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Evidence of Predictable Behavior of Security 
Returns 

NARASIMHAN JEGADEESH* 

ABSTRACT 

This paper presents new empirical evidence of predictability of individual stock returns. 
The negative first-order serial correlation in monthly stock returns is highly significant. 
Furthermore, significant positive serial correlation is found at longer lags, and the 
twelve-month serial correlation is particularly strong. Using the observed systematic 
behavior of stock returns, one-step-ahead return forecasts are made and ten portfolios 
are formed from the forecasts. The difference between the abnormal returns on the 
extreme decile portfolios over the period 1934-1987 is 2.49 percent per month. 

THE CONCEPT OF MARKET efficiency is the foundation for much of the theoretical 
and empirical research in financial economics. The early tests surveyed by Fama 
(1970) generally provide evidence in support of the efficient market hypothesis. 
However, some recent papers report evidence of predictability of returns on 
market indices and size-sorted portfolios. For example, Fama and French (1988) 
report negative serial correlation in market returns over observation intervals of 
three to five years, and Lo and MacKinley (1988) report positive serial correlation 
in weekly returns. While the evidence of stock return predictability reported by 
Fama and French and Lo and MacKinley is statistically significant, it is not 
clear whether these results suggest economically important deviations from the 
random walk model for stock prices. 

In the case of individual securities, statistical evidence against the random 
walk model for stock prices has been documented, but the extent of predictability 
of returns is generally considered economically insignificant. For instance, French 
and Roll (1986) report significant negative serial correlation in daily returns but 
suggest that it is "small in absolute magnitude" and that "it is hard to gauge 
their economic significance." In a more recent paper, Lo and MacKinley (1988) 
consider weekly holding-period returns for individual securities and report that 
"the serial correlation is both statistically and economically insignificant" and 
suggest that the "idiosyncratic noise ... makes it difficult to detect the presence 
of predictable components." 

This paper examines the predictability of monthly returns on individual 
securities. The results here provide new evidence of stock return predictability. 
The negative first-order serial correlation in monthly stock returns is highly 
significant.1 Furthermore, significant positive serial correlation is found at longer 

* University of California, Los Angeles. I would like to thank Michael Brennan, Bradford DeLong, 
Peter Frost, Bruce Lehmann, Suresh Sundaresan, Sheridan Titman, and Arthur Warga and partic- 
ularly David Modest for helpful comments. I am solely responsible for all remaining errors. 

'Following up on the results presented here, Lehmann (1988) examines the behavior of weekly 
returns of individual stocks and also finds significant negative first-order serial correlation. 
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lags, and the twelve-month serial correlation is particularly strong. It is also 
found that the returns on securities in all size-sorted quintiles exhibit qualita- 
tively similar patterns of serial correlation. Thus, the predictable pattern of stock 
returns documented here appears to be a pervasive phenomenon. 

To investigate the economic significance of the observed empirical regularity, 
ten portfolios are formed based on returns predicted using ex ante estimates of 
the regression parameters. The difference between the risk-adjusted excess re- 
turns on the extreme decile portfolios thus formed is 2.49 percent per month over 
the period 1934-1987, 2.20 percent per month excluding January, and 4.37 percent 
per month when the month of January is considered separately. It is also found 
that the difference between the risk-adjusted excess returns on the extreme decile 
portfolios formed on the basis of one-month lagged returns is 1.99 percent per 
month over the sample period and 1.75 percent per month outside January, both 
statistically significant. These results appear quite striking and suggest that the 
extent to which security returns can be predicted based on past returns is 
economically significant. 

The rest of the paper is organized as follows. In the next section the model for 
the empirical tests and the results are presented. The economic significance of 
these results is addressed in Section II. Possible explanations for the empirical 
regularity are investigated in Section III, and Section IV contains the concluding 
remarks. 

I. Empirical Test 

A. The Model 

The model to examine the serial correlation properties of returns of individual 
securities is developed in this section. Let Rit be the return on security i in month 
t, which is expressed as 

Rit = E(Ri) + it, (1) 

where E(Ri) is the unconditional expected return on security i and qit is the 
unexpected return in month t, in an unconditional sense. Consider the following 
cross-sectional regression model:2 

Rit = aot - EJ_1 ajtRit-j + ait. 

The expression for the slope coefficients in the multivariate regression above 
is 

alt 'cov Rit-, ] -1 covi (Rit Rit217) 

2A natural way to investigate the serial correlation properties of individual security returns would 
perhaps be to separately examine their time-series behavior either by using time-series regression 
tests as in Fama (1965) or by using the variance ratio tests as in Lo and MacKinlay (1988). However, 
under these procedures, the use of parameter estimates aggregated across securities for statistical 
inference would pose a problem due to the cross-sectional dependence of the estimates. 
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The subscript under covariance operator has been included to emphasize that 
this operation is carried out across the cross-section. Expanding the components 
of the second term on the right-hand side using (1) and taking expectations, we 
get 

covi (Rit, Ritj) = covi (flit, flit-j) + vari (E (Ri)). 

As can be seen from the expression above, the covariance term has two compo- 
nents. The first component is the average serial covariance of individual security 
returns. The second component is the cross-sectional variance of unconditionally 
expected returns. While the first component will be zero in the absence of serial 
correlation, the second component will be positive as long as the expected returns 
vary across the securities in the cross-section. Consider the following cross- 
sectional regression: 

Rit-Ri = aot + XJ=-1 ajtRit- + &it, 

where Hi is an unbiased estimate of the unconditional expected return of security 
i obtained from a sample period which excludes months t - J through t. Now the 
covariance between the dependent variable and the j th independent variable is 

covi (Rit - Ri, Rit j ) = covi (nit, flit- i). 

In the latter regression the slope coefficients will be different from zero only if 
the security returns are serially correlated. The particular cross-sectional regres- 
sion model used in the empirical tests is 

Rit- Rit = aot + X1i=1 ajtRit- + a13tRit-24 + a14tRit-36 + Uit' (2) 

where Kit is the mean monthly return of security i in the sample period t + 1 to 
t + 60. 

B. Results 

The security returns data are obtained from the Center for Research in Security 
Prices (CRSP) monthly returns file. The regression model (2) is fitted separately 
for each month using the OLS procedure.4 The parameter estimates and the test 
statistics are obtained from the time series of monthly cross-sectional regression 
estimates as in Fama and MacBeth (1973). The tests in this section are conducted 
over the period 1929-1982.5 

'The results of the regression were not sensitive to the choice of the sample period over which 
Ri's were estimated, and similar results were obtained even when Rit was estimated over a sample 
period of four or six years. Furthermore, the slope coefficients in the regression with the raw returns 
as the dependent variable were also close to the estimates reported here, which suggests that the 
effect of the cross-sectional differences in expected returns on the estimates of the slope coefficients 
is small (see Jegadeesh (1987) for details). 

