NBER WORKING PAPER SERIES

INTERPRETING COINTEGRATED MODELS

Jdohn Y. Campbell
Robert J. Shiller

Working Paper No, 2568

NATIONAL BUREAU OF ECONOMIC RESEARCH
1050 Massachusetts Avenue
Cambridge, MA 02138
April 1988

The research reported here is part of the NBER's research program in Financial
Markets and Monetary Economfcs. Any opinions expressed are those of the authors
and not those of the National Bureau of Economic Research.




NBER Working Paper #2568
April 1988

Interpreting Cointegrated Models
ABSTRACT

Error-correction models for cointegrated economic variables are
commonly interpreted as reflecting partial adjustment of one variable to
another. We show that error-correction models may also arise because one
variable forecasts another. Reduced-form estimates of error-correction
models cannot be used to distinguish these interpretations. Imn an
application, we show that the estimated coefficlents in the Marsh-Merton
[1987] error-correction model of dividend behavior in the stock market
are roughly implied by a near-rational expectations model wherein
dividends are persistent and prices are disturbed by some persistent
random noise. Their results thus do not demonstrate partial adjustment or
"smoothing" by managers, but may reflect little more than the persistence

of dividends and the neisiness of prices.

John Y. Campbell Robert J. Shiller
Woodrow Wilson Scheool Cowles Foundation
Princeton University . Yale University
Princeton, New Jersey 08544 Box 2125 Yale Station
609 452-4787 New Haven, CT 06520

203 432-3708



1. Introduction

The notion of cointegration among variables has introduced a new
flexibility into the modelling of economic time series. -As defined by
Engle and Granger [1987], two variables are cointegrated (of order {1,1))
if each variable individually {s stationary in first differences
(integrated of order 1), but some linear combination of the variables is
stationary in levels (integrated of order 0). The notion of cointegration
is a gpeclal case of the notion of dynamic aggregation introduced by Aoki
[1968,1971). Many economic variables might plausibly be cointegrated-
when correctly measured, sometimes in natural or sometimes in log units;
examples a?e consumption and income, short and long term interest rates,
and stock prices and dividéndsl. |

The concepts of cointegration and error-correction are claogely
related. - An error-correction model for two variables relates the changes
in the variables to laggéd changes and a lagged linear combination of
1eve152. This type of model was introduced by Phillips [1954]) and Sargan
[1964] and has been promoted by David Hendry and others in a series of
papers (Davidgon, Hendry, Srba and Yeo [1978], Hendry and von Ungern-
Sternberg [1981], Davidson and Hendry [1981], Hendry and Richard {1983],

Hendry [1983,1986]). Engle and Granger [1987], following the work of

1 More generally, a set of variables is cointegrated of order (d,b)
if each variable individually is integrated of order d, but at least one
linear combination exists which is of order (d4-b). Most of the :
literature focuses on the case d=1, b-1 and we will do the same here.

2 This definition follows Engle and Granger [1987]. Much of the
literature uses a single equation relating the change in one variabls to
the contemporaneous change in the other, lagged changes in both variables
and a lagged linear combination of levels. We discuss the single-
equation approach further below.



Granger [1981,19683], show that two variables which are cointegrated of
order (1,1) have an error-correction representation. The linear
combination of levels which enters the error-correction model is just
that combination which is stationary in levels.

There is alsc a less formal link between cointegratlon and error-
correction. The same kind of story is often used te motivate both these
concepts. In the words of Granger [1986], for example,

rat the least sophisticated level of economic theory lies the belief

that certain pairs of economic variables should not diverge from each

other by too great an extent, at least in the long-run. Thus, such
variables may drift apart in the short-run or according to seasonal
factors, but if they continue to be too far apart in the long-run,
then economic forces, such as a market mechanism or government
jntervention, will begin to bring them together again®.
There is a suggestion here that "economic forces", at least those that we
understand, are better at explaining long-run tendencies than short-run
wiggles in the series. Economic theory, Granger seems to say, is valld
for describing the long-run equilibrium, but random shocks knock the
economy away from equilibrium and it moves back only slowly. Why is the
adjustment back to equilibrium not instantaneous? He does not say. We
suppose that he may intend such things as sticky prices, long-term
contracts, costs of adjustment, and other factors that may be difficult
to model.

Engle and Granger [1987] introduce some terminology which fits
naturally with this account. They describe cointegrated variables as
being in equilibrium when the stationary linear combination of their
levels is at its unconditional mean (assumed equal to zero for

simplicity). Most of the time, this combination of levels is not Zero



and the system is out of equilibrium; but because the combination of
levels is statiomary, there is a tendency for the system to return to
equilibrium. Engle and Granger call the stationary combination of levels
the "equilibrium error". An error-correction model can then be thought
of as a description of the stochastic process by which the economy
eliminates or corrects the equilibrium error.

This motivation for error-correction models suggests a world in which
economic theory describes the long run rather than the short rum, and in
which unspecified factors cause the economy to respond slowly to random
shocksa. The terminclogy makes it natural to think that the equilibrium
error appears in the equations describing changes of economic variables
because these variables respond to the error in order to eliminate it,

As Davidson and Hendry [1981] put it, there is s "servo-mechanism" which
returns the economy to equilibrium.

