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We document a pattern in the serial dependence
of security returns around non trading days. The
correlation of returns the second day after a week-
end or holiday with returns the first day after is
unusually low, and in many return series is neg-
ative, implyng a reversal of price movements. We
also document unusually large positive return
autocorrelations the last day before and the first
day after weekends and holidays. The pattern has
existed in equity returns for over 100 years, and
also exists in several futures markets, implying that
the pattern is robust to alternative market micro-
structures.
The implications of periodic market closures for equi-
librium in security markets are not well understood.
There is, however, evidence of anomalous return
behavior during trading intervals around regular clos-
ings. Perhaps the best known of these is the weekend
effect, consisting of negative equity returns on Mon-
days and abnormally high returns on the last trading
day of the week. [See Cross (1973), French (1980),
Gibbons and Hess (1981), Lakonishok and Levi
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(1982), Keim and Stambaugh (1984), Jaffe and Westerfield (1985),
and Lakonishok and Smidt (1988) .] There is also evidence of abnormal
return behavior around market closings due to holidays. Several stud-
ies document abnormally high equity returns on the last trading day
prior to holidays.1

In addition to the anomalous regularity in mean returns around
market closings, there is also some evidence of unusual serial depen-
dence in equity returns around nontrading periods. Cross (1973)
examines the S&P 500 index and finds that a price increase on Monday
is twice as likely if the price increased rather than decreased the
preceding Friday. He also reports that price declines on Mondays
occur with greater frequency following price declines on Fridays.
Keim and Stambaugh (1984), investigating the possibility that posi-
tive measurement error in Friday closing prices contributes to the
observed weekend effect, examine the correlation of Friday with Mon-
day returns for the 30 stocks comprising the Dow Jones Industrial
Average. In contrast to the negative autocorrelation implied by such
measurement error, they find that the mean autocorrelation between
Friday and Monday returns is the highest of any pair of successive
days. Jaffe and Westerfield (1985) conduct a similar analysis and obtain
similar results for stock returns in Australia, Canada, Japan, and the
United Kingdom.

In this study, we undertake a further investigation of return behavior
around regularly scheduled periods of nontrading. We find that the
tendency for Monday returns to reinforce Friday returns, documented
by Cross (1973), Keim and Stambaugh (1984), and Jaffe and Wester-
field (1985), is part of a broader and more pervasive pattern that
applies to holiday as well as weekend closings. Consistent with these
studies, we find unusually high positive correlation between Friday
and Monday equity returns. Moreover, we document a similar phe-
nomenon around holiday closings: there is unusually high positive
correlation between returns the first day after and returns the last day
before holidays. Perhaps our most striking finding concerns the cor-
relation of returns the second day after a nontrading period (either
weekend or holiday) with returns the day after the nontrading period.
This correlation is typically lower than correlations measured at one
lag on other days, and is negative in most of the return series we
examine, implying a reversal of price movements. For example, the
correlation of Tuesday with Monday returns for the economically
1 Lakonishok and Smidt (1988) report that preholiday trading accounts for 50 percent of the appre-
ciation in the Dow Jones Industrial Average from 1897 to 1986. Other studies documenting abnormal
mean returns around holidays include Roll (1983) and Ariel (1990).



important S&P 500 futures market is -0.24.2 Finally, we document
that the correlation of returns the last trading day of the week with
returns the previous day tends to be unusually large.

Lakonishok and Smidt (1988) discuss reasons to be skeptical of
reported return anomalies, particularly when generated from a dataset
that has been frequently examined by other researchers. To guard
against the danger of spurious results, we follow Lakonishok and
Smidt in utilizing an equity return series from a considerably longer
time interval than that covered by the CRSP daily returns files. We
find that the anomalous pattern in autocorrelations around nontrading
intervals is quite persistent, having existed in U.S. equity index returns
for over 100 years. Additionally, we examine Japanese equity index
returns and returns in 10 U.S. futures markets during more recent
intervals for which daily data are available. Since sample periods for
these return series overlap with the sample period for U.S. equity
index returns, results of these tests are not independent of those
based on U.S. equity index returns.3 Still, the evidence from these 
markets suggests that the anomalous return pattern is quite pervasive.
The finding that the autocorrelation pattern exists in futures markets
is of particular interest, since it demonstrates that the pattern is robust
to alternative market microstructures and exists in markets other than
equities.

The autocorrelation pattern does not appear to be due to the aver-
aging process implicit in index returns, as we find a similar pattern
in individual equity returns. Nor does the pattern appear to be
explained by bid-ask bounce; we find similar results for CRSP OTC
returns computed using the mean of closing bid and ask prices. The
autocorrelation pattern is not unique to firms of a specific size. Also,
sensitivity tests indicate that the autocorrelation pattern is not driven
by a few large outliers; rather, the majority of returns conform to the
documented pattern. Finally, the regularity in daily autocorrelations
around nontrading days implies an economically significant degree
of return forecastability; mean returns conditioned on prior day returns
are substantially larger than unconditional mean returns in most mar-
kets.

The observed autocorrelation pattern is difficult to reconcile with
the most prominent explanation for return serial correlation, non-
synchronous trading, which is known to cause positive autocorrela-
2 This correlation coefficient is based on all trading days from the introduction of S&P futures In
April 1982 through December 1989. If the influential outliers of October 1987 are excluded, the
coefficient is -0.14.