'The results using the weighted least squares procedure were also similar to those reported here. 
The standard deviations of individual security returns estimated in the sample period t + 1 to t + 60 
were used to deflate the observations under the weighted least squares procedure. 

'The starting and ending periods of the latest version of the CRSP monthly returns data set when 
this study was initiated were January 1926 and December 1987, respectively. Since the thirty-six 
month lagged return is used as an independent variable, the starting period for the tests is January 
1929, and, since five years of ex post data are used to estimate the unconditional mean return of each 
security, the test period ends in December 1982. 
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The results are presented in Table I. The regression estimates reveal a striking 
pattern of serial correlation. The slope coefficients (t-statistics) at lags one and 
twelve are particularly high at -.092 (-18.58) and .034 (9.09), respectively.6 
While the coefficients a1 and a2 are negative, the rest are all positive. The 
coefficients a2 and a8 are insignificantly different from zero, a7 is significant at 
the five percent level, and all the other slope coefficients are significant at the 
one percent level. Even the coefficients at lags twenty-four and thirty-six are 
significant, with t-statistics of 4.76 and 6.57, respectively.7 The F-statistic8 under 
the hypothesis that all slope coefficients are jointly equal to zero is 48.97, which 
is significant at the one percent level. The rejection of the equality of the slope 
coefficients is not attributable solely to the significantly negative slope coefficient 
a1. The hypothesis that the coefficients a2 to a14 are jointly equal to zero is also 
rejected with an F-statistic (p-value) of 17.59 (0.00). The average adjusted R2 of 
the monthly cross-sectional regressions is 0.108; i.e., on average the lagged returns 
considered here explain 10.8 percent of the cross-sectional variation in individual 
security returns. 

A number of earlier studies have documented that stock returns in January 
contain a predictable component, while the returns outside January have gener- 
ally been reported as unpredictable.9 Therefore, it is important to investigate 
whether the results presented here are entirely driven by the anomalous behavior 
of security returns in January. Hence, the tests are repeated within and outside 
the month of January. 

I The estimate of a1 here differs sharply from the estimate of the slope coefficient obtained by 
Rosenberg and Rudd (1982), using a univariate regression model. Their estimate of the slope 
coefficient is -0.013 (t-statistic = -0.47), which leads them to conclude that "for actual returns the 
serial correlation is indistinguishable from pure randomness." Though there are some differences in 
the specification and estimation of the regression model, I am unable to fully explain the reason for 
the large difference in the estimates. 

7DeBondt and Thaler (1985) report that the security returns can be predicted based on 3- to 5- 
year lagged returns. The results documented here differ fundamentally from their results. First, 
DeBondt and Thaler examine the predictive ability of lagged multi-year returns, while the predictive 
ability of monthly returns at different lags is examined here. The lagged long horizon returns used 
by DeBondt and Thaler predict future returns only in the month of January (see DeBondt and Thaler 
(1987)), while the empirical regularity documented here is observed in all calendar months. Finally, 
DeBondt and Thaler find a negative relation between lagged multi-year returns and the returns in 
the ensuing January, while a positive relation between the monthly returns and the returns at long 
lags is observed here in all calendar months. 

'The F-statistic is computed as follows. Let K be the number of slope coefficients, and let a be a 
K x 1 vector with elements bi'-ai. The F-statistic is given by 

T(T- K) b 2-r F(K, T- K), 

where T is the number of cross-sectional regressions. z is the sample variance-covariance matrix of 

'For instance, Branch (1977) and Reinganum (1983) find that stock returns in January are 
negatively related to returns in the previous year, and DeBondt and Thaler (1987) find a similar 
relation between January returns and the returns in the previous three to five years. Jegadeesh (1989) 
reports that the long-term mean reversion of market returns reported by Fama and French (1988) is 
also concentrated in the month of January. However, none of these studies finds any significant 
predictable pattern outside January. 
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Table 
I 

Cross-Sectional 

Regression 

Estimates 

12 

Model: 

, 
- 

Ri, 
= 

aot 
+ 
E 

ajtRitj 
+ 

a3tRit_24 
+ 

al4tRit-36 

+ 

i4, 

where 

Rit 
is 

the 

return 

on 

security 
i 
in 

month 
t 

and 

R, 
is 

the 

average 

monthly 

return 

on 

j=1 

security 
i 
in 

the 

sample 

period 
t 
+ 
1 
to 
t 
+ 

60. 

The 

above 

cross-sectional 

regression 
is 

fitted 

each 

month 

across 

the 

full 

sample 
of 

securities 

and 

also 

within 

size-based 

subsamples. 

The 

securities 
in 

the 

quintile 
of 

small 

firms 

(Q1), 

medium 

sized 

firms 

(Q3), 

and 

large 

firms 

(Q5) 

make 

up 

the 

three 

subsamples. 

The 

sample 

period 
is 

1929-1982. 

Sample 

Period 

c0 

al 

&2 

a3 

a4 

a5 

a6 

a7 

aa 

a9 

al 

al 

a12 

a3 

a14 

Ra 

All 

Jan-Dec 

-0.0033 

-0.0923 

-0.0073 

0.0208 

0.0154 

0.0148 

0.0205 

0.0087 

0.0065 

0.0178 

0.0151 

0.0224 

0.0339 

0.0171 

0.0187 

0.108 

(-1.78) 

(-18.58) 

(-1.73) 

(4.77) 

(3.75) 

(3.18) 

(4.75) 

(2.14) 

(1.65) 

(5.15) 

(4.38) 

(6.62) 

(9.09) 

(4.76) 

(6.57) 

Jan 

0.0126 

-0.2261 

-0.0912 

-0.0645 

-0.0523 

-0.0398 

-0.0042 

-0.0533 

-0.0279 

-0.0351 

-0.0272 

-0.0117 

0.0802 

0.0292 

0.0337 

0.178 

(2.06) 

(-9.42) 

(-5.38) 

(-3.05) 

(-2.81) 

(-2.22) 

(-0.29) 

(-3.20) 

(-1.68) 

(-2.60) 

(-1.87) 

(-0.89) 

(4.81) 

(2.76) 

(2.64) 