The purpose of this paper ls to make it clear that there is an
alternative way in which ceintegration may arise, and to illustrate such
an alternative interpretation of an error-correction model proposed by
Marsh and Merton [1987] to describe the dividend-setting behavior of
firms.

Engle and Granger’'s result, that cointegrated variables have an error-
correction representation, can be thought of as a statement about Granger
causality: the stationary linear combination of levels must Granger cause

the change in at least one of the cointegrated variables. Now it is well

3 Engle and Granger do say that their notion of equilibrium is just
"a stationary point characterized by forces which tend to push the
economy back toward equilibrium whenever it moves away®. Their notion of
equilibrium is specific teo the error-correction model they define, and
has no clear relation to other concepts of equilibrium in economics.
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known that Granger causality from a variable z, to a variable z, can
arise for two reasons. The variable z, may cause 22 in the common-
language sense, or instead the variable z) may anticipate or forecast zZ,-
In the former case an intervention which changes the stochastic process

for z, will change the behavior of 2y, while in the latter case an

1
intervention which changes the stochastic process for z, will change the
behavior of Z- In Sims’ [1377] terminclogy, while both show causal
orderings from z to Zg in the former case there is a "structural”
ordering from z) to z,, in the latter case a "structural" ordering from
z, to z;.

The motivation for cointegration given above stresses the idea that
the equilibrium error gauges changes in the variables of the model. We
wish to emphasize instead the possibility that the equilibrium error
results from agents’ forecasts of these changes.

As a concrete example, consider the term structure of interest rates.
If the "expectations theory of the term structure" holds -- that is, if
expected returns on bonds of all maturities are equal, up to a constant
term premium -- then the yield on a long bond can be written
approximately as a present value of expected future short-term interest
ratesk. The yleld spread, the difference between the long bond yield and
the current short-term rate, can be written as a present value of
expected future changes in short-term interest rates. It is also

proportional to the expected change in the long-term rate over the next

period. Campbell and Shiller {1987a] point out that interest rates must

4 See Shiller [1979], Shiller, Campbell and Schoenholtz [1983] or
Shiller [1987].



then be cointegrated 1f short rates are integrated of order one. The
vector of short- and long-term interest rates follows an error-correction
model in which the yleld spread is the equilibrium error.

In this example it is possible that the yield spread actually does
have some causal influence on changes in short rates (presumably by
influencing the behavior of the Federal Reserve Board), but this is not
necessary for the cointegration result. The example does rely crucially
on the ildea that market participants have information which is relevant
for forecasting short-term interest rates, beyond the history of short
rates themselves, If this were not true -- for example, if bond market
participants relied on a univariate AR(1) model to forecast short rates -
- then the long rate would be a deterministic functiom of current and
lagged short rates, and the error-correction model for the term structure
would be trivial. The expectations theory of the term structure explains
randomness in the relation between short and long term interest rates,
not by allowing random error in the equation relating long rates to
expected future short rates, but by superior market informarion which
breaks the deterministic link between current and lagged short rates and
expected future short ra:ass.

It is clear from this example that cointegration can arise even in a
well-organized market with ne adjustment costs, where there is no true
causal role for the equilibrium error. The essential features of the

example are that one variable (the long-term Interest rate) reflects

3 Nickell [1985] discusses some univariate forecasting models. He
derives deterministic equations relating agents' forecasts to the history
of the variable they are forecasting. Salmon [1982] appeals to random
optimization error to break the deterministic relationship.
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agents' rational expectations of the future of another variable (the
shoft-term interest rate) which follows an integrated process. Agents
have more information about the variable they are trying te forecast than
{s contained in the histery of that variable alone. We believe that
these features characterize a wide variety of economic situations.

In the next section of the paper we make these polnts more formally.
We first show how an error-correction model can be rewritten as a vector
autoregression (VAR). The VAR form of the model is particularly
convenient for analyzing forward-locking behavior. We then show formally
how cointegration can arise when agents are forecasting and have ratiomal
expectations. In particular, we study the implications of a "present
value model™ which restricts one variable Yt to be linear in the
rationally expected present value of future realizations of another
variable Y. This model implies that Ye and Yt are colntegrated if Ye is
stationary in first differences. It also imposes more specific
restrictions on the joint time-series behavior of Y. and Yt'

These restrictions can be tested om the VAR which corresponds to the
error-correction medel for Ye and Yt' It is also possible to test
restrictions on single eguations. We note, however, that the present
value model has no implications for the error-correction equation in
which Ayt (or AYt) is regressed on AYt {oT Ayt), St-l’ and perhaps lagged
changes in Ye and Yt.s

In the third section of this paper we show how these points apply to

Marsh and Merton’s [1987] model of dividends and prices on common stock.

6 Nickell [1985] makes a similar point. Davidsen, Hendry, Srba and
Yeo [1978] and later papers by David Hendry and his co-authors use the
single "error-correction equation" described here.