3 We note, however, that with the exception of equity index futures, returns in the futures markets
are not highly correlated with U.S. equity index returns. Pearson correlation coefficients between
U.S. equity index returns and nonequity futures returns range from -0.017 (Yen futures) to 0.344
(Treasury bond futures), with the mean correlation coefficient equal to 0.080.
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tion in measured portfolio returns [Scholes and Williams (1977)].
While changes in the frequency of trading could allow for measured
autocorrelations to change across days, it is difficult to reconcile the
evidence of negative autocorrelation with nonsynchronous trading
explanations. For example, Lo and MacKinlay (1990) present a model
of nonsynchronous trading that implies that the serial correlation of
portfolio returns at one lag is an unbiased estimate of the probability
that the representative component security does not trade during the
return interval. Since probabilities cannot be negative, their model
implies that nonsynchronous trading alone cannot explain the find-
ings documented here.

An alternate route to an explanation lies in models of strategic
behavior, as in Admati and Pfleiderer (1989). In their model, market-
makers seek to mitigate losses to better informed traders by using
“divide and conquer” pricing rules that encourage discretionary
liquidity buyers and sellers to trade in separate periods. An equilib-
rium consequence of this behavior is that price moves in periods
following concentrated trading tend to reverse price moves in the
concentrated trading period (their proposition 4). If, as Foster and
Viswanathan (1990) suggest, information asymmetries are most pro-
nounced after periods of nontrading, market-maker incentives to
invoke these price-reversal-inducing strategies may also be greatest
following periods of nontrading. While this link is conjectural, it does
suggest that potential explanations for the pattern documented here
may lie in models of strategic interactions between rational agents,
and need not rely on measurement error or market inefficiencies.

Our analysis proceeds as follows. In Section 1, we discuss the data
series and estimation procedures we employ. In Section 2, we doc-
ument the behavior of return autocorrelations around weekends and
holidays for U.S. equity indices since 1885. In Section 3, we present
evidence on the pervasiveness of the autocorrelation pattern by doc-
umenting its existence in 10 U.S. futures markets and in Tokyo equity
returns. In Section 4, we provide evidence on the economic signifi-
cance of the observed pattern. In Section 5, we address some potential
explanations by examining patterns in size-ranked portfolio returns,
individual equity returns, and returns that are free of bid-ask bounce.
We conclude in Section 6.

. Estimation Procedures and Data

To evaluate serial dependence in returns around nontrading periods,
we regress returns on prior day returns while employing indicator
variables to allow daily coefficient estimates to vary depending on
proximity to the nontrading period of interest. When estimating
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parameters around weekends, the indicator variables simply identify
the day of the week. For datasets without Saturday returns, we use
five indicators to denote the trading days Monday through Friday. For
datasets with some Saturday trading, we use eight indicators: six to
denote the trading days Monday through Saturday, and two to distin-
guish Friday and Monday returns that surround weekends with Sat-
urday trading from those without Saturday trading. When estimating
parameters around holidays, we use four indicator variables: one each
to denote the day before, and the first and second trading days after
the holiday; the fourth identifies all other days.

To provide a basis of comparison, we initially estimate the first-
order autocorrelation (ARl) coefficient using all days in the sample.
To measure the overall (“all days”) AR1 coefficient, we estimate B
from the regression

where Rt is the return from the close of trading on day t-l to the
close of trading on day t, and   are the indicator variables that
identify specific trading days around the nontrading period. Intercepts
are allowed to vary across days in order to control for differences in
daily mean returns that can induce nonzero return autocorrelations.

To measure AR1 coefficients for individual days around nontrading
periods (“daily” coefficients), we use the indicator variables to allow
slope coefficients as well as intercepts to vary. The regression equation
we estimate is

returns with prior-day returns, after controlling for differing daily
mean returns. Equation (2) is identical to equation (5) in Keim and
Stambaugh (1984).

We also report the results of tests designed to determine whether
the AR1 parameter on a particular day differs significantly from the
average parameter on other days. These tests are motivated by existing
evidence of time-varying first-order return autocorrelation in markets
we study. [See, e.g., Goldenberg (1988), Lo and MacKinlay (1990),
and Schwert (1990).] In return series where significant overall auto-
correlation exists, a comparison of daily AR1 coefficient estimates to
4 For example, the well-documented negative mean Monday return will tend to induce negative first-
order autocorrelation.
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a benchmark of zero will not reveal the extent to which the coefficient
is unusual. Tests for differences from other days are based on “dif-
ference” coefficients, Bj, obtained by estimating

separately for  The coefficient Bj measures the difference
between the AR1 coefficient for day j and the AR1 coefficient estimated
using all days other than j.

In addition to estimating autocorrelation coefficients, we test
whether the daily AR1 coefficients are jointly equal to zero and whether
they jointly equal each other. Letting B denote the n × 1 vector of
parameter estimates and R the appropriate q × n restriction matrix,
we test whether RB = 0, employing the test statistic Q =

 where Z is the parameter estimate covariance
matrix. Since diagnostic tests indicate that, for most databases we
examine, residuals from estimating Equation (2) are both heteroske-
dastic and autocorrelated, we employ the Newey-West (1987) het-
eroskedasticity and autocorrelation consistent covariance matrix.5 The
test statistic is asymptotically distributed x2 with q degrees of freedom.

As discussed earlier, we measure return autocorrelations in several
databases, including U.S. equity index returns, size-ranked equity
portfolios, individual equities, Japanese equity index returns, and 10
futures markets. The return series, sample periods, and data sources
for this study are summarized in Table 1. As indicated in Table 1, our
sample sizes are relatively large. The sample of U.S. equity index
returns consists of more than 29,000 daily observations. Sample sizes
on other series are more moderate, ranging from about 1900 obser-
vations for S&P 500 futures returns to 6900 observations on CRSP
equity returns.