Feb-Dec 

-0.0047 

-0.0801 

0.0004 

0.0286 

0.0215 

0.0198 

0.0228 

0.0144 

0.0096 

0.0226 

0.0190 

0.0255 

0.0297 

0.0160 

0.0174 

0.102 

(-2.45) 

(-17.20) 

(0.09) 

(6.78) 

(5.32) 

(4.15) 

(5.03) 

(3.50) 

(2.41) 

(6.47) 

(5.44) 

(7.35) 

(7.96) 

(4.21) 

(6.02) 

Q1 

Jan-Dec 

-0.0037 

-0.1342 

-0.0264 

0.0117 

0.0070 

0.0090 

0.0182 

0.0067 

0.0071 

0.0125 

0.0143 

0.0178 

0.0248 

0.0087 

0.0192 

0.093 

(-1.06) 

(-19.03) 

(-4.54) 

(1.89) 

(1.30) 

(1.51) 

(3.06) 

(1.14) 

(1.25) 

(2.13) 

(2.56) 

(3.49) 

(4.38) 

(1.65) 

(3.65) 

Jan 

0.0304 

-0.3117 

-0.1061 

-0.0907 

-0.0921 

-0.0609 

-0.0180 

-0.0713 

-0.0159 

-0.0368 

-0.0174 

-0.0070 

0.0691 

0.0050 

0.0344 

0.158 

(2.41) 

(-8.79) 

(-5.18) 

(-3.10) 

(-3.73) 

(-2.14) 

(-0.99) 

(-3.07) 

(-0.71) 

(-1.80) 

(-0.75) 

(-0.33) 

(2.93) 

(0.33) 

(1.15) 

Feb-Dec 

-0.0068 

-0.1181 

-0.0192 

0.0210 

0.0160 

0.0154 

0.0215 

0.0138 

0.0092 

0.0169 

0.0171 

0.0201 

0.0208 

0.0090 

0.0179 

0.087 

(-1.88) 

(-17.86) 

(-3.20) 

(3.45) 

(3.02) 

(2.59) 

(3.43) 

(2.30) 

(1.56) 

(2.79) 

(3.01) 

(3.85) 

(3.60) 

(1.61) 

(3.52) 

Q3 

Jan-Dec 

-0.0043 

-0.0881 

-0.0060 

0.0200 

0.0187 

0.0117 

0.0192 

0.0053 

-0.0030 

0.0121 

0.0142 

0.0226 

0.0256 

0.0253 

0.0181 

0.113 

(-1.82) 

(-14.82) 

(-1.13) 

(3.38) 

(3.30) 

(1.99) 

(3.45) 

(0.97) 

(-0.54) 

(2.44) 

(2.99) 

(4.79) 

(5.41) 

(5.31) 

(3.83) 

Jan 

0.0235 

-0.1662 

-0.0607 

-0.0758 

-0.0752 

-0.0624 

-0.0102 

-0.0076 

-0.0404 

-0.0312 

-0.0280 

-0.0177 

0.0478 

0.0282 

0.0120 

0.149 

(3.33) 

(-7.11) 

(-3.24) 

(-3.27) 

(-3.35) 

(-2.99) 

(-0.51) 

(-0.38) 

(-1.94) 

(-1.60) 

(-1.85) 

(-1.00) 

(3.13) 

(1.81) 

(0.84) 

Feb-Dec 

-0.0068 

-0.0810 

-0.0010 

0.0287 

0.0272 

0.0184 

0.0219 

0.0064 

0.0004 

0.0161 

0.0181 

0.0262 

0.0236 

0.0250 

0.0186 

0.109 

(-2.76) 

(-13.38) 

(-0.19) 

(4.81) 

(4.78) 

(3.06) 

(3.78) 

(1.14) 

(0.08) 

(3.16) 

(3.63) 

(5.40) 

(4.75) 

(5.00) 

(3.73) 

Q5 

Jan-Dec 

-0.0038 

-0.0803 

-0.0038 

0.0358 

0.0142 

0.0155 

0.0225 

0.0153 

0.0104 

0.0138 

0.0146 

0.0231 

0.0382 

0.0117 

0.0164 

0.132 

(-2.09) 

(-13.81) 

(-0.64) 

(6.67) 

(2.62) 

(2.78) 

(3.99) 

(2.99) 

(1.95) 

(2.64) 

(3.11) 

(4.53) 

(7.82) 

(2.71) 

(3.75) 

Jan 

0.0218 

-0.1851 

-0.0732 

-0.0110 

-0.0018 

-0.0305 

-0.0020 

-0.0286 

-0.0154 

-0.0247 

-0.0346 

-0.0020 

0.0380 

-0.0098 

0.0014 

0.150 

(3.76) 

(-8.89) 

(-3.66) 

(-0.61) 

(-0.09) 

(-1.56) 

(-0.10) 

(-1.72) 

(-0.74) 

(-1.66) 

(-1.92) 

(-0.13) 

(2.20) 

(-0.73) 

(0.09) 

Feb-Dec 

-0.0061 

-0.0708 

0.0025 

0.0400 

0.0157 

0.0197 

0.0247 

0.0193 

0.0127 

0.0173 

0.0190 

0.0254 

0.0382 

0.0137 

0.0177 

0.131 

(-3.25) 

(-11.99) 

(0.40) 

(7.16) 

(2.79) 

(3.40) 

(4.21) 

(3.60) 

(2.32) 

(3.14) 

(3.96) 

(4.71) 

(7.50) 

(3.00) 

(3.92) 

The 

parameter 

estimates 

and 

t-statistics 

are 

obtained 

from 

the 

time 

series 
of 

the 

corresponding 

cross-sectional 

regression 

coefficients. 
R 2 

is 

the 

average 
of 

the 
R2 

adjusted 

for 

degrees 
of 

freedom 
in 

the 

monthly 

cross-sectional 

regressions. 

The 

F-statistics 

under 

the 

hypothesis 

that 
all 

slope 

coefficients 

are 

jointly 

equal 
to 

zero 

are 

significant 
at 

the 

one 

percent 

level 
in 
all 

samples 
in 
all 

sample 

periods. 