8



Marsh and Merton estimate a nonlinear error-correction equation which
(approximately) relates log dividend changes to log price changes and the
lagged log dividend-price ratio. They interpret their results as
evidence for a structural model of managers’ dividend-setting behavier;
the structural model involves both partial adjustment by managers and
rational valuation of firms by the stock market.

Applying the analysis of cointegrated models sketched above, we argue
that the Marsh-Merton equation is evidence neither for partial adjustment
nor for rationmal valuation. An error-correction model for dividends and
prices should exist whenever there is any forward-lookipg behavior of
stock prices, whether or not managers set dividends by partial
adjustment, and whether or not prices are fully raticnal. The hypothesis
of full rationality can be tested jointly with a hypothesis abou;‘the
behavior of discount tates in a varlety of ways (Campbell and Shiller
[1987a, 1987b], but not using the error-correction equation which Marsh
and Merton estimate.

To illustrate the point more apecifically, we show that very similar
results to Marsh and Merton's can be obtained from artificial data for
which the log dividend follows a Wiener process and the stock price is a

rational forecast "contaminated" by random noise.



2. Forward-lock Cointegrated Mod : v
Let us consider a vector x, containing two variables Ye and Yt: X, =
[yt Yt]'. We assume that x, is cointegrated of order (1,1}, with an

equilibrium error St equal to Yt-ﬂy The use of the notatiom St follows

g
Campbell and Shiller [1987a], whe call St the "spread" between Yt and Ve
Without loss of generality, we have normalized the spread so that it has
a unit coefficient on Yt.

The Granger Representation Theorem (Engle and Granger [1987]) implies

that x, obeys an error-correction model of the form

(1) B(L)Ax, = - 28 _, +e,

where B(L) is a two-by-two matrix polynomial in the lag operator of order
g, A is a column vector with twe elements, not both of which are zero,
and et is a white noise error termT. Here, since at least one element of

A is nonzero, there must be Granger causality from Sc to Ax,_, as

£
discussed sbove.

Equation (1) isg not a vector autoregression, but it is straightforward
to rewrite the system as a VAR for Ayt and St. or alternatively as a VAR
for AYt and St. It is easiest to see how this is done in a first-order

error-correction model (where the order q of B(L) is one). In this case

we can rewrite (1) as

(2) Axt - BAxt_l - Ast-l +e.

? Engle and Granger allow e_ to have an invertible moving average
structure. However by increasing the order of B(L), one can obtain a
representation in which e, is arbitrarily close to white noise.
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Now define a matrix M such that MAxt - [Ay: ast]'. The first row of M

is just [1 0] and the second row is [-# 1]. Then from (2) we have
-1
(3) [Ayt] - MBM [Ayt_l] - MAS L+ Me .
A, as,

This system can be rearranged so that it describes levels rather than

differences of St' The result is a second-order VAR for the vector

[Ayt St]':

(&) G(L) [Ayt ] - u,

Se

where the matrix pelynomial G(L) has order p=2. There are eight

coefficients in G(L), but by inspection of equation (3) two of these, the
coefficients on Ayt-Z' are equal to‘zero. The six remaining coefficlents
are linear transformations of the six coefficients In (3). We write the

coefficient of the 1'th variable in [Ayt $_]', on the j'th variable

el
lagged k times, as 1ijk'

This analysis generalizes in an obviocus way to the case where the
order q of the original error-correction model is greater than cne., A
q’th-order error-correction model gives a p'th-order VAR, with p-q+i and
two zerc coefficilents on ayt_p. To cbtain a VAR for AYt and .. one
proceeds as above, premultiplying (2) by a matrix N with first row [0 1]

and second row [-# 1]. Again the resulting VAR has two zero

restrictions.
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Tﬁe VAR representation in equation (4) is particularly useful when one
wishes to analyze a forward-looking model. This 1s because there is a
mechanical formula which glves the optimal k-period-ahead forecast of the
variables in the VAR, conditional con an information set Ht which Includes
only current and lagged values of these variables (that 1is, current and
lagged values of Ye and Yt). We define a new vector z, = [Ayt .

Then z, follows a vector AR(l) process, z_ =

4
8 o141 Se o Seprnl’e t

Azt-l + Ver where A, the "companlon matrix" of the VAR, has the form

() A = 711 00 T 121 0 M1zp
1
1
Y211 -7 Ta1p T221 0 T22p
1
b l -

The multi-peried forecasting formula is just

Akz

(6) Elz . [H.] - A%z

We now show how agents' forecasting can generate a forward-looking
cointegrated model. We use the VAR representation above to analyze this
model. Consider the following relationship between the variables Ve and

Yt:

L-- ]
i
(7) Y¥_= #{1-8) = 6 E + .
t 1=0 e+
Campbell and Shiller [1%87a] call this a "present value model”. It
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states that Y is a linear function of the present value of expected
future Yer where expectations E are taken conditional on the informat1on
set It of economic agentss. We assume that Ht' the 1nformat10n set
Qefined ?bove conslsting of Yer Y, and their lags, is a subset of 1.