A consideration with large samples is that almost any test statistic
will differ significantly from zero at conventional levels (Lindley’s
paradox).6 Thus, for large samples, classical statistical tests may not
be as informative as simple parameter estimation. While we do report
asymptotically consistent standard errors, they provide only one mea-
sure by which to gauge significance of the parameter estimates. In
Section 4, we address the issue of whether the autocorrelations are
large enough to be important in an economic sense.
5 We employ 12 lags to compute the Newey-West matrix for the results reported. Sensitivity tests
using 6-30 lags indicate that elements of the covariance matrix are quite insensitive to the truncation
lag, and inference is unaltered over this range.

6 Lindley’s paradox is based on the observation that, ceteris paribus, standard errors decline with
sample size. In the return series we study, a relatively high degree of heteroskedasticity partially
counters the effect of large sample sixes. Heteroskedasticity consistent standard errors are generally
several times larger than (inconsistent) OLS standard errors.
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2. Autocorrelations in U.S. Equity Returns, 1885-1989

We estimate daily autocorrelations in U.S. equity index returns using
the 105 years of daily data described in detail by Schwert (1990).
Returns from 1885 to 1927 are based on the Dow Jones Composite
Portfolio, and returns from 1928 to 1989 are based on the Standard
& Poors Composite Portfolio (comprised of 90 firms until March 1957
and 500 firms since). Until June 1, 1952, the New York Stock Exchange
was open for a half day of trading on most Saturdays.

2.1 Estimates of AR1 parameters around weekends
In Table 2, we report parameter estimates for Equations (l)-(3) for
the full sample period (panel A), the full sample excluding outliers
(panel B), and for 10 subperiods excluding outliers (panel C). Esti-
mates of the “all days” and “daily” AR1 coefficients are reported in
the rows labeled “coefficient.” The difference coefficients obtained
by estimating Equation (3) are reported in the rows labeled “differ-
ence.” Test statistics for the hypotheses that the daily coefficients

 are jointly equal to zero and that the coefficients are jointly
equal to each other are reported in the last two columns. This analysis
excludes observations involving a holiday.
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Table 2
Extended
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Consistent with previous studies, we find positive first-order auto-
correlation in equity index returns; the “all days” AR1 coefficient
estimated over the period 1885-1989 is 0.043. When autocorrelations
are allowed to vary by day, the hypothesis that AR1 coefficients are
equal across days is rejected (p < .001). Examination of the daily
point estimates indicates that substantial deviations of daily autocor-
relations from the overall autocorrelation occur around weekends,
while midweek autocorrelations are close to the “all days” coefficient.

Consistent with results reported by Keim and Stambaugh (1984)
for a more recent sample of individual equity returns, Monday equity
index returns tend to reinforce prior trading day returns. The AR1
coefficient estimates are 0.375 for Mondays following Friday trading
and 0.151 for Mondays following Saturday trading. The difference
coefficients show that the Monday AR1 coefficient significantly exceeds
the average AR1 coefficient on other days, whether Monday follows
Friday or Saturday trading.

Evidence that AR1 coefficient estimates for Mondays following two-
day weekends exceed coefficient estimates for Mondays following
single-day weekends is consistent with the reasoning that larger auto-
correlations are associated with longer nontrading intervals. However,
two-day weekends occur primarily in the last 35 years of the sample,
and the overall autocorrelation is higher late in the sample. We exam-
ine the effect of a longer nontrading period by comparing AR1 coef-
ficients around three-dayweekends with AR1 coefficients around two-
day weekends. Our findings, which are not reported in the tables,
indicate the patterns do not significantly differ from each other.

There is also evidence that returns on the last trading day of the
week tend to reinforce prior-day returns to a greater extent than
normal. Estimated AR1 coefficients for Saturdays and for Fridays that
are the last trading day of the week are both substantially larger than
on other days. In contrast, the AR1 coefficient estimate for Fridays
that are not the last trading day of the week (i.e., Fridays that are
Excludes periods involving a holiday. AR1 coefficients are estimated by regressing daily returns on
prior-day returns. Newey-West standard errors on coefficient estimates are in brackets; p values on
the hypothesis tests are in parentheses. Daily and “all days” AR1 parameter estimates are reported
in rows labeled “coefficient.” The “all days” coefficient is the estimate of B from the regression Rt

 where the dit denote daily indicator variables. The daily AR1 coefficients
are estimates of B1, . . .B8, from the regression  The “difference”
coefficients are the estimates of Bj from estimating separately
for j = 1, . .,8.

1White (1980) test for heteroskedasticity.
2Box-Pierce test for residual autocorrelation to 12 lags.
3Excludes 1% largest, 1% smallest, and matching next-day returns.
4All inference is based on the Newey-West heteroskedasticity and autocorrelation consistent co-
variance matrix.
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followed by Saturday trading) is near zero and is not significantly
different from the average AR1 parameter estimate on other days. This
suggests that the autocorrelation pattern we observe reflects proximity
to nontrading days rather than the day of the week, per se.

Perhaps the most striking finding is the negative AR1 coefficient
estimate for Tuesdays. The point estimate of -0.064 implies that, on
average, Tuesday returns tend to reverse Monday returns. The Tuesday
difference coefficient is -0.137, implying that autocorrelations on
Tuesdays are substantially lower than on other days.

2.1.1 The effect of influential outliers. The autocorrelation pattern
documented above could be attributable to relatively few large price
movements. In particular, the extreme price moves during October
1987 contribute to the observed pattern. To examine the importance
of outliers, we reestimate the regression equations after deleting the
1 percent largest and 1 percent smallest returns (and matching next-
day returns) from the sample. Since the excluded observations are
not data errors, this analysis is not an attempt to verify the accuracy
of the point estimates reported in panel A of Table 2. Rather, we
exclude the unusually large positive and negative returns to deter-
mine whether the autocorrelation pattern is typical of the majority of
observations.