The 

F-statistics 

under 

the 

hypothesis 

that 

the 

coefficients 
a3 
to 

a14 

are 

jointly 

equal 
to 

zero 

are 

also 

significant 
at 

the 

one 

percent 

level 
in 
all 

samples 

except 
in 

the 

subset 

Q5 
in 

the 

month 
of 

January. 
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In the sample period excluding January,'0 the one-month lagged return coef- 
ficient is still negative, while the other slope coefficients are positive (see Table 
I). As before, the coefficients a, and a,2 are bigger in absolute magnitude than 
the rest. These estimates (t-statistics) are -0.80 (-17.2) and 0.030 (7.96), respec- 
tively. Here again, even the thirty-six month lagged return coefficient is signifi- 
cant at 0.017 (6.02). Interestingly, the coefficients at lags three, six, and nine 
appear bigger than those at the lags adjacent to them. The F-statistic under the 
hypothesis that all the slope coefficients are jointly equal to zero is 43.51, which 
suggests rejection of the hypothesis at the conventional levels of significance." 
Thus, the results are not driven by anomalous return behavior in January. 

When the month of January is considered separately, a different pattern of 
returns behavior emerges. All slope coefficients up to lag eleven are negative, 
while the higher order lag coefficients are positive. Strong negative serial corre- 
lation over long lags that is observed in January is consistent with the findings 
of Branch (1977) and Reinganum (1983) that "losers" in the previous year 
experience abnormally high returns in January. The F-statistic (p-value) under 
the hypothesis that all slope coefficients in January are jointly equal to the 
corresponding coefficients in the other months is 11.64 (0.00). Thus, the pattern 
of returns behavior in January appears to be significantly different from that 
outside January. In the month of January, most of the slope coefficients are 
significant at the five percent level, and the insignificant coefficients in this 
sample period are generally of the same order of magnitude as the corresponding 
estimates over the entire period. The statistical insignificance of these estimates 
could perhaps be attributed to the lower power of the test due to fewer number 
of time series observations when January is considered separately. The point 
estimates of the coefficients at short lags and the coefficients at lags twelve and 
twenty-four are more than twice as large in absolute value as the corresponding 
coefficients in the other months. For instance, coefficients a, and a,2 are -0.226 
and 0.080, respectively, in January, while the corresponding estimates outside 
January are -0.80 and 0.030. The F-statistic (p-value) under the hypothesis that 
all slope coefficients in January are jointly equal to zero is 10.73 (0.00). 

Next, the pattern of serial correlation across different size groups of stocks is 
examined. The stocks in the sample are sorted on the basis of market value of 
equity and assigned to five size-based groups. The group Q 1 contains the quintile 
of small firm stocks, Q 2 contains the stocks in the next size quintile, and so on. 
The groups are revised every month based on firm size at the end of the previous 
month, and the regression model (2) is fitted within each group. The parameter 
estimates for Q 1, Q 3, and Q 5 are presented in Table I.12 The pattern of serial 
correlation outside January appears similar across all size-based quintiles. In the 
month of January, however, the absolute magnitudes of the slope coefficients for 
the group of small firm stocks are generally bigger than the corresponding 

10 Specifically, cross-sectional regressions where January returns enter as the dependent variables 
are excluded from the sample. 

1" The hypothesis that the slope coefficients a2 to a,4 are jointly equal to zero is rejected here also 
at the one percent level of significance. 

12 The parameter estimates for the groups Q 2 and Q4 are similar to those reported for the other 
groups. 
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coefficients in the other groups. The hypothesis that all slope coefficients are 
jointly equal to zero can be rejected at the one percent level of significance in 
every size-based group. 

Furthermore, the serial correlation in security returns is not confined to any 
isolated subperiod within the sample. Analysis of the regression estimates within 
four roughly equal subperiods revealed a similar pattern of serial correlation in 
every sample period.'3 Thus, there seems to be reliable evidence that the serial 
correlation in stock returns is a general phenomenon, observed over a fairly long 
period and also across the entire cross-section of stocks. 

II. Prediction of Security Returns 

A. Portfolio Formation Procedure 

A total of over a half million observations were used in fitting the regressions 
reported in the last section. With such a large number of observations, the 
regression estimates are obtained with high precision, and hence even small 
deviations, possibly of little economic consequence, could lead to statistical 
rejection of the null hypothesis. The objective of this section is to evaluate the 
economic significance of the observed serial correlation. 

Three different trading strategies are considered in order to investigate the 
significance of different aspects of the predictability reported. The first strategy, 
labeled SO, uses the out-of-sample return forecasts obtained from the following 
model: 

Rit + a ajtRitR + al3tRit-24 + al4tRit-36 

where ajt's are estimated from a regression model similar to the regression model 
(2), with the raw return Rit as the dependent variable in the place of Rit -R it, 14 

over the period t - 60 to t - 1, and these estimates are updated every month.15 
The securities are ranked in descending order on the basis of predicted returns, 
and ten predictive portfolios are formed. Specifically, the securities in the top 
decile are assigned to portfolio P1, the securities in the next decile are assigned 
to portfolio P2, and so on, and each security in a portfolio is assigned equal 
weight. The same procedure is used every month to revise the predictive portfo- 
lios. Since data over five years are needed to estimate the parameters in the 
forecasting model, the starting period for portfolio formation is January 1934, 
and the ending period is 1987 since ex post returns data are not required in the 
model used here to form the predictive portfolios. 

The next two strategies examine the predictive ability based on one- and 
twelve-month lagged returns. The absolute value of the slope coefficient at lag 
one is by far the biggest among all the slope coefficients, and hence it is of 

13 The subperiod results are not separately reported here in order to avoid repetition but are 
available from the author. 

14 In regression (2) the ex post returns data are used to estimate Kit. The raw return is used as the 
dependent variable here in order to avoid the use of ex post data in the forecasting model. 

'5 The a1t's for the month of January are estimated from the January regressions in the previous 
five years. 
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interest to examine the extent to which the security returns can be predicted 
based solely on the one-month lagged returns. Therefore, under the second 
trading strategy, labeled S 1, the securities are ranked in ascending order on the 
basis of the one-month lagged returns, and the portfolios P 1 to P 10 are formed 
as outlined above. The next strategy is aimed at examining the importance of 
the observed serial correlation at the longer lags, which are statistically significant 
but appear small in magnitude. Specifically, to assess the significance of a12, the 
third strategy labeled S 12 is considered. Under this strategy the securities are 
ranked in descending order on the basis of twelve-month lagged returns, and the 
portfolios P 1 to P 10 are formed as before. 

The abnormal returns earned by the portfolios formed above are estimated 
under the market model using the following time series regression: 

Rpt- Rft = ap + fp(Rmt - Rft) + apt, (3) 

where Rpt and Rft are the return on portfolio p in month t and the risk-free rate 
of return, respectively. The interst rate on the one-month T-bills is used as the 
risk-free rate, and the interest rate data are obtained from the dataset maintained 
by CRSP. Rmt is the return on the market portfolio, and the CRSP equal-weighted 
index is used as the market proxy here.'6 The intercept in the above regression 
provides the estimate of abnormal return under the market model. Under the 
null hypothesis, the abnormal returns on all the predictive portfolios are jointly 
equal to zero, i.e., ap = OVp. 