Equation (7) has three parameters: §, the discount factor in ch;
present value formulg; i, the slgpe coefficient; aﬁd ¢, a constant term.
fhere i3 no error in (7}, =0 it is ﬁhat Hansen and Sargent [1981] cali an
"exact 11nea¥ rational expectations mod#l'. ‘Below we discuss the
implications of allowing‘white noige, or more generally a statibﬁary -
error term to enter the equation.

A relation of the form (7) can arise in several different ways. 1If we
take Yt to be a consol yield and Y. to be a shorp-term iqterest rate,
then (7) holds to a linear apprqximation‘if expected returns on bond§ of
all maturities differ omly by ; constant. In this case § Is a parameter
of linearization, § = 1 and c is interpreted &s a term pfemiuﬁ. If we.
interpret Yt as a sfock price and Ye as the correspoﬁding diyiden&, then -
(7)-holds if the discount rate on the stock is constant through time. In
this case 4§ = §/(1-§) and ¢ = 0. Both these examples are dlscus;ed in
Campbell and Shiller [1987&]; Campbell and Shiller [198?b] show that (7)
can also be derived as a llnegr apﬁroximation 1f we interprast Yt as a ng
stock price and Y, as a log diyidend, adjusted if necessary for a time-

varying discount rate on stock, and this interpretation will-be used in
our discussion of the Marsh-Merton médel below. - |

The present value model alse describes the relation between

8 Here and elsewhere we take conditional expectations to ba
equivalent to linear projectilons en information.
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consumpfion and income under the permanent income hypothesis. If Yt is
the excess of consumption over capital income and Ye is labor income,
then (7) follows from the model of Hall [1978] and Flavin [1981].
Campbell [1987] discusses this case,

More generally, equatien (7} is the solution to a linear-quadratic
intertemporal optimization problem where Yt is a control variable and Ye
is a target variable. Nickell [1985] shows that agents minimizing a loss
function which 1s linear in the expected present value of squared changes
in the contrel and squared deviations of the contrel from the target will
set Yt according to (7), with a zero constant term. )

An important aspect of Campbell and Shiller [1987a] is that thé
present value model implies cointegration between Yt and Y. if Ye is
first-order integrated. Speciffcally, the spread St - Yt-ﬂyt is
stationary. To see this, note that the sum of the welghts in the first

term on the right hand side of (7) is é. Therefore (7) implies

|
(8) § = 8(1-§Y T § (E ¥y o+ e
t 1=0 tyt+i t

o .1
- § I & EAy + c,
1=l t T+l
where the second equality follows by writing (yt+i'yt) =AY .t - +
Ayt+i’ and collecting terms. Equation (8) shows that St is stationary
when sy, is stationary.

The present value model also implies a linear relation between St and

the expectation of the one-period change in Yt' We have

14



(9 EtAYt+1 - ((1-6)/6)5t + ((1-8)/8)c.

This shows that AYt is stationary when St is stationary.

Since Ye and Yt are colntegrated, we know that VAR representations
exist for Ayt and St, or AYt and St' The present value model puts cross-
equation restrictions on the parameters of these VARs. Before stating
the restrictions formally, we note the following proposition‘about the
pattern of Granger causality between St’ Ayt and ﬂYt:

Proposition. If the cointegrated present value model holds, then
either St is an exact linear function of current and lagged Ayt or St
Granger causes Ayt and AYt'

The intuition behind this statement is straightforward, and was given
in the introduction. Either market participants have extra information

relevant for forecasting Ay beyond the history of this variable, or

t+l’
they do not. If they do not have superior information, then they form S,
a5 a linear function of their relevant information Ay oo Ayt-p‘ 1f
they do have superior information, then St incorporates it and will
Granger cause Ayt. A similar argument can be made for the relation
between St and AYt'

The formal proof of this propesition invelves a projection argument.
Consider projecting equation (8) onto the information set Ht which
includes current and lagged values of ¥, and Yt‘ The left hand side is
unchanged because 5, is in H . The right hand side becomes an expected
present value, where expectations are now taken conditional on Ht rather
than agents' information set It'

Suppose that St does not Granger cause Ayt. Then the expected value

15



of AY 4y conditional on Ht' iz an exact linear function of current and
lagged values of Ay, . It follows that the right hand side of the
projected equation (8) is an exact linmear functionm, so St itself must be
an exact linear function of current and lagged values of Ay, which is
what we needed to prove. A similar argument can be made for St and AYt
by projecting equation (9} onto the information set Ht'

In practical applications we do net observe exact linear relationships
between cointegrated variables. The propesition then implies that there
must be Granger causality from the spread or equilibrium exrror St to beth
cointegrated variables, if the system is to abey the present value model.

In some circumstances one might want to add a statlonmary error term to
equation (7). This could represent a time-varying term premium, the
influence of noise traders on stock prices, or transitory consumption,
depending on the application. Once an error term appears in (7), the
propesition above no longer holds. The error term will make the
relationship between Yt and Yo stochastic, even if agents have no
information relevant for forecasting Ye beyond the history of Ye itself.
However St will Granger cause Yt and Ye whenever agents have superior
information, and we regard this as the normal situation.

