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Within the past few years several articles bave
suggested that returns on large equity portfo-
lios may contain a significant predictable com-
ponent at borizons 3 to 6 years. Subsequently,
the tests used in these analyses bave been criti-
cized (appropriately) for baving widely misun-
derstood size and power, rendering the conclu-
‘sions inappropriate. This criticism bowever bas
not focused onthe data, it addressed the proper-
ties of the tests. In this article we adopt a subjec-
tivist analysis — treating the data as fixed — to
ascertain whetber the data bave anything to say
about the permanent/temporary decomposition.
The data speak clearly and they tell us that for
all intents and purposes, stock prices follow a
random walk.

Whether there exists a predictable component to the
returns on the stock market is a fundamental question
in finance. The existence of such a component would
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not be a prima facie cause to reject the notion of market efficiency, but
it would have strong implications about the nature of the time-series
properties of the investment opportunity set. If there were a nontrivial
predictable component in long-horizon stock returns, it would also af-
fect the way we test for long-run relationships between stock returns
and other variables. Samuelson (1988) demonstrates that if stock re-
turns are mean reverting, then investors with a relative risk aversion
coefficient greater than 1 should optimally invest proportionally more
in the stock market as their planning horizon lengthens. Fama and
French (1988) examine the serial dependencies in long-horizon stock
returns. They find correlation coefficients on the order of magnitude
of 28% to 60% for 3- to G-year returns on large portfolios. Fama and
French (1988) found this evidence compelling enough to revise a prior
belief that long-horizon market returns were unpredictable. Similarly,
Poterba and Summers (1988) use classical (or frequentist) statistical
inference and find that long-horizon stock returns show significant
negative serial correlations. They issue a clarion call for a research
agenda to discern whether this predictability is due to irrational trad-
ing (which generates long swings away from “intrinsic value”) or time-
varying risk premia.

Criticisms of the statistical tests of Fama and French and Poterba and
Summers were forthcoming. For example, Richardson (1993) notes
that Fama and French’s results could have been obtained if the data
were, in fact, generated by a pure random walk. In light of this, Fama
(1991), in surveying what we know about the data, suggests that 60
years worth of data is insufficient to learn about the long-term proper-
ties of the data (i.e., the spectral density at frequency 0). Note however
that Richardson’s critique focuses primarily on a particular statistical
technique, as opposed to the actual data.

Recent studies on return predictability have recognized the lack of
power of the univariate tests and have shifted to multivariate analysis
of predictability [Fama (1991)]. Common predictors include lagged in-
terest rates and the dividend price ratio [see, for example, Campbell
(1991)]. Despite the shift, a fresh look at the univariate case is valuable
for several reasons. First, the importance of the univariate findings is
still an open issue; as noted above, mean reverting behavior of the
stock market returns is of interest in its own right. Second, many of the
statistical problems that plague the univariate studies have analogs in
the multivariate setting. Third, this article sheds new light on the ear-
lier findings — both the original set of estimates, as well as their lack
of power. Finally, these predictor variables are themselves highly au-
tocorrelated, and data snooping concerns are certainly reduced when
historical prices comprise the set of predictors. We use Bayesian meth-
ods to shed light on these puzzling results. We also focus directly on
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predictability per se, as opposed to a particular null hypothesis that
suggests that there is no predictability.

The distributions of frequentist test statistics are derived by assum-
ing that the particular 60 years worth of data on hand is just one
possible such draw. For the purpose of addressing how much in-
formation is in the data on hand, such a stochastic specification is
unattractive. It involves integrating over possible draws (which may
bear little resemblance to the actual data) from the null hypothesis.
To refocus attention on the data itself, rather than the statistical tech-
nique, this article adopts a Bayesian framework that treats the data as
fixed. The parameters of the model are considered random variables.
Our analysis starts with a prior belief about the parameters and an-
alyzes the extent to which the data cause us to revise those beliefs.
Put differently, frequentist analysis conditions on the null hypothesis
and performs a hypothesis test that is designed to ascertain whether
the data on hand are unusual under the null; the subjectivist analysis
conditions on the data and a prior belief about the parameters. Thus,
the subjectivist approach, which we use in this article focuses on the
effect that the data have on our prior beliefs. In order to focus at-
tention on the data, we will evaluate the effect of the prior by using
several different priors.

The model that we specify is an unobserved components model
which allows stock prices to be generated by a process that includes
both a random walk and a stationary process. The two processes
are econometrically identified by assuming that they are mutually or-
thogonal [as in Watson (1986)]. We consider a variety of prior beliefs
about the parameter space. The priors that we specify are proper
so that we can analyse explicitly the implication of the prior for the
relevant functions of interest. In this case these functions of interest
include the ratio of the random walk variance to the total variance,
and measures of the persistence of shocks to the stationary process
and impulse response functions, as well as the regression coefficient
of the temporary component of long-horizon returns on their lags (p).