B. Portfolio Performance 

The estimates of abnormal returns on the portfolios formed under the three 
strategies formulated above for the period 1934-1987 are presented in Table II. 
First consider the strategy S0. The abnormal portfolio returns under this 
strategy, which are plotted in Figure 1, clearly highlight the pattern of excess 
returns. The order of ranking of excess returns across portfolios exactly matches 
the order predicted. Portfolios P1 to P5 experience positive abnormal returns, 
while the abnormal returns on the rest of the portfolios are negative. The 
abnormal return (t-statistic)17 on portfolio P 1 is 1.11 (12.25) percent per month, 
and that on P 10 is -1.38 (-16.90) percent per month. Portfolio P 1 earns positive 
abnormal returns in 71 percent of the months in the sample period, while portfolio 
P 10 earns positive abnormal returns in only 20 percent of the months (see Table 
III). Both of these proportions are significantly different from the 50 percent 
positive realizations that can be expected by pure chance. The difference between 
the abnormal returns on these portfolios is 2.49 percent per month, or, equiva- 
lently, the compounded rate of abnormal return is 34.33 percent per year. The 
abnormal portfolio returns are also separately examined within and outside 
January by fitting regression (3) separately within each of these sample periods. 

16 The use of the CRSP value-weighted index as the market proxy also yielded results that were 
qualitatively similar to those reported here. 

17 The heteroskedasticity-consistent estimates of the standard errors suggested by White (1980) 
are used to compute the t-statistics. 
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The patterns of abnormal returns across the predictive portfolios, both within 
and outside January, are qualitatively similar to the results discussed above. 
However, the absolute magnitudes of the abnormal returns are generally higher 
in January. The difference between the abnormal returns on the extreme decile 
portfolios is 2.20 percent per month (t-statistic of 15.63) outside January and 
4.37 percent per month (5.42) in January. The F-statistic under the hypothesis 
that the abnormal returns across the portfolios are jointly equal to zero is 24.89. 
The F-statistics within and outside January are 2.77 and 24.97, respectively, and 
the null hypothesis can be rejected at the one percent level of significance. 

The patterns of the abnormal portfolio returns under the strategies S1 and 
S 12 also closely match the pattern implied by the signs of the observed serial 
correlation at these lags. The differences between the abnormal returns on the 
extreme decile portfolios under the strategies S 1 and S 12 are 1.99 percent and 
0.93 percent per month, respectively. The F-statistics under the hypothesis that 
the abnormal returns on the portfolio P 1 to P10 are jointly equal to zero are 
17.94 and 4.99 under the strategies S 1 and S 12, respectively, both significant at 
the one percent level. 

To a large extent, the ranking of the securities under the strategy S0 is 
determined by the one-month lagged returns. However, the improvement in the 
predictive ability that is achieved due to the use of information in the returns at 
longer lags is nontrivial. For example, the compounded abnormal return on the 
predictive portfolio P 1-P 10 under S0 is about 7.6 percent per year higher than 
that under S1, which is statistically significant. Furthermore, the abnormal 
returns on portfolio P 1-P 10 are positive more often under S0 than under S 1. 
Some descriptive measures of the pair-wise relation between the different trading 
strategies considered here are presented in Table IV. On average, fifty-two 
percent of the securities in the predictive portfolio P 1-P 10 under the strategy 
SO are also included in that portfolio under S 1. 

It is also of interest to evaluate the extent of abnormal returns earned by the 
predictive portfolios after accounting for transaction costs. Consider the zero net 
investment portfolio P 1-P 10. On average, about 91 percent of the securities held 
in this portfolio were revised each month, and this proportion was about the 
same under all these strategies. Assuming a two-way transaction cost of 0.5 
percent,18 the total cost of periodically revising the portfolios amounts to about 
0.9 percent of the aggregate value of the long or short position. After accounting 
for transaction costs, the average abnormal returns under the trading strategies 
SO and S 1 are 20.8 percent and 13.9 percent per year (in terms of the value of 
the long position), respectively. The profits attributable to the trading strategy 
S12 would be swamped by the transaction costs. However, this strategy was 
considered primarily to assess the importance of the serial correlation estimate 
and is unlikely to be of interest for the purpose of actual implementation. The 
net profits on the zero investment portfolios under the strategies SO and S1 
appear fairly large, and it seems reasonable to conclude that they are economically 
significant. 

18 Berkowitz et al. (1988) report that the average round-trip cost for securities transaction is less 
than 0.5 percent. 
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Table 
II 

Abnormal 

Returns 
on 

the 

Predictive 

Portfolios 

Predictive 

portfolios 

are 

formed 

under 

three 

different 

strategies: 

SO, 

Si, 

and 

S12. 

Under 

SO, 

ten 

portfolios 

are 

formed 
on 

the 

basis 
of 

one-step-ahead 

return 

forecasts 

obtained 

using 
ex 

ante 

regression 

estimates. 

P1 
is 

the 

equally 

weighted 

portfolio 
of 

securities 
in 

the 

top 

decile 

when 

ranked 
in 

descending 

order 
on 

the 

basis 
of 

return 

forecasts, 

P2 
is 

the 

equally 

weighted 

portfolio 

of 

securities 
in 

the 

next 

decile, 

and 
so 

on. 

Under 

Si 

the 

securities 

are 

ranked 
in 

ascending 

order 

on 

the 

basis 
of 

one-month 

lagged 

returns, 

and 

under 

S12 

the 

securities 

are 

ranked 
in 

descending 

order 
on 

the 

basis 
of 

twelve-month 

lagged 

returns 

and 

ten 

portfolios 

are 

formed 
as 

described 

above. 

The 

abnormal 

returns 

are 

estimated 

using 

the 

market 

model 

with 

monthly 

returns. 