The present value model (7) has much tighter implications than those
stated in the proposition above. These can be stated conveniently using
the companion form of the VAR for Ay and St. Recall that z, is defined

S and that it follows a

as the vector [Ayt e Ayt_p+1 £ St-p+1]"

vactor AR(1l) process, zt - Azt-l + vt, where the companion matrix A is
given in equation (5). Let us define g’ to be a row vector which picks

out St from the vector z : St -g'z,. {The vector g' has all elements
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zero except the p+l’st, which is unity). Let us define h' similarly, as
a row vector which picks out Ayt: ayt - h‘zt. Then projecting (8) onto

the VAR information set Ht' and using equation (6), we have

(10) s =g’z = S

ar
s:m 8 £ st wal z - smrsacrosay iz
t . t t
i=l
This equation says that the spread must equal the unrestricted forecast
of the present value of future Ayt from the VAR, evaluated using the
multi-period forecasting formula (5). We call this unrestricted forecast
9
St .
Equation (10) can be used teo evaluate the present value model In
several different ways. A standard formal approach would be to test the

restrictions on the coefficients of the VAR, g'-ﬂh'&A(I-EA)_l. which can

be rewritten in linear form if one postmultiplies by (I-64):
{11y g'{1-5A) = #h'SA.

Using the structure of the matrix A, one can write out the implications

of (11) for individual coefficients: k=1 - 1/6 -

Tore T ¥k XTLoPE Yo

31121: and Yoo = 'a112k’ k=2...p. These linear restrictions operate

across the two equations of the VAR; thus the equations describing St and

Ayt are each unrestricted when taken in isclation. The restrictions have

? The infinite weighted sum of powers of A must converge because the
variasbles S_ and Ay_'are statlionary. Equation (9) gives the closed-form
solution for this sum.- : :
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a simple intuitien in most applications. In the term structure, for
example, the regtfictions are that excess Teturns on long bonds over
short bonds are unpredictable given current and lagged values of Y, and
Yt.

It can be hard to interpret a statistical rejection of cross-equation
rastrlctioné, so Campbell and Shiller [1987a] propose an alternative
approach. They construct Sé, and compare itz historical behavior with
that of St. If the two variables move closely together, there is some
truth to the present value model even if the cross-equation restrictions
(11) can be rejected at conventional significance levels.

One might want to test the present value model (7) without using the
VAR approach developed above. There are at least two ways te do this.
First, one could form a variable £t - Y: - (1/6)[Yt_1-6(1~8)yt_1].
Substitution from (7) shows that

(12) ¢, =Y - E_ .Y +c(l-1/5).

t-1
The variable it can be interpreted as an excess return in applications to
the stock and bond warkets. Equation (12) says that et is unpredictable
given information known in advance; a regression of ft on lagged
variables should give zero coefficients apart from a constant termlo
Alternatively, one could use aquation (9) to restrict the equation of
the error-correction model (1) which describes AYt. In the regression of

AYt on St_1 and lagged values of Ay and AY, the coefficient on st-l

10 This single-equation approach is closely related to a test of
{11) on the VAR. In fact, one can obtain numerically identical test
statistics using (11) and (12).
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should be (1-§)/6, and all other coefficients should be zero. In the
term structure, for example, the yield spread should be the optimal
forecast of the change in the long-term interest rate over the following
period.

We have seen that there are valid single-equation regression tests of
the present value model. But it {s important to note that one capnot

test the model by regressing Ayt (or AYt) on AYt (or Ayt), 5 and lags.

t-1l
This type of regression 1s used by David Hendry and his co-authors, and
Marsh and Merton's equation can be iInterpreted in this way. But the
present value model has ne implications for this regression.

It is easy to see why thig is so. We have seen from equation (9) that

the regression of AYt on § and other lagged variables is restricted by

t-1
the model. But our analysis of equation (ll) showed that the regression

of Ayt on § and lags is not restricted, and the correlation between

c-1
AYt and Ayt ia not restricted. Therefore when both Ayc and AYt appear in
the regression equation (one as the dependent varisble and one as a

regressor}, the coefficients of the equation are unrestricted by the

present value model.
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3. e Marsh-Merton Mode Dividend Behavior in the Sto ket

Terry Marsh and Robert Merton [1987] have set forth what they describe
as an error-correction model of the dividend-setting behavior of firms’
managers. Thelr argument is provocative, in ralsing the issue of how
dividends are set by managerz In the context of rational expectations
models, and suggesting that price may well drive dividends rather than
the other way around as commonly assumed. They hypothesized that firms’
managers have a "target ratio” of dividends per share to price per share,
and adjust dividends to price changes in such a way as to bring dividends
gradually back te this target ratie. This same hypothesis can be
described in another way. Markets are efficient, they assumed, so that
price per share is proportional to a long run or "permanent” earnings per
share as optimally forecasted by the market. They described their
hypothesis as that managers have a target payout ratio of dividends to
permanent earnings and adjust dividends when permanent earnings change,
so as to bring dividends back Inte alignment with the target ratie to
earnings. Thelr model is thus an updated version of John Lintner's {1956)
partial adjustment model of dividends to earnings, the change being
essentlally the substitution of permanent earnings for earnings.

