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Abstract

While there is growing evidence that stock prices do not follow pure random walks, the
degree of existence of temporary components in stock prices is not well known. Modeling
stock prices as the sum of a random walk and a general stationary (predictable) component,
the paper proposes an estimable lower bound on the proportion of total stock return variance
caused by the predictable component. Contrary to the absolute value of the first-order auto-
correlation coefficient estimates of Fama and French (1988a), this lower bound reasonably
estimates the true variance proportion in finite samples also when the temporary compo-
nent does not follow a first-order autoregressive process. The estimated mean values of the
lower bound reach a maximum of 10 percent for the equal-weighted market portfolio of
NYSE stocks over the post-war period 1947-1986, while the maximum is 25 percent for the
pre-war period 1926-1946. The value-weighted market portfolio exhibits generally smaller
variance proportion estimates. The pure random walk hypothesis is also reexamined using
a standard variance ratio statistic extended to multiple return horizons.

I. Introduction

Fama and French (1988a) document negative autocorrelations in long-horizon
returns to portfolios of NY SE-listed stocks, which suggest that future, long-horizon
returns are predictable based on past returns. For example, in the case of the
equal-weighted market portfolio, their autocorrelation estimates reach a signifi-
cant —0.36 for four-year returns. The apparent univariate predictability possibly
reflects time varying risk premia in equilibrium expected returns, perhaps driven
by predictable variations in economic aggregates.' Alternatively, univariate pre-
dictability of stock returns follows in a market where stock prices take long swings
away from fundamentals, as in the simple (but controversial) fads model of Sum-
mers (1986) and Poterba and Summers (1988). In the latter case, serial correlation

*Faculty of Commerce and Business Administration and Department of Statistics, Faculty of Sci-
ence, respectively, the University of British Columbia, Vancouver, B.C., Canada V6T 1Z2. The authors
received helpful comments from Kent Daniel, Glen Donaldson, Burton Hollifield, Brendan McCabe, an
anonymous JFQA referee, and seminar participants at the Norwegian School of Economics and Busi-
ness Administration and the University of British Columbia. This research received partial financial
support from the Financial Research Foundation of Canada

'Examples are aggregate dividends (Fama and French (1988b)), the spread in the term structure
of interest rates, (Keim and Stambaugh (1986) and Fama and French (1989)), and the business cycle
(Daniel and Torous (1991)).
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in stock returns is a manifestation of temporary components in stock prices, which
contrasts with the random walk process where each random price shock moves the
price permanently to a new level.?

The autocorrelation estimates of Fama and French (1988a) are substantially
larger than previously believed. Indeed, as they demonstrate, if stock prices rep-
resent the sum of a random walk component and a component that follows a
first-order autoregressive process, then a first-order autocorrelation estimate of
—0.36 implies that the predictable component of stock prices explains as much
as 36 percent of total return variance. However, if the predictable component of
stock prices follows a more general stationary process, then the first-order auto-
correlation coefficient does not properly measure the true variance proportion in
finite samples. Thus, in order to reasonably assess the magnitude of temporary
components in stock prices, one needs a finite-sample estimator of the variance
proportion, which can represent a general class of stationary processes. This study
proposes such an estimator, and shows that it yields lower estimates of the true
variance proportion for NYSE stocks than what is implied by the autocorrelation
estimates in Fama and French (1988a).

The paper is organized as follows. Section II derives the variance proportion
statistic and comments on the potential error in using the first-order autocorrelation
as an alternative estimator for this proportion when the temporary stock price
components do not follow a simple first-order autoregressive process. Section
III presents the computational algorithm for the variance proportion estimator,
simulates its values under alternative assumptions on the stationary process, and
presents the actual empirical estimates for the NYSE. In section IV, the inferences
based on this paper’s test statistic are compared to the Poterba and Summers
(1988) variance ratio test of the random walk null. Thus, this paper also adds to
the several recent univariate studies which critically reexamine the random walk
null, including Richardson (1990), Jegadeesh (1991), Kim, Nelson, and Startz
(1988), and Daniel and Torous (1991). Section V concludes the paper.