The 

sample 

period 
is 

1934-1987. 
S0 

S1 

S12 

Jan-Dec 

Jan 

Feb-Dec 

Jan-Dec 

Jan 

Feb-Dec 

Jan-Dec 

Jan 

Feb-Dec 

P1 

0.0111 

0.0241 

0.0092 

0.0096 

0.0181 

0.0084 

0.0041 

0.0092 

0.0029 

(12.25) 

(5.46) 

(10.96) 

(10.21) 

(3.86) 

(9.48) 

(5.20) 

(2.92) 

(3.82) 

P2 

0.0062 

0.0069 

0.0057 

0.0042 

0.0085 

0.0039 

0.0029 

0.0030 

0.0028 

(10.39) 

(1.77) 

(9.37) 

(6.66) 

(3.47) 

(5.90) 

(5.29) 

(1.16) 

(4.96) 

P3 

0.0037 

0.0065 

0.0034 

0.0020 

0.0051 

0.0019 

0.0016 

-0.0006 

0.0017 

(7.31) 

(2.63) 

(6.71) 

(4.34) 

(3.16) 

(3.78) 

(3.31) 

(-0.35) 

(3.38) 

P4 

0.0028 

0.0041 

0.0026 

0.0014 

0.0040 

0.0014 

0.0017 

0.0020 

0.0018 

(6.62) 

(2.03) 

(6.13) 

(3.09) 

(1.73) 

(2.96) 

(3.84) 

(0.95) 

(4.16) 

P5 

0.0013 

-0.0015 

0.0016 

0.0013 

0.0012 

0.0015 

0.0007 

0.0000 

0.0009 

(3.32) 

(-0.99) 

(3.81) 

(3.15) 

(0.73) 

(3.51) 

(1.77) 

(0.01) 

(2.08) 
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Table 

II-Continued 

So 

Si 

S12 

Jan-Dec 

Jan 

Feb-Dec 

Jan-Dec 

Jan 

Feb-Dec 

Jan-Dec 

Jan 

Feb-Dec 

P6 

-0.0002 

-0.0019 

0.0002 

0.0003 

-0.0005 

0.0006 

0.0006 

-0.0013 

0.0009 

(-0.38) 

(-1.00) 

(0.49) 

(0.76) 

(-0.27) 

(1.48) 

(1.52) 

(-0.80) 

(2.25) 

P7 

-0.0016 

-0.0063 

-0.0009 

-0.0013 

-0.0029 

-0.0010 

-0.0005 

-0.0040 

0.0000 

(-3.38) 

(-2.59) 

(-1.92) 

(-2.76) 

(-1.28) 

(-2.07) 

(-1.12) 

(-2.04) 

(0.07) 

P8 

-0.0027 

-0.0088 

-0.0018 

-0.0019 

-0.0090 

-0.0012 

-0.0012 

-0.0054 

-0.0007 

(-4.86) 

(-2.92) 

(-3.36) 

(-3.60) 

(-4.35) 

(-2.25) 

(-2.39) 

(-1.98) 

(-1.48) 

P9 

-0.0062 

-0.0140 

-0.0051 

-0.0046 

-0.0132 

-0.0037 

-0.0027 

-0.0045 

-0.0020 

(-9.63) 

(-4.72) 

(-8.04) 

(-7.01) 

(-4.35) 

(-5.87) 

(-4.46) 

(-1.78) 

(-3.34) 

PlO 

-0.0138 

-0.0196 

-0.0127 

-0.0102 

-0.0208 

-0.0091 

-0.0052 

-0.0081 

-0.0044 

(-16.90) 

(-4.38) 

(-15.51) 

(-11.98) 

(-5.98) 

(-10.64) 

(-6.82) 

(-2.09) 

(-5.55) 

Pi-PlO 

0.0249 

0.0437 

0.0220 

0.0199 

0.0389 

0.0175 

0.0093 

0.0173 

0.0073 

(16.82) 

(5.42) 

(15.63) 

(12.55) 

(5.23) 

(11.60) 

(6.94) 

(2.83) 

(5.48) 

F-statistic 

24.89 

2.77 

24.97 

17.94 

4.10 

16.31 

4.99 

0.68 

4.42 

p-Value 

(0.00) 

(0.01) 

(0.00) 

(0.00) 

(0.00) 

(0.00) 

(0.00) 

(0.74) 

(0.00) 

The 

White 

t-statistics 

are 

presented 

within 

parentheses. 

The 

F-statistics 

are 

obtained 

under 

the 

hypothesis 

that 

the 

abnormal 

returns 

on 
all 

portfolios 

are 

jointly 

equal 
to 

zero. 

Note 

that 

the 

abnormal 

return 

when 
all 

calendar 

months 

are 

simultaneously 

considered 
is 

not 
a 

weighted 

average 
of 

the 

abnormal 

returns 
in 

January 

and 

outside 

January 

since 

the 

estimates 
of 

systematic 

risk 

and 

the 

average 

excess 

market 

returns 
in 

the 

two 

subperiods 

are 

different. 
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Figure 1. Abnormal returns on predictive portfolios (1934-1987). The predictive port- 
folios are formed under the trading strategy SO. See Table II for a description of this trading strategy. 

Table III 

Proportion of Positive Abnormal Returns on the Predictive Portfolios 
So Si S12 

Jan-Dec Jan Feb-Dec Jan-Dec Jan Feb-Dec Jan-Dec Jan Feb-Dec 

P1 .705 .741 .704 .651 .611 .665 .605 .648 .591 
P2 .707 .685 .704 .623 .759 .614 .603 .574 .611 
P3 .651 .648 .648 .603 .722 .593 .574 .444 .579 
P4 .630 .667 .628 .588 .704 .577 .588 .667 .591 
P5 .571 .463 .594 .566 .611 .581 .552 .574 .557 
P6 .517 .519 .532 .543 .519 .552 .520 .426 .539 
P7 .443 .333 .480 .466 .370 .465 .502 .407 .515 
P8 .418 .333 .419 .451 .333 .466 .461 .407 .470 
P9 .332 .241 .342 .394 .315 .397 .406 .463 .404 
PlO .204 .185 .197 .278 .185 .283 .349 .352 .347 

Pi-PlO .796 .741 .788 .716 .741 .712 .657 .685 .636 

See Table II for the description of trading strategies. The entries indicate the proportion of the 
months in the sample period in which the respective portfolios earned positive abnormal returns. 
Note that the proportion of positive abnormal returns when all calendar months are simultaneously 
considered is not a weighted average of the corresponding proportions in January and outside January 
since the estimates of systematic risk and the average excess market returns in the two subperiods 
are different. 