They estimated a nonlinear error-correction model using annual data on
New York Stock Exchange stocks from the Center for Research in Security
Prices, 1926-81. They took Pt to be the end of year price of a value-
welghted portfolio, and Dt to be the total of dividends pald over the
year (summing the monthly dividend series for the year). The (ordinary

least squares) estimated model (with standard errors in parentheses) that
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they gave was:l1

log(D,,,) - log(D.) + D /P = -0.101 + 0.437log((P, + D }/P_ ;)

el e-l (0.157)  (0.064)
(13 - 0.0421og(D./P. ) + u
(0.050) tt-1 t
-2
&% - 0.47 D. W. = 1.53

They reported roughly similar results when gemeralized least squares was
performed, or when a data series using the Standard and Poor Composite
Index 1928-80 was used.

Their interpretation of this estimated regression was similar to that
made of other estimated error correction models in the literature: solely
asg representing the sluggish response to errors of economic agents. They
noted that the point estimate of the coefficient of 105((Pt+nt)/P:-1) is
"subgstantial in magnitude and highly significant.” They concluded that
"this finding is consistent with the hypothesis that the market price is
a good indicator of permanent earnings and that managers systematically
change dividends in response to an unanticipated change in permanent
earnings.” The inference {3 that managers are highly rational forecasters
who behave as if they trust the efficient market to forecast their own
earnings. They noted also that this estimated coefficient was
"signficantly lesa than one,” and concluded that "this finding is also
consistent with Lintner’s stylized fact that managers smooth dividends

responding to a partial adjustment fashion to an unanticipated change in

Nerry Marsh and Robert Merton, *Dividend Behavior for the
Aggregate Stock Market," Journal of Business, 1987, p. 17.
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permanent earnings."l2 They noted that the coefficient of 1og(Dt/Pt_1) is

negative, which is "consistent with the hypothesis that this ratio
converges to a long-run stationary distribution,” and that "the point
estimates for the speed of adjustment are, however, rather small, which
at best suggests that a substantial period of time is required for the
dividend-price ratio to converge to its steady-state distribution."13
They described these results as reassuring us that "the data tend to
support such ‘superrational' forecasting behavier by managers even in the
relatively unimportant area of dividend policy.“la

But ought we to take their results as suggesting that managers behave
this way? In effect, they have discovered a correlation of dividend
changes with lagged price changes. But as we have discussed above, a
correlation of dividend with lagged price can come about not only because
dividend responds to price, but because price responds to information
about future dividends. This, in fact, has been the customary

interpretation, before Marsh and Mertom, of the correlation of prices

with dividends, and we should not dismiss this old interpretation

12:pid, p. 18.

13 ibid. p. 19. The steady-state behavior of this equation can be
considered only by adding another equation to the model: Pt 1" P /6 -
D +1 + vt , which follows from the present value relation tequatlon (7
agove apptied to prices and dividends as discussed above) where v 1 1s
the new information about dividends that appeared between t and t$ For
estimated values of parameters, the estimated system does tend to
converge gradually to a steady state for most reasonable Initial
conditions. If equation shocks cause dividends to become too large, the
system will erash (arguments of log functionms become negative) but this
does not normally seem to cccur. Simulation of this system confirms that
it tends to converge on a steady state even if the coefficient of
lag(Dt/Pt-l) is small and positive.

b9, p. 21.
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lightly.
In order to understand Marsh and Merton’s results in more detail, we
would like to be able to relate thelr equation to a present value model

for stock prices and dividends. It is eritical to note at this point

just what the data alignment is, Pt iz end of year price, and Dt is
total for vear dividends. There is thus a time overlap between the log-

dividend change on thé left-hand side of (l3) with the variables on the
right-hand side, and we shall argue that the nature of this time overlap
is critical to interpreting thelr results.

Note that our present value model (7) included the current-year
dividend in the price, which should therefore be a beginning-of-year

price. Accordingly we set log(Dt) =y, and log(P In order to

e1) T Yo
obtain a log-linear equation, we drop the Dt/Pt_1 term on the left-hand
side and the Dc in the numerator in the second term on the right-hand
side. CGiven the stochastic propertlies of the data, neither of these

omissions will have much impact on the estimated coefficlents of the

mode1.15 The resulting equation is

{14) Ayt+1 =-a + bAYt+1 - cSt + ut.

