and Specification Error

In Section II we demonstrated that the hypothesis "y is not informative
about x" is testable since it implies a zero restriction on a particular
reduced form coefficient. The hypothesis 'y does not cause x" is only in-
directly testable. It is not possible to accumulate evidence in favor of
this hypothesis without recourse to special prior information. It is possible
only to cast doubt on the one-way causality hypothesis. However, in this
section we demonstrate that statistical rejection of the one-way causality
hypothesis need not be interpreted as casting doubt on the hypothesis that
y does not cause x. The hypothesis rejection may be attributed instead to

slight specification errors which bias zero coefficients away from zero.

1t is fair to say that any model used by an economist to analyze
nonexperimental data is misspecified. At best it can be argued that if the
specification error is small, then inferences drawn from the data set are
only negligibly affected. For example, a well known result for the esti-
mation of regression coefficients is that the bias is a continuous linear
function of the specification error. Thus if the specification error is
small the parameter bias will be correspondingly small, As we have dis-
cussed above, the test of causality does not have this continuity property.
The one-way causality hypothesis is the sharp hypothesis that a certain re-
duced form coefficient is identically zero. The slightest specification error
will imply that this hypothesis will almost certainly be rejected if
the sample size is large. Because of the dependence of the test of a
sharp hypothesis on a correct model specification, it is our contention
that sharp hyﬁotheses cannot be sensibly tested with economic data. We
should instead concentrate on the composite hypothesis that parameters

are close to zero. However, in this case the neighborhood hypothesis
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that Yy and 821 are small is not testable because the model is underidentified.

In the remainder of this section we consider two specific examples of

specification error for which the "causality" test results are misleading.
For the first case we focus on the effect of observation errors on the

test for causality. We assume that the observed variables are

and

Xe ™ X T Upr

where u, and vt are independent white noise processeé with zero means and
variances 05 and 03 respectively. Least squares estimates of the reduced

form model of Section II would yield

r i
2 2 2 2
712912% ~ "11922% 711%12% = 712°11%
my ¥ = M2 ¥ 5
[s) (o}
(17) Plim(f) = 2 2 2 2
. M92%12% = "21922% 921912% ~ "22911%
21 = Moy =
o ) g
L -

where cij are elements of the covariance matrix of y and X and O = 911%2 ~ O19°
1f Tyl equals zero, then observation errors will bias ﬁ21 away from zero.
For large samples, we would always reject the true hypothesis that y is
not informative about x. As ﬂél is biased away from zero the observation
errors could also bias a non-zero "12 towards zero:él In this case, the
causality test could detect "one way causality' but in the wrong direction.

The remaining example suggests that the causality results can be

dominated by a left out variable that influences x and y with a different

lag structure. We illustrate this point with the model
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and

(19)

-14=

Ye = BpaVer Y V% t e

X, = BygXe g Y Y2 t Epe

where y and x are independently caused by z, and z,_q respecti&ely. We

assume that z, is a known white noise process with variance oi which 1is

excluded from the regressions. If we test for causality between y and x

by regressing these variables on past y and x we obtain

(20)

where the oij

Plim(ﬁ‘) =

b

B11

Y1Y2%,%%x

g g -0
XX yy Xy

6 o -02
XX yy xy

.

are elements of the covariance matrix of x and y. The

causality test would indicate a one way causal system in which y causes x.

This result occurs because the left out variable influences y before it has

an impact on x, so that lagged values of y are important in explaining x.
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V. Concluding Remarks

We have discussed three hypotheses which describe the extent to which
y influences x. These hypotheses were the hypothesis of causality in
which disturbances in y are not transmitted to x, the hypothesis of exo-
geneity in which the current disturbance in y .is not transmitted to
current x, and the hypothesis of informativeness in which an optimal
prediction of x does not depend on y. Only the latter hypothesis of
informativeness, which entails a zero restriction on a parameter of the
reduced form, turns out to be completely testable. If there is no speci-
fication error, it is possible to gather evidence against thé causality
- hypothesis but not in favor of it. However, evidence which apparently
‘casts doubt on the causality hypothesis can be attributéd to the slightest
misspecification. We also demonstrated that the Sims test for causality
is actually a test of the informativeness hypothesis and is not a test

for exogeneity or causality as is generally believed.
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FOOTNOTES

1This point is clearly appreciated by both Granger and Sims. This
is also true of other points made later in the paper.

2We do not mean to imply that Sims views the test as a test for
exogeneity. As Sims (1977) has subsequently pointed out, this is a pro-

blem of semantics.

3If “12 < 0, for instance, then the bias term is unambiguously positive

and ﬁiZ is biased in the direction of zero.