Results, reported in panel B of Table 2, indicate that the pattern
in autocorrelations is largely unaffected by the exclusion of outliers.
The “all days” coefficient increases slightly to 0.070. The Tuesday
point estimate is slightly higher at -0.038, while the Tuesday differ-
ence coefficient remains -0.137. AR1 coefficients on the first and last
trading days of the week remain abnormally large. We conclude that
the observed pattern in autocorrelations around weekends is not driven
by a few large outliers.

2.1.2 Subperiod results. To assess the extent to which the autocor-
relation pattern has existed throughout the past 105 years or is unique
to certain time periods, we estimate Equations (1)-(3) for 10 sub-
periods of 10 or 11 years each. Since extreme price moves can have
relatively large effects on point estimates obtained from shorter return
series, we exclude outliers for this analysis. Results are reported in
panel C of Table 2. In addition, estimated difference coefficients for
each subperiod are displayed in Figure 1.7

The main implication of the subperiod analysis is that the observed
daily autocorrelation pattern is not unique to one or a few subperiods;
7Because of small sample sizes in some subperiods, Friday and Monday difference coefficients
displayed in Figure 1 are estimated without distinguishing on the basis of Saturday trading.
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rather, the pattern is fairly consistent over time. Notably, the Tuesday
difference coefficient is negative in all 10 subperiods, and the point
estimate of the Tuesday AR1 coefficient is negative in eight of the 10
subperiods. The Saturday difference coefficient is positive in all seven
subperiods with Saturday trading, and Monday and Friday difference
coefficients are predominantly positive. Also noteworthy is the mag-
nitude of Monday with Friday AR1 coefficient estimates, which have
exceeded 0.40 in three of the four most recent subperiods.

To summarize, the evidence for U.S. equity index returns over the
period 1885-1989 indicates that, after controlling for differing daily
means, (i) the correlation of Tuesday returns with Monday returns is
significantly lower than for other pairs of days, and in most subperiods
Tuesday returns tend to reverse Monday returns; (ii) Monday returns
tend to reinforce prior trading day returns; and (iii) returns on the
last trading day of the week tend to reinforce prior-day returns.

2.2 Estimates of AR1 parameters around holidays
Estimates of AR1 coefficients around holidays, without regard to the
day of the week, are reported in Table 3. We include the Wednesday
closings in 1968 as holidays since market participants knew of the
closings in advance. Panel A shows results based on all observations;
panel B shows results after excluding outliers. Overall, the pattern
in autocorrelations around holidays is similar to the pattern found
around weekends. The AR1 coefficient for the second day after a
holiday is, like the estimated Tuesday coefficient, unusually low. The
point estimate for the full sample is -0.086, and the difference coef-
ficient is -0.132. Excluding outliers, the point estimate for the second
day after increases to -0.014, but remains significantly less than other
days. The AR1 coefficient for the first trading day after a holiday is,
like the estimated Monday coefficient, positive and significantly higher
than other days. For the full sample, the point estimate is 0.146 and
the difference estimate is 0.109. When outliers are excluded these
estimates increase to 0.270 and 0.203, respectively. The AR1 coeffi-
cient for the last trading day before a holiday is, like the coefficient
for the last trading day of the week, positive, although this coefficient
is not significantly different from other days. Overall, these findings
reinforce the notion that the observed changes in return serial depen-
dence occur around regularly scheduled nontrading days, as opposed
to reflecting a day of the week pattern, per se.

Additional evidence that the autocorrelation pattern reflects prox-
imity to nontrading periods is provided by examining autocorrelations
around holiday weekends. Though the relatively small sample size
precludes statistical significance, point estimates are illustrative. In
the case of Monday holidays, where Tuesday is the first trading day
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Table 3
AR1 coefficients in U.S. equity returns around holidays, 1885-1989

AR1 coefficients are estimated by regressing daily returns on prior-day returns. Newey-West standard
errors are in brackets. Daily and “all days” AR1 parameter estimates are reported in rows labeled
“coefficient.” The “all days” coefficient is the estimate of B from the regression 

 where the dit denote daily indicator variables. The daily AR1 coefficients are estimates
of B1,. . . , B4 from the regression  The “difference” coefficients are
the estimates of B, from estimating separately for j = l, . . . , 4.

1Excludes 1% largest, 1% smallest, and matching next-day returns.
of the week, the return autocorrelation on Tuesday is 0.187, rather
than negative as for other Tuesdays. In the case of Friday holidays,
where Thursday is the last trading day of the week, the correlation
of Thursday returns with Wednesday returns is 0.193, as compared to
a point estimate near zero for other Thursdays.

3. Evidence on the Pervasiveness of the Autocorrelation Pattern

To provide evidence on the robustness of the observed pattern in
return autocorrelations, we examine returns in 10 U.S. futures markets
and on Japanese equities. Daily return series for these applications
are available for substantially shorter intervals than the 105-year sam-
ple used in Section 2. Because return outliers (particularly those of
October 1987) have a large effect on point estimates obtained from
these smaller samples, we exclude the 1 percent largest and 1 percent
smallest returns (and matching next-day returns) for results reported
in this and subsequent sections of this article. In general, inclusion
of outliers reinforces the results. Also, because of the relatively small
sample of holidays, tests are confined to patterns around weekends.