where St - log(Pt_l) - log(Dt) - Yt " Yy b = .437 and ¢ - -.042,

This equation iz similar to Marsh and Merton’'s, but is easler to

lsuore formally, a linearization of (13) is Ay 41 = constant +
0.437 (exp(w) /{exp(w)+exp(x))AY 1 (0.437exp(x)/ (Eexp(w)+ exp(x)) -
042 - exp(x))S_ + u_. Choosfng peints of linearization exp(w) = 1.05
and exp(x) = .05, the equation hecomes Ay = constant + 0.417AY +l +
0.0728t + u_. The coefficients are not sufs%antially different beFwden
{13) and thé linearized wodel, hence we expect roughly the same
coefficients if (14) is estimated instead of (13).
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relate to our previous analysis, Two conclusions follow immedlately from
that discussion. First, if S, = log(P__;) - log(D) has explanatory

-poﬁar for &Y, 4 ™ Alog(D this could just as easily be due to

t+1)'
forecasting as to & structural causal relationship. Secondly, the log-
linear present value model cannot be tested using (13} or (l4) for the
reasons given at the end of the previous section. One camnot use the
Marsh-Merton equation to judge whether the stock market forecasts
dividends rationally.

VWhile these points hold very generally, it is worthwhile alss to
consider in the Marsh-Merton model the issue of data aligmment and time
overlaﬁ in a more preciée way. Consider a world in which dividends flow
continuouslyl Then, operating in continuous time, and distegarding for
purposes of approximation the distinction between logs of averages and
averages of logs, we may take:

t
{15) log(Dt) =¥, - Jt-l asds
where as is the instantaneous flow of log dividends at time s. Consider a
very simple as;umption about the instantaneous flow of log dividends:
that these are a Wliener process, where the variance of the one-peried
change is 52.15 Then, if the information set available to the market for
forecasting is lagged dividends, i.e., there is no superior information,
and taking a continuous time version of (7) above where § = exp(-r), the

log price at time t is proportiomal to the instantanecus flow of log

’ 2
dividgnd at, it is given by log(Pt? =Y 1" at -log(r-{“/2). Thus, (14)

16 A discrete time version of this model has been proposed by
Kleidon [1986].
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can be rewritten:

t+l t+1
(16) Jéas -d )ds =a+Db(d.-d )+ c(kls_lds -3, )+
The theoretical regression coefficients for this regression are a = 0, b
= 1.00 and ¢ = -1.00, and the theoretical R2 is 0.5. With these
coefficients, the at_l terms on the right-hand side of (16) drop out and
the right hand side becomes at - f(t,t+1)as_1ds. It 1s easy to see why
these coefficients arise: The dependent variable in (16) equals Bt ht
where B, = f(t,t+l)asds - at and ht equals at - I(t,t+1)as_1ds. Now B is
determined only by innovations after t, ht by innovations before t, so
the best possible forecast of g, + hc at time t is ht. By symmetry, By
and ht have the same variance, hence the R2 is 0.5.

That these theoretical regreéslon coefficients will apply
approximately to the Marsh-Merton regression (13) (for plausible
parameter values if log dividends were a Wiener process and prices were
set in accordance with rational expectations) can be confirmed with a
Monte-Carlo experiment. In each iteration, a monthly Gaussian random walk
was generated where the standard deviation { of the monthly change was
.03, This was exponentiated to create a monthly lognormal dividend
series, and the monthly series was averaged over 12 periods to create an
annual series of dividends. Price Pt was D*t/(r - ;2/2) wvhere r, the
monthly interest rate, was .007 and b*_ was the dividend in the last
month of the year. The variables in equation (13) were generated, and the
regression run for 54 observations (as with Marsh and Merten). With 1000
iterations, the average coefficient of log((Dc+Pt)/Pt-1) was 1.076 (with

a standard deviation across iterations of 0.213), the average coefficient
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of log(Dt/Pt_ll was -1.014 (with a standard deviation of 0.}27), the
average R° was 0.432 (with standard deviation 0.098) and the average
Durbin-Watson statistic was 1.762 (vith a standard deviation of 0.073).%7

Now these regression coefficlents have the same signs as the
coefficients in the Marsh-Merton regression. This suggests that the
Marsh-Merton results are rélated to the data overlap. But the estimated
coefficients are much larger in absolute value than are the coefficients
that Marsh and Merton estimated. We can easily fix this by adding a
little nolse to price, so that by standard errors in variables results,
there is a downward bilas to the coefficlents,

We have indeed argued in earlier papers that there is likely to be a
'‘nolse’ or 'fads' component in stock prices (Shiller [1981,1984],
Campbell and Kyle [1986]). If such a noise component resembles, say, an
AR-1 process independent of dividends and with a high autoregressive
parameter, then this component may substantially increase the variance of
prices without making returns on stocks very forecastable. The noise
story thus generates a 'near rational expectations' model in which there
are no dramatic profit opportunities to people who understand the noise,
but in which stock prices behavior may be dominated by the noise. That

stock prices appear to have such a noise component has been claimed by

170f course, the standard errors for the averages can be derived by
dividing the standard deviations by the square root of 1000. We alse
experimented with an AR-1 process for the log dividend, Instead of a
Wiener process. Monte-Carlo experiments analogous to the one just
described tended to produce a coeffleient of log{((F_+D_}/P } greater
than one and of log(D /Pt— ) as negative and substantidlly less than one
1n absolute value., This &xdAmple does not accurately mimic actual stock
prices, since if the autoregressive coefficient is even slightly less
than one it implies that prices are substantially less wvolatile than
dividends.
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DeBondt and Thaler [1985], Fama and French [1986], and Poterba and
Summers [1987]. For our present purposes, this particular neise story is
very helpful, in that it contributes a much bigger error term (relative
to the true value) to the third term in equation (13) (which has the
level of stock prices in it) than in the second term of equation (13)