III. Possible Explanations 

A. Size-Based Risk Adjustment 

It is possible that the market model used for risk adjustment is inadequate. 
For instance, the size effect documented by Banz (1981) suggests that the market 
model does not adequately adjust for certain size-related risk. To investigate 
whether alternate procedures for risk adjustment could explain the observed 
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Table IV 

Relation between Trading 
Strategies 

I. Proportion of securities in the predictive 
portfolio Pl-PlO under one strategy which are also 
included in the predictive portfolio under another 
trading strategy 

So Si 
Si .516 
S12 .220 .128 

II. Spearman rank correlation coefficient 

so Si 
S1 .664 
S12 .202 -.012 

empirical regularity, the abnormal returns on the predictive portfolios are esti- 
mated under the following size-based model:19 

Rpt = ao + bpsRst + bpMRMt + bpLRLt + apt, (4) 

where Rst, RMt, and RLt are the returns on the small-, medium-, and large-firm 
size-quintile portfolios in month t, respectively. 

The estimates of the abnormal returns on the extreme decile portfolios under 
the size-based returns model are presented in Table V. The estimate of the 
abnormal return in (4) on the portfolio P 1-P 10 is 2.46 percent (in terms of the 
value of the long or short position) per month, which is close to the estimate of 
2.49 percent under the market model. However, when the month of January is 
considered separately, the estimate of the abnormal return under the size-based 
model is 2.37 percent, which is substantially less than the market model estimate 
of 4.37 percent. Thus, the size-based returns model may account for a part of the 
empirical anomaly in the month of January, but even here a bulk of the empirical 
regularity is left unexplained. Similar results are also observed with the predictive 
portfolios under the strategies S 1 and S 12. 

B. Time- Varying Market Risk 

The composition of the predictive portfolios formed in the last section varied 
from month to month, and therefore their "true" betas could be expected to vary 
across months. Statistical inference using unconditional estimates from the 
market model is asymptotically valid if intertemporal changes in portfolio betas 
are purely random. However, if the betas vary in a systematic fashion, then the 
estimates of ap's from the market model could be biased. For instance, if fp1 
were high in the periods when the expected market return was high and low in 
the other periods, and if fp 1o behaved in the opposite manner, then the consequent 

'9 A size-based returns model was first formally proposed by Huberman and Kandel (1985). The 
size-based returns model used here can be viewed as a specialized empirical specification of a three- 
factor model. 
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Table 
V 

Predictive 

Portfolio 

Abnormal 

Returns 

under 
a 

Size-Based 

Model 

(1934-1987) 

The 

abnormal 

returns 

are 

estimated 

using 

the 

following 

size-based 

returns 

model: 

Rpt 
= 

ao 
+ 

18psRst 
+ 

I3pMRMt 
+ 

1pLRLt 
+ 

lipt, 

where 

Rst, 

RMt, 

and 

RLt 

are 

the 

returns 
on 

the 

small-, 

medium-, 

and 

large-firm 

size-quintile 

portfolios 
in 

month 
t. 

So 

Si 

S12 

Jan-Dec 

Jan 

Feb-Dec 

Jan-Dec 

Jan 

Feb-Dec 

Jan-Dec 

Jan 

Feb-Dec 

P1 

0.0103 

0.0095 

0.0086 

0.0086 

0.0032 

0.0080 

0.0033 

0.0009 

0.0022 

(11.75) 

(1.85) 

(9.61) 

(9.90) 

(0.81) 

(8.91) 

(4.28) 

(0.27) 

(2.80) 

PlO 

-0.0143 

-0.0142 

-0.0128 

-0.0105 

-0.0149 

-0.0095 

-0.0058 

-0.0070 

-0.0046 

(-17.21) 

(-2.51) 

(-15.13) 

(-12.30) 

(-3.49) 

(-10.48) 

(-7.77) 

(-1.12) 

(-5.93) 

P1-Plo 

0.0246 

0.0237 

0.0213 

0.0191 

0.0181 

0.0175 

0.0091 

0.0079 

0.0068 

(16.84) 

(2.42) 

(14.55) 

(12.76) 

(2.03) 

(11.14) 

(6.92) 

(0.92) 

(5.08) 

See 

Table 
II 

for 

the 

description 
of 

strategies 

SO, 

Si, 

and 

S12. 

The 

White 

t-statistics 

are 

presented 
in 

parentheses. 

The 

estimate 
of 

the 

abnormal 

return 

when 

all 

calendar 

months 

are 

simultaneously 

considered 
is 

not 
a 

weighted 

average 
of 

the 

corresponding 

estimates 
in 

January 

and 

outside 

January 

since 

the 

slope 

coefficients 
in 

the 

time 

series 

regressions 

and 

the 

mean 

returns 
on 

the 

size-based 

portfolios 

are 

different 
in 

the 

two 

subperiods. 
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bias in estimated a,'s would be in the direction of the results obtained in the last 
section. Chan (1988), for instance, argues that the abnormal returns to long-term 
"winners" and "losers" documented by DeBondt and Thaler (1985) can be 
explained by such systematic relation between portfolio betas and expected 
market returns. Chan hypothesizes that the expected market returns are different 
over the different three-year holding periods of the contrarian portfolios formed 
based on the DeBondt and Thaler strategy and hence estimates the betas 
separately over each holding period. Following Chan, the abnormal returns on 
the predictive portfolios were estimated by fitting the market model within 
eighteen three-year subperiods. Under this procedure, the differences between 
the average abnormal returns on the extreme decile portfolios were 2.41 percent, 
2.09 percent, and 0.84 percent per months under the strategies S 0, S 1, and S 12, 
respectively. These estimates are close to the earlier estimates obtained by fitting 
the market model over the entire sample period. Furthermore, the estimates of 
the abnormal returns were all positive in each of the eighteen three-year subper- 
iods. These results suggest that time-varying market risk cannot explain the 
abnormal returns on the predictive portfolios.20 

C. Bid-Ask Spread and Thin Trading 

The security returns are computed using traded prices. The transactions on 
the stock exchanges occur at the bid or the ask prices, and hence the recorded 
prices contain a measurement error to the extent of the bid-ask spreads. Since 
the prices fluctuate between the bid and ask prices, the security returns measured 
over adjacent intervals will exhibit negative serial correlation (see Roll (1984) for 
a formal analysis). Additionally, infrequent trading of securities also induces 
negative serial correlation in measured returns. Intuitively, when securities are 
thinly traded, the trading intervals do not always coincide with the observation 
intervals. Therefore, on average, longer trading intervals are followed by shorter 
trading intervals, and hence, to the extent that the security prices tend to drift 
upward, high measured returns will on average be followed by low measured 
returns. This phenomenon induces negative first-order serial correlation in 
measured returns (see Scholes and Williams (1977)). The measurement error in 
the recorded prices due to the bid-ask spread and thin trading could potentially 
bias the estimate of the first-order serial correlation and also overstate the profits 
from the trading strategies. Though the extent of bias due to these sources is 

20 I also estimated the abnormal returns using an alternate procedure to account for possible 
systematic variation in market risk. I specified a stylized model for estimating the one-month-ahead 
conditionally expected market returns. In this specification, a January dummy, the one-month lagged 
market return, and the squared one-month lagged market return were used as the predictor variables 
to determine the expected return on the market the following month. These predetermined variables 
explained about ten percent of the variance of monthly EWI returns. I estimated the abnormal 
returns after allowing for the portfolio betas to vary linearly with the changes in conditionally 
expected market returns. The estimates of the abnormal returns on the predictive portfolios under 
this procedure were virtually the same as the estimates reported in Section II. 
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likely to be small when monthly returns are used,21 some additional tests, which 
virtually eliminate the potential bias, are carried out here. These tests are 
conservative, and the results of these tests provide an upper limit on the extent 
of bias in the earlier tests. 