3.1 Evidence from futures markets
Evidence from futures markets is of particular interest for three rea-
sons. First, nine of the markets examined are for future delivery of
assets other than equities, allowing determination of whether the
autocorrelation pattern is unique to equities. Second, futures markets
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Difference coefficients in U.S. equity index returns-

“Difference” coefficients are estimates of Bj in the relation
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where Rt is the return on day t and  are indicator variables that identify specific days of
the week. The difference coefficient measures the difference between the AR1 coefficient estimate
for day j and the AR1 coefficient estimated using all days other than j.
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operate on the “open outcry” system without specialists, allowing us
to determine whether the findings are robust in markets characterized
by alternative trading structures. Third, futures markets are quite liq-
uid, with small transactions costs, low bid-ask spreads, and prices
that are not comprised of averages of underlying components. There-
fore, we anticipate that futures returns are largely free of measurement
error due to nonsynchronous trading or the bid-ask spread.

In Table 4, we report parameter estimates and, in Figure 2, we
display estimated difference coefficients for returns in 10 futures mar-
kets.8 Futures returns exhibit less overall autocorrelation than equity
portfolio returns; this is consistent with the existence of less mea-
surement error. Point estimates of the “all days” AR1 coefficient range
from -0.078 for gold to 0.075 for cotton. However, as indicated by
the test statistics in the second to last column of Table 4, when AR1
coefficients are allowed to vary by day, significant return autocorre-
lation is observed in all 10 markets.

The autocorrelation pattern observed in spot equity markets is, with
few exceptions, also present in the futures markets. In all 10 futures
markets, the Tuesday AR1 coefficient is smaller than the average coef-
ficient on other days. Point estimates of Tuesday AR1 coefficients are
negative in eight of the 10 markets, implying that Tuesday price
movements tend to reverse Monday movements. The Tuesday point
estimate for S&P equity index futures is -0.142. Reversals also occur
in nonequity futures; sizable negative Tuesday coefficients are found
for the Japanese yen (-0.075), Deutsche mark (-0.095), gold
(-0.191), Treasury bonds (-0.164), and live cattle (-0.126).

Futures markets also exhibit positive serial dependence in price
movements the last day before and first day after weekends. In nine
of the 10 futures markets, the Monday AR1 coefficient is positive; and
in eight of the 10 markets, the Monday coefficient is larger than the
average coefficient on other days. The estimated Friday AR1 coefficient
is positive and exceeds the average estimate for other days in nine
of the 10 futures markets.

Finally, for comparison purposes, we also estimate Equations (l)-
(3) for returns to the S&P 500 spot index (excluding outliers) over
the same sample period used to estimate parameters for S&P futures.
(Results are not reported in the tables.) The overall autocorrelation
in the two return series differ: the “all days” coefficient estimates are
0.049 in the spot and -0.053 in the future. However, the difference
8We define the futures return as the percentage change in the settlement price of the closest to
expiration futures contract, except within the delivery month when the second nearest to delivery
contract is used. The settlement price determines the gains or losses on the futures contract. The
long (short) futures position receives (pays) the change in the settlement price since the prior
trading day.



coefficient estimates in the spot and the future are quite similar. For
example, Monday difference estimates are 0.161 in the spot and 0.155
in the future, and Tuesday difference estimates are -0.144 in the spot
and -0.110 in the future. These results suggest that market structure
and measurement error due to nonsynchronous trading affect overall
return autocorrelations, but do not substantially affect intraweek shifts
in serial dependence.

3.2 Evidence from the Tokyo Stock Exchange
We next consider whether the observed autocorrelation pattern is
unique to U.S. markets. Some evidence on this issue can be gleaned
from Jaffe and Westerfield (1985). Following Keim and Stambaugh
(1984), they test the “measurement error” explanation for negative
mean Monday returns, using data on stock returns in Australia, Can-
ada, Japan, the United Kingdom, and the United States. Like Keim
and Stambaugh, they find higher-than-average correlation between
Monday and Friday returns for all five countries, thus rejecting the
explanation that measurement error in Friday closing prices causes
the “weekend effect.” Point estimates in their table VII also indicate
that, for all five countries, the correlation of Tuesday with Monday
returns is lower than the average correlation on other days. They do
not, however, discuss these findings or report significance tests for
the daily serial correlation estimates.

We estimate Equations (1)-(3) for returns to the Tokyo Stock
Exchange Composite Index from January 1973 to December 1989.
These results are reported in Table 5. Our results are consistent with
those reported by Jaffe and Westerfield, in that AR1 coefficients are
highest on Mondays and lowest on Tuesdays. The Tuesday “differ-
ence” coefficient indicates that the shift is statistically significant. The
overall AR1 coefficient for Japanese equities is relatively large (0.218),
and the estimated Tuesday AR1 coefficient, while lower than other
days, is positive. This evidence, in combination with the point esti-
mates reported by Jaffe and Westerfield, indicates that the observed
autocorrelation pattern is not unique to U.S. markets.

4. Economic Significance of the Autocorrelation Pattern

In the preceding sections, we present evidence of a statistically sig-
nificant pattern in security return autocorrelations around nontrading
periods. However, statistical significance need not imply that the
pattern matters in an economic sense.