Il. The Variance Proportion Due to Temporary Components

A. A Lower Bound

Let p, denote the log of the stock price (adjusted for splits and dividends),
and consider the pricing model

1) pt = q:+z,
g = p+qi-1+tn,

where {7, } is a sequence of independent but not necessarily identically distributed
random variables with mean zero, p is a nonrandom constant, {z,} is a predictable

2See Fama (1970) for an exposition of the role of the random walk hypothesis in finance. Lo
and MacKinlay (1988), (1990) document positive autocorrelation in short-horizon (daily and weekly)
returns. As they point out, this positive autocorrelation possibly reflects market microstructure effects
not present in long-horizon returns. For example, market makers may adjust bid-ask spreads more
rapidly in response to large orders than to small orders, causing prices of stock portfolios to exhibit
serial correlation.
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(mean-reverting) component that is often modeled by a stationary process, and
the price components {q,} and {z;} may be dependent. For example, {z,} may
be represented by a causal and invertible ARMA(p, g) process, which assumes a
linear representation of the form,

0 z = Y e
j=0

with geometrically declining coefficients {¢;}, and where {¢, } is an iid white noise
sequence.

This study is interested in using a finite number of actual return observations
to estimate the variance of the expected change in the unobservable stationary
process {z,} from period ¢ to period T. To see how this can be done, denote
the expected T-period change in z,, conditional on the set of infinite past price
components z; and g;, as

T
E (zurlz5,qsss <t) =2 = E Zrt+h[zs,qs,SSt ,
h=1

where r.,;, is the demeaned one-period stock return from time ¢t + 2 — 1 to ¢ + A.
If the random variables involved have joint normal distributions, then the condi-
tional expectation E(ryx|z5, g5, s < £) is equal to the best linear predictor of 7.
based on the set {z;, ¢;,s < t}. In other words, under the normality assumption,
E(r144)2s5, g5, s < t)is the projection of r,,, onto the linear span Ispan{z;, g5, s < t}.3
For non-Gaussian distributions, this equality does not necessarily hold as one gen-
erally needs to know the conditional distribution to compute the conditional ex-
pected value. However, while there is some evidence of deviations from normality
in monthly returns,” the deviations are small, and, therefore, E(rh)zs, s, s < 1) is
approximated with its linear projection.

To simplify the notation, let 7,(7) denote the best linear projection of r.;
on Ispan{z,q;,s < t}, and 7,(h) the corresponding best linear projection onto
Ispan{ry,...,r}. Since Ispan{z,qs,s < t} contains Ispan{ri,...,r.}, the vari-
ance of the forecast 7(h) is bounded below by the variance of the forecast 7(h).?

Thus,
T T
VIR = VD AW,
h=1 h=1
3The linear span is the closed set of all linear forecasts of {z;} with finite variance.
“4The quantile-quantile plot of the monthly returns used in this study was checked, and various tests

for normality were performed.
3To illustrate, let $(S) denote the projection of y on a closed space S, i.e.,

y€S st |ly—J| =inf|ly—x|| where x€S.
Since R = span{ry,...,r} C Z = span{...,z,...,2}, it follows that
[y =35I < Iy — I®II.
Thus,
@11 = Iyl = lly = 3@II > [IyI] = |ly = ®|| = [I5R)]].

In other words, the norm (or variance) of the projection of r,,;, onto Ispan{zs, ¢s, s < t} is no less than
that of the projection onto the subspace Ispan{ry,...,r:}.
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where V is the variance operator. Consequently,

&) VPT) = V[E (ZL‘; r(f:f:)qs,sgtﬂ

V [ St )]
z 14 (r t,t+T)

= VP,

where r, 1 = ZL] 714 is the continuously compounded T-period return. In
other words, the true proportion of stock return variance explained by temporary
components in stock prices is bounded below by VP*(T'), which can be computed
based on observed returns.

For any fixed return horizon T, and assuming {z;} and {7} are indepen-
dent, the lower bound VP*(T') tends to VP(T) from below as the prediction basis
{ri,....r} (¢t — o0) is increased. Also, for a given value of ¢, the precision of
VP* as an estimate of VP(T) is greater the shorter the “memory” of the stationary
process z;.