The thin trading phenomenon and the presence of bid-ask spread bias the 
estimates only when Ri,_1 and Ri, are measured over adjacent intervals. Therefore, 
in order to avoid measurement error-induced biases, Ri,_1 is measured excluding 
the last trading day in month t - 1. As an added precaution, the securities which 
did not trade on the last trading day of the month t - 1 were deleted from the 
sample for the month t.22 This procedure, while eliminating the bias, also discards 
potentially useful information contained in the returns on the last trading day. 
Therefore, the results are likely to overstate the extent of the measurement error- 
induced bias. The cross-sectional regression (2) is fitted using one-month lagged 
returns, which excludes the return on the last trading day, over the sample period 
1963-1982.23 The estimate of a1 (t-statistic) in the modified regression is -0.0612 
(-8.74), while the corresponding estimate obtained earlier over this sample period 
was -0.077 (-10.78). The other slope coefficients remain virtually the same as 
before. 

The abnormal returns on the predictive portfolios formed using the returns in 
month t - 1 excluding the last trading day under the strategies S0 and S 1 are 
presented in Table VI. In the sample period 1963-1987, the abnormal return on 
the portfolio P 1-P 10 under the strategy S 0, when the return in the entire month 
t - 1 is used for prediction, is 2.07 percent per month, and the corresponding 
return when the prediction is based on the returns in month t - 1, excluding the 
last trading day, is 1.77 percent. The corresponding abnormal returns under the 
strategy S 1 are 1.53 and 1.08 percent per month, respectively. As can be expected, 
the elimination of the returns on the last trading day for the purpose of prediction 
has a greater impact on the strategy S1 than on SO. However, even after 
conservatively controlling for potential bias, the abnormal returns earned by the 
predictive portfolios appear fairly large. 

IV. Concluding Remarks 

This paper documents strong evidence of predictable behavior of security returns. 
The results here show that the monthly returns on individual stocks exhibit 

21 For instance, using the results of Roll, it can be shown that the order of bias in the estimate of 
a, due to the bid-ask spread is -Efspread2/4 var(Rf )}, where spread2 is the cross-sectional average 
of the squared percentage bid-ask spread and var(1?,) is the cross-sectional variance of the percentage 
security returns at time t. While E{spread 2 is independent of the measurement interval, var(1t) 
increases with length of the measurement interval. Therefore, the extent of bias reduces as the length 
of the measurement interval is increased. 

22 These securities can be identified from the CRSP Daily Master File, where the daily closing 
prices are reported. In this data set, the transaction-based closing prices are recorded with a positive 
sign, and the prices based on the average of the bid and the ask prices are recorded with a negative 
sign. 

This selection criterion, on average, results in the exclusion of 0.65 percent of the securities 
previously included in the sample. 

23 The daily returns data are obtained from the CRSP daily returns file. The first full calendar 
year of data available in this data set is 1963. 
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Table VI 

Abnormal Returns on the Predictive Portfolios (1963-1987) 
The abnormal returns on the extreme decile portfolios under the strategies SO and Si described in 
Table II are presented in Panel I. Panel II contains the abnormal returns on the predictive portfolios 
formed under these strategies but using the returns in the month t - 1 excluding the last trading day 
for the purpose of prediction. The returns on the last trading day are not used for prediction in order 
to avoid potential bias due to the bid-ask spread and due to thin trading. 

So Si 

Jan-Dec Jan Feb-Dec Jan-Dec Jan Feb-Dec 

I 
P1 0.0087 0.0135 0.0074 0.0074 0.0081 0.0066 

(7.23) (2.06) (6.34) (6.23) (1.37) (5.69) 
PlO -0.0120 -0.0068 -0.0114 -0.0080 -0.0100 -0.0072 

(-10.70) (-1.05) (-10.63) (-6.63) (-2.11) (-5.98) 
Pi-PlO 0.0207 0.0203 0.0187 0.0153 0.0181 0.0138 

(10.30) (1.71) (9.94) (7.41) (1.85) (6.84) 
II 

P1 0.0072 0.0110 0.0060 0.0044 0.0072 0.0036 
(5.90) (1.77) (4.99) (3.86) (1.21) (3.22) 

PlO -0.0106 -0.0056 -0.0099 -0.0064 -0.0072 -0.0057 
(-9.38) (-0.88) (-9.25) (-5.33) (-1.35) (-4.71) 

P1-PlO 0.0177 0.0166 0.0158 0.0108 0.0144 0.0092 
(8.78) (1.47) (8.28) (5.37) (1.43) (4.72) 

The White t-statistics are presented in parentheses. 

significantly negative first-order serial correlation and significantly positive 
higher-order serial correlation. The pattern of serial correlation exhibits season- 
ality, with the pattern in January significantly different from that in the other 
months. Ten portfolios were formed based on the predicted returns using ex ante 
estimates of the regression parameters. The difference between the abnormal 
returns on the extreme decile portfolios thus formed was 2.49 percent per month 
over the period 1934-1987, 2.20 percent per month excluding January, and 4.37 
percent per month when the month of January was considered separately. The 
differences between the abnormal returns on the extreme decile portfolios formed 
on the basis of the one- and twelve-month lagged returns were 1.99 percent and 
0.93 percent per month, respectively. 

The results documented here reliably reject the hypothesis that the stock prices 
follow random walks. Predictability of stock returns can be attributed either to 
market inefficiency or to systematic changes in expected stock returns. The 
models of time-varying expected returns considered here were not able to satis- 
factorily explain the empirical regularity. However, it is possible that the results 
can be explained by alternate asset pricing model specifications that allow for 
more general variation in security risk premia. The search for economic models 
that account for the short-term stock return predictability is left for the future. 
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