One way to gauge the importance of an anomalous return pattern
is by its prevalence. The pattern in autocorrelations around nontrad-
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Figure 2

Difference coefficients in futures markets

“Difference” coefficients are estimates of Bj in the relation
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where Rt is the percentage change in the futures settlement price on day t, and  are
indicator variables that identify specific days of the week. The difference coefficient measures the
difference between the AR1 coefficient estimate for day j and the AR1 coefficient estimated using
all days other than j
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Table 4
AR1 coefficients for returns in futures markets



Table 4
Continued

AR1 coefficients are estimated by regressing daily returns on prior-day returns. Newey-West standard errors on coefficient estimates are in brackets; p values on
hypothesis tests are in parentheses. Daily and “all days” AR1 parameter estimates are reported in rows labeled “coefficient.” The “all days” coefficient Is the estimate
of B from the regression  where the dit denote day-of-the-week indicator variables. The daily AR1 coefficients are estimates of B1,..,B5 from
the regression  The “difference” coefficients are the estimates of B, from estimating  separately
for j = 1,...,5. Excludes 1% largest, 1% smallest. and matching next-day returns.

1White (1980) test for heteroskedasticity.
2Box-Pierce test for residual autocorrelation to 12 lags.



ing periods is both persistent, having existed in US. equity returns
for over 100 years, and pervasive, existing in foreign equity markets
and in 10 U.S. futures markets. Lakonishok and Smidt (1988, p. 421),
in a survey of calendar anomalies, state “their [the anomalies’] per-
sistence demands explanation and focuses attention on the processes
by which prices in securities markets are set.” The findings docu-
mented here focus particular attention on the effects of regular market
closings for equilibrium security pricing.

Another measure of the economic significance of an anomaly is the
magnitude of the mean return it implies. To obtain a simple measure
of the magnitude of return forecastability implied by the autocorre-
lation pattern documented here, we compare the means of two time
series: the raw return series, Rt, and a “signed” return series, St. The
signed return series is defined as St = XtRt, where Xt is an indicator
variable that reflects the prior-day return and the documented auto-
correlation pattern. To reflect the tendency for Friday, Saturday, and
Monday returns to reinforce prior-day price moves, Xt is set equal to
1 on these days if the prior-day return is zero or positive; otherwise,
Xt is set equal to - 1. On Tuesdays the definition is reversed to reflect
the negative AR1 coefficient: Xt is set equal to -1 if the prior-day
return is positive; otherwise, Xt equals 1. On Wednesdays and Thurs-
days, when AR1 coefficients are near zero, Xt is set equal to 1. Since
Xt is known prior to trading on date t, the mean of the signed return
series is an estimate of the expected return conditional on knowledge
of the prior-day return and the documented autocorrelation pattern.

Analysis of raw and signed returns is similar to comparing returns
to a “buy-and-hold” strategy with returns (before transactions costs)
to a very naive trading strategy. The naive trading strategy is as follows:
On Fridays, Saturdays, and Mondays, hold a long position if the prior-
day return is positive; otherwise, go short. On Tuesdays, go short if
the prior-day return is positive; otherwise, go long. On Wednesdays
and Thursdays, hold a long position.9

We first examine U.S. equity index returns from 1885 to 1989. The
mean of the raw return series is 0.033 percent per day (approximately
9.7 percent per year), while the mean of signed return series is 0.077
percent per day (approximately 24.1 percent per year). Thus, the
mean equity index return conditional on the sign of the prior-day
return is 2.5 times as large as the unconditional mean return.

Comparisons of mean raw and signed returns in the 10 futures
markets are provided in Table 6. Results are reported for full samples
and for samples excluding outliers. Mean signed returns exceed mean
raw returns in all 10 markets, whether or not outliers are excluded.
9Note that the signed return series does not account for interest earned on short sale proceeds.
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Table 5
AR1 coefficients for Tokyo Stock Exchange returns, January 1973-December 1989

AR1 coefficients are estimated by regressing dally returns on prior-day returns. Newey-West standard errors on coefficient estimates are In brackets, p values on
hypothesis tests are in parentheses. Daily and “all days” AR1 parameter estimates are reported in rows labeled “coefficient.” The “all days” coefficient is the estimate
of B from the regression  where the dit denote day-of-theweek indicator variables. The dally AR1 coefficients are estimates of Bi,...,B8. from
the regression The “difference” coefficients are the estimates of Bj from estimating separately
for j - 1,...,8. Excludes 1% largest, 1% smallest, and matching next-day returns.

1White (1988) test for heteroskcdasticity.
2Box-Pierce test for autocorrelation to 12 lags.



The differences in annualized means are generally substantial. For
example, based on the full sample, differences are 27.7 percent in
silver, 16.6 percent in gold, 12.1 percent in Treasury bonds, 11.3
percent in wheat, 10.0 percent in cattle, 6.4 percent in the S&P 500,
and 5.8 percent in the Deutsche mark.10 The general magnitude of
these differences is not altered by exclusion of outliers.

These differences between conditional and unconditional mean
returns raise the question of whether a trader could have used knowl-
edge of the daily autocorrelation pattern to earn abnormal returns
after transactions costs. We note that while the existence of trading
profits would comprise dramatic evidence of economic significance,
trading profits are not a necessary condition for establishing the eco-
nomic importance of an anomaly. For example, the weekend effect
is widely viewed as economically important, even though authors
documenting it [e.g., French (1980, p. 67)] recognize that transactions
costs would eliminate profits from trading strategies based on it.

For equity index returns, two considerations suggest that unusual
profits would not have been attainable. First, to the extent that the
overall positive autocorrelation in index returns is due to nonsyn-
chronous trading, the difference in mean returns is partially due to
errors in measuring true returns, and thus cannot be captured. Second,
the time series Xt changes sign an average of 110 times per year,
indicative of the number of long/short reversals that would be required
to realize the signed returns instead of the raw returns. Therefore,
transactions costs as low as 0.13 percent per reversal would eliminate
any advantage to capturing the signed return series instead of the raw
return series.