The combined effect of the predictability in the temporary com-
ponent and the relative magnitudes of the two components is sum-
marized by the regression coefficient of long-horizon returns on their
lags (B). Although Fama and French (1988) used B as an indication of
the amount of predictability in returns, this autoregression coefficient
gives a limited picture of maximum predictability. Since our model
fully specifies the time-series properties of returns, we can examine
the maximum reduction in forecast error variance attainable with #
lags of returns. We will also present prior and posterior probabilities
for measures of forecast error variance conditioned on various lengths

“of historical returns. The posterior densities of both of the regression
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coefficients, half-lives, variance ratios, and forecast error variance are
obtained directly, since our estimation procedure provides draws from
the conditional densities of the structural parameters of the unob-
served components model. The regression coefficients, for example,
are simply (deterministic) functions of the structural parameters. For
each prior, we combine the prior with the data and the likelihood to
construct the posterior densities of the parameters as well as the func-
tions of interest. This procedure provides posterior densities for the
functions of interest, such as the variance ratio. Thus, the estimation
procedure generates information about the location and precision of
parameters and functions directly, instead of obtaining a point esti-
mate and then having to evaluate the precision (or informativeness)
of that point estimate as a separate step. ’

We thus see exactly the sense in which the data on hand cause us
to revise our prior beliefs about these functions of interest. Despite the
frequentist conjecture that 60 some years is not an adequate sample
size to address these fundamental questions of interest, the data do
significantly cause us to revise our priors, in all cases. Specifically,
we find that unless the prior is very informative that the stationary
component is large, the data shift most of the probability mass into the
random walk component. More importantly, in all cases, the posterior
belief about the half-life of shocks to the stationary component is such
that this component is virtually nonstationary. The bottom line is that
the data do speak clearly about long-horizon predictability.

Finally, we use a diffuse prior over the hyperparameters of the
model to verify and shed light on the frequentist results. With a dif-
fuse prior, the results are similar to those obtained in the literature.
This provides evidence that the likelihood function is not driving the
results. We demonstrate that the problem with the diffuse prior on the
hyperparameters is that it has an unattractive implication for the prior
on B. The remainder of the article is organized as follows. Section 1
contains the model, a characterization of the estimation procedure,
and a summary of the functions of interest. The data are described
and the results of estimation are presented in Section 2. Section 3
provides a summary of the motivation and findings of the study.

1. Analytics

1.1 The model

Our analysis is conducted for quarterly stock returns. The model we
specify is an unobserved components model, which consists of a non-
stationary random walk (with drift) process and an orthogonal station-
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ary, autoregressive process for log price:

Dr=q+ z, 1)

G = G-+ 1+ w, ®)

where g is a random walk with Gaussian white noise, u ~ N(0, 03),
and z is a stationary process that is independent of u. Equation (1)
states that the stock price has two components: the random walk
component and the stationary component. Shocks to the random walk
component persist indefinitely, whereas shocks to the stationary com-
ponent are irrelevant for the construction of forecasts in the infinite
future. Notice that only p is observable; g and z are unobservable.
Nevertheless, by assuming mutual orthogonality, the parameters are
econometrically identified.!*2

In addition to the identifying restrictions noted above, complete
specification requires a model for the stationary component of returns.
Assume it has an AR(m) representation

=121+ + YUmZi—m + €, 3)

where €, ~ N(O, 062).3 The implied model for returns (prices are ad-
justed to include dividends paid and adjusted for stock splits) is

" = D1 — Dt
= (@+1 — @) + (z2141 — 21)
= U+ U1+ 2111 — 21 @

Because z; is stationary, so is z;41 — 2, which we denote x;. Equation
(4) states that the return is the sum of a white noise process (first
differenced random walk) and a stationary process.

This model was used by Watson (1986) to decompose GNP from a frequentist perspective. Earlier
examples of classical identification and estimation of unobserved components models include
Harvey (1985) and Nerlove et al. (1979).

Quah (1992) demonstrates that there are infinitely many identification schemes for the decom-
position of a nonstationary series into permanent and temporary components, depending on the
model for the nonstationary portion and the correlation between the two processes. For stock
prices, the random walk model is theoretically motivated, as is orthogonality between the random
walk and temporary component. An alternative tack to decompose the series employs additional
time series (e.g., dividend data) to identify structurally the components [see, e.g., Cochrane (1992)
and Cochrane and Sbordone (1988)].

The identifying restrictions in our model are identical to those of Fama and French (1988). Fama
and French do not, however, have to specify a model for the stationary process, since they directly
estimate the function of interest 8. This generality is costly though, because direct estimation of 8
is accomplished using a rolling-overlapping procedure that has a nontrivial effect, including bias,
on the estimation itself.
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