B. A Special Case: The Simple Fads Model

In the simple fads model, z, follows a stationary AR(1) process. Thus, let
z; = ¢z, + €, and assume that the white noise {¢, } is uncorrelated with the error
term {7} in (1). Let 3(T) denote the first-order autocorrelation of the T-period
return, i.e., the slope coefficient in the T-period autoregression of r, ..y on r;_r,.
As noted by Fama and French (1988a),

Cov (rt,t+T’ rt—T,t)
14 (" t—T,t)
V [E (zurlzs, g5ss < 1) — 2]

_ = —VPD.
V (rrd) @

C)) B(T)

Thus, in the simple fads model, the true variance proportion of the expected T-
period returns due to the predictable (mean-reverting) component z, is equal to
the negative of the first-order autocorrelation coefficient 3(T). Using monthly real
returns over the period 1926-1985, Fama and French (1988a) report values of 8(T')
for the equal-weighted NYSE index of —0.05, —0.22, —0.36, —0.34, —0.13, 0.08,
and 0.22 for return horizons of T = 1,..., 6, 8, and 10 years.6 Thus, conditional
on the fads model being true, temporary components in stock prices account for
up to 36 percent of the total variance of four-year returns.

6These are their “bias-adjusted” estimates, i.e., the OLS estimates minus the value of B(T) simulated
under the assumption of serial independence. These OLS-estimates have a bias that depends on the true
slopes, sample sizes, and the degree of overlap of monthly data on long-horizon returns. Their estimates
of 5(3), B(4), and B(5) are more than two standard errors below zero, where the standard errors are
adjusted for the residual correlation due to overlap of monthly observations on longer-horizon returns
using the method proposed by Hansen and Hodrick (1980). When the sample period is reduced to the
post-war years, none of the autocorrelation estimates presented by Fama-French for the equal-weighted
index are greater than one standard error from zero.
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If the stationary component z, does not follow an AR(1), then the value of
B(T) approaches minus VP(T') in the limit (as T — 00), provided the price com-
ponents {7, } and {z,} are independent.” However, in this more general case, the
small sample value of 3(T) may deviate substantially from —VP(T). To illustrate,
suppose that {z,} follows an ARMA(p, q) process as expressed in (2). Further-
more, define A(T) = VP(T) — [—/3(T)] as the small sample error in 3(T) as an
estimator of the true variance proportion. A(7T) is in the order of

o ]
ATy = 0 (53 Why+ ) |
Jj=0
and it depends on the rate at which the parameters y; — 0 as j — 00, as well
as on the ratio of the white noise variances o2 /o?2.%
For example, suppose the stationary process is a moving average with o2 = 1
and 07 = 0.1, and

0 forj# 100, 0.
Y =

1, forj=0, 100,

such that z, = ¢ + 1€,_100. Then A(100) = 1/[1 + (p — 1)? + 4 + 1] = 0.3 if
¢ = 1. Alternatively, if ¢; = 0(0.999), reflecting a slowly decaying stationary
component (which most likely characterizes actual stock returns), and T = 1000,
then the error in treating $(1000) as an approximation for VP(1000) is also large;
roughly O(0.4).

Of course, 3(T') remains the proper estimator if the stationary price component
in fact follows an AR(1). However, the simple fads model is rejected by specifi-
cation tests presented in an earlier version of this paper,® as well as by results in
Daniel and Torous (1991). The simple fads model imply negative autocorrelations
for all 1ags, which is contradicted by the evidence of significantly positive autocor-
relations for certain lags presented by Daniel-Torous. Thus, a more appropriate
estimator for VP(T) is called for.

Ill.  Empirical Estimates for NYSE
A. Computational Algorithm

The value of the lower bound VP*(T) is computed using the innovations
algorithm based on Brockwell and Davis (1987). This algorithm approximates the

"The limit of VP(T) is zero if o2 > 0.
8Since E(zp, 125,58 < 1) = Zj"__"o YTay€r—js

R 2 2
/j=0 (wrﬂ' - ¢jw2T+j> T

AT = .
& To2 + 57 (¢ ‘_1/,.)202_,_27" 2 o2
n j=0 \¥T+j = ¥j) Ce j=1 7 j—17€

9The results of these tests, in which the autoregressive parameter ¢ was estimated endogenously,
are available from the authors upon request.