Trading profits are perhaps more plausible in futures markets where
transactions costs are relatively low and measurement error due to
nonsynchronous trading is minimal. While a formal evaluation of
trading strategies is beyond the scope of this article, we present some
calculations which suggest that the possibility of trading profits in
futures markets should not be dismissed out of hand.

In Table 6, we present “break-even” costs for each futures market,
calculated as the excess of the mean signed return over the mean raw
return divided by the number of annual sign changes in the Xt series.
Assuming one transaction per sign change, this ratio measures the
percentage transactions cost that would eliminate the difference
between the two means. For comparison, we also present two simple
estimates of the percentage transactions cost in each market: the first
10Note that these are unlevered rates of change in settlement prices. Posting of 10 percent margin
levers an X percent annual price change into a 10X percent return on the posted margin.
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estimates costs incurred by large traders, while the second estimates
costs incurred by retail customers using discount brokers.11

Results based on the full sample indicate that, in four of the 10
markets (S&P 500, silver, gold, and Treasury bonds), both transaction
cost estimates are less than break-even costs, suggesting the possi-
bility of trading profits. In three markets (yen, Treasury bills, and
wheat), both cost estimates exceed break-even costs. For the other
three markets, break-even costs are higher than the lower cost esti-
mate but less than the upper-bound cost estimate. Since estimated
costs do not uniformly exceed break-even costs, we do not dismiss
the possibility that trading profits could have been earned. This con-
clusion is not sensitive to the exclusion of outliers.

For several reasons, these calculations are only suggestive, and do
not provide direct evidence on market efficiency or profits to trading
strategies. The hypothetical trader would have to be aware ex ante
of the pattern we document ex post. Also, the calculations implicitly
assume that the trader’s order flows do not alter settlement prices or
the bid-ask spread, and that the settlement prices that comprise our
database (which are not transactions prices) are appropriate for eval-
uating the trader’s experience. Finally, we have not accounted for the
relative riskiness of the naive trading strategy. Thus, while the trading
strategy may have yielded a higher mean return than a “buy-and-
hold” strategy, it cannot be concluded without further analysis that
“excess” profits were available. Still, these calculations do underscore
our contention that the observed autocorrelation pattern is large
enough to be economically important.

5. Potential Explanations: Size, Portfolio Averaging, and the Bid-
Ask Spread

In this section, we present some evidence on potential explanations
for the observed pattern in autocorrelations around nontrading days.
We investigate whether the daily autocorrelation pattern in equities
is unique to firms of a particular size, whether the pattern exists for
individual equities, and whether bid-ask spreads can provide an
explanation.
11Futures traders pay two transactions costs: a flat commission on each contract traded and the implicit
bid-ask spread. Conversations with discount brokers indicate a commission of $30 per contract for
retail customers. Conversations with large traders indicate commissions as low as $15 per contract.
According to Chance (1989), bid-ask spreads in futures are typically one “tick” (the minimum
price move) and sometimes two ticks. Smith and Whaley (1991) estimate the effective bid-ask
spread for S&P 500 futures to be very near one tick on average. For our analysis, the lower cost
estimate is computed based on a $15 commission and a bid-ask spread of one tick, while the higher
cost estimate is computed based on a $30 commission and a spread of two ticks.
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Table 6
Evidencece on the economic significancc of the autocorrelation pattern

This table presents mean raw and signed returns for 10 futures markets. News-West standard
errors are in brackets. Raw returns are percentage changes in settlement prices (annualized by
multiplying by 250). The signed return series is defined as St = XtRt. where Rt is raw return on date
t, and Xt is an indicator variable. On Fridays and Mondays,
0. On Tuesdays the definition of X, is reversed. On Wednesdays and Thursdays, Xt = 1. The break-
even cost is the ratio of the difference between mean signed returns and mean raw returns to the
annual number of sign changes in the X, time series. This represents the percentage transaction
cost that, based on one transaction per sign change in the X, series, eliminates the difference in
means. The lower estimated cost is based on a $15 commission and a bid-ask spread of one tick.
The larger estimated cost is based on a commission of $30 and a spread of two ticks.

1Excludes 1% largest, 1% smallest, and matching next-day returns.
5.1 Estimates of AR1 parameters for size-ranked equity port-
folios
Measured return autocorrelations have been shown to vary as a func-
tion of firm size [see, e.g., Lo and MaKinlay (1990)]. To investigate
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whether firm size is important in determining the daily autocorrela-
tion pattern identified in this study, we examine autocorrelations in
returns to five size-ranked equity portfolios. Of the firms listed on the
CRSP tapes, the 20 percent with the smallest equity capitalization at
the beginning of a year comprise portfolio 1 for that year, the 20
percent with the largest equity capitalization comprise portfolio 5,
etc. Portfolio returns are based on equal-weighing at the beginning
of each year, and a buy-and-hold strategy within the year. All firms
continuously listed on the CRSP tape for a given year are included
in that year’s sample.

Results for the period 1964 to 1989 are reported in Table 7. Con-
sistent with results reported by Lo and MacKinlay (1990), the “all
days” AR1 coefficients indicate that there is substantial positive auto-
correlation in each portfolio’s returns, with higher autocorrelation
for the portfolios comprised of smaller firms. The test statistic in the
last column of Table 7 indicates that the hypothesis that the auto-
regressive coefficient is constant across days of the week can be rejected
for each of the five portfolios. For each of the size-ranked portfolios,
the difference coefficient indicates that the Tuesday AR1 coefficient
is significantly lower than the AR1 coefficient on other days. Similarly,
difference coefficients indicate that Monday returns reinforce prior-
day returns to a greater extent than other days for each of the five
portfolios. In contrast to results for Mondays, the finding that the
Friday coefficient exceeds other days by a significant margin is unique
to large firms, holding only for portfolio 5. On net, we conclude that
shifts in autocorrelations around nontrading periods are not unique
to firms of any given size.