" (which has the change in stock prices in it). Thus, this noise term could
greatly reduce abgolute value of the coefficient ¢ and reduce the
coefficient b to a lesser exteng. In considering this possibility, bear
in mind that {f the third term in (16) is omitted from the regression,
then the theoretical coefficient b of the second term is .5, roughly the
value obtained by Marsh and Merton, and the thecoretical Rz i{s 0.375. If a
large enough error term is added to the third term in (16), then standard
errors in variables results imply that ita coefficient should be become
enly slightly less than zero, the coefficient b to be reduced to near
0.5, and the R2 around 0.375. This would bring us to the vicinity of the
Marsh-Merton results.

We confirmed that this may explain the general nature of the Marsh-
Merton results (13) using & Monte-Carlo procedure. For each iteration of
the Monte Carlo we generated, as before, a Gaussian random walk v, for
monthly log dividends, where the standard deviation of the error term was
{ = .03. We generated another independent first-.order autoregressive
process x, (with initial value not zero but a drawing from the
unconditional distribution of the process) with autoregressive parameter
g = .97 for annual data and standard deviation of the error term as .05.
The monthly dividend was exp(wt). and the annual dividend series Dt was

taken as the sum for each year of the 12 monthly dividends. Price was Pt
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- exp(xt)D*t/(r - ;2/2). where D*t is the dividend for the last month of
the year, and the monthly interest rate was 0.7%. These parameters were
chosen as toughly plausible values for actual data. The AR-1 process has
an unconditional standard deviation of .05/(1-52)'5 = ,206, which means
that price typically runs * 20% of the ratiomal expectations value D:/(r
- ;2/2), and occasionaily deviates by 50% or more from the rational
expectations value. Such a standard deviation is well within the bounds
claimed by Black [1986] and others. With these values of parameters and a
sample size of 54, for 1000 iterations the average estimated constant
term was -0.015 (with a standard deviation across iterations of 0,288},
the average estimated coefficient of log((D +F )/F_ ,) was 0.424
(standard deviation 0.116), the average coefficient of log(Dt/Pt-l) was -
.024 (standard deviation 0.110), the average Ez was 0.270 (standard
deviation 0.100) and the average Durbin-Watson statistic was 2.088
{standard deviation 0,186). The regression coefficients are remarkably
close to the Marsh-Merton figures. The iz and Durbin Watson statistic are
less closely matched (the Monte Carlo values are a couple of standard
deviations away from the Marsh-Merton values). The . model that generated
these coefflcients was extremely simple, and we would not expect a
perfect correspondence of parameters. We think these results suggest a

very different interpretation of the Marsh-Merten results.]'B

18 1f we drop the standard deviatien of the innovation in the AR-1
from .05 to .03, then in 1000 iterations the average coefficient of
log((P_+D )/P ) rises to 0.546, the average coefficient of log(D /P 1
moves Eo -0, 1&6 the average R becomes 0.308, and the average Dur inf
Watson statistic becomes 2.123.
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4. Conclusion

In describing human behavior, we must always seek some
gimplifications, since a complete and accurate description of behavior
would be vastly complicated. The interpretation commonly given to
reduced-form error correction models, as reflecting costly or sluggish
‘adjustment back to equilibrium, may be viewed sympathetically in this
light. In the Marsh and Merton example, managers de not literally set
dividends in response to price changes just as Marsh and Merton assert,
but perhaps there !s an element of truth to this characterization.
Managers do know the price of their stock, and this enters in
incalculable ways into the decision process that leads toe their decision
on dividend payouts, If their behavior warrants, we may say that they are
behaving roughly ag if they were cbeying a structural error-correction
model .

We should be careful however not to read teoo much Iinto such ‘as if’
interpretations of results, because people may behave simultaneously as
if they were dolng many very different things. We have seen in our
dividend example that an alternative structural model, a near-rational
expectations model, also implies the same sort of reduced-form error-
correction behavior. The near-rational expectations model, we think, is
quite as plausible as the sluggish adjustment model offered by Marsh and
Merton.

0f course, there is other evidence that can be brought to bear to
distinguish these two models and to refine them further. Relevant
evidence includes surveys of managers (Lintner [1956]), direct tests of

stock market pricing models (Campbell and Shiller [1987a,1987b] and many
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others), and evidence on the univariate time series behavior of dividends
and prices. 1In other specific examples, yet other kinds otj evidence may
be adduced. But in the absence of additional evidence, one should regard
the structural interpretation of an estimated error-correction model as

highly tentative at best.
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