5.2 Estimates of AR1 parameters for individual equities
To determine whether the observed autocorrelation pattern is due to
the averaging process implicit in portfolio and index returns, we
estimate AR1 coefficients over the interval 1963 to 1989 for the 30
individual equities that comprise the Dow Jones Industrial Average
as of March 1990. Estimates of autocorrelation in individual security
returns are free of the upward bias due to nonsynchronous trading
known to exist in portfolio returns [Scholes and Williams (1977)]. We
use the heavily traded Dow 30 equities to obtain a sample with little
remaining bias due to light trading. Our analysis of individual equities
closely parallels that of Keim and Stambaugh (1984), who also exam-
ine the Dow 30. There are three distinctions. First, we correct standard
errors for heteroskedasticity. Second, the composition of the Dow 30
is not constant across the two studies. Third, we include more recent
data. Nevertheless, our findings closely reflect theirs.

In panel A of Table 8, we report the average of the 30 AR1 coefficient
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Firms on the CRSP tile are ranked according to market value of equity at the beginning of each year and sorted into live size-ranked portfolios. Portfolio returns are
based on equal weighting at the beginning of the year without rebalancing during the year. AR1 coefficients are estimated by regressing daily returns on prior-day
returns. Newey-West standard errors on coefficient estimates are in brackets; P values on hypothesis tests are in parentheses. Daily and “all days” AR1 parameter
estimates are reported in rows labeled “coefficient.” The “all days” coefficient is the estimate of B from the regression:  where the dit denote
day-of-the-week indicator variables. The daily AR1 coefficients are estimates of B1 to B5 from the regression:  The “difference”
coefficients are the estimates of Bj from estimating  separately for j = 1,...,5. Excludes 1% largest, 1% smallest, and matching
next-day returns.

1White (1980) test for heteroskedasticity.
2Box-Pierce test for autocorrelation to 12 lags.



estimates for the Dow 30 firms, and the percent of coefficient estimates
that are positive. The results indicate that the autocorrelation pattern
evident in portfolio and index returns also exists in individual equity
returns. The average “all days” AR1 coefficient for the 30 Dow firms
is 0.053, which is statistically significant, but substantially smaller
than the coefficient for equity indices or for any of the size-ranked
portfolios over a similar interval. The Monday AR1 coefficient is pos-
itive for 29 of the 30 firms and higher than the average coefficient on
other days for 23 of the 30 firms. The mean difference coefficient for
Mondays is positive and significant (p = .002). By contrast, the Tues-
day AR1 coefficient is positive for only 15 of the 30 firms, and lower
than the average coefficient on other days for 25 of the 30 firms. The
mean difference coefficient for Tuesdays is negative and significant
(p < .001). The Friday AR1 coefficient is positive for 28 of the 30
firms and is higher than the average coefficient on other days for 24
of the 30 firms. The mean difference coefficient on Friday is positive
and significant (p = .001). We conclude from these results that the
autocorrelation pattern documented above is not explained by the
averaging process implicit in calculating index and portfolio returns.

5.3 Autocorrelation estimates from bid-ask midpoints
Keim (1989) reports that the frequency with which closing trades
occur at the bid price or the ask price varies systematically across
days of the week. Such nonrandomness could contribute to the auto-
correlation pattern documented here. To investigate this possibility,
we obtain a sample of 80 OTC firms for which a time series of at least
4000 closing bid and ask prices is available on the CRSP OTC tape.12

We report return autocorrelations computed from the mean of closing
bid and ask prices. Results from returns based on closing bid prices
are similar.

Average AR1 coefficient estimates for the 80 OTC firms are reported
in panel B of Table 8. The autocorrelation pattern in the OTC returns
closely mirrors the pattern in the Dow 30 close-to-close returns. In
particular, the mean difference coefficient on Monday is positive and
significant, while the mean difference coefficient on Tuesday is neg-
ative and significant. These results suggest that the clustering of clos-
ing trades at bid or ask prices on specific days does not provide an
explanation for the documented autocorrelation pattern.
12The variables BIDLO and ASKHI on the CRSP OTC tape report either end-of-day bid and ask prices,
or intraday low and high transaction prices. We restrict our analysis to the subset of firms for which
a large time series of bid and ask prices is reported.
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Table 8
Average AR1 coefficients for individual firm returns

AR1 coefficients for each firm are estimated by regressing daily returns on prior-day returns. The table reports the average of the coefficients. For each firm the “all
days” coefficient is the estimate of B from the regression:  where the dt denote day-of-the-week indicator variables. Daily AR1 coefficients
are estimates of B1 to B5 from the regression:  For each firm the “difference” coefficients are the estimates of Bj from estimating.

 separately for j - 1,...,5. Newey-West standard errors are in brackets. The table also reports the percent of individual firm
coefficients that are greater than zero. Excludes 1% largest, 1% smallest, and matching next-day returns.



6. Conclusion

In this article we document a pattern in the autocorrelation of security
returns around weekend and holiday nontrading periods. Specifically,
we find that the correlation of returns the second day after a non-
trading period with returns the day following the nontrading period
is significantly lower than autocorrelations measured at one lag on
other days, and is often significantly negative, implying reversals of
prior-day price movements on average. We also find that returns the
day before and the first day after nontrading periods are more highly
correlated with prior-day returns than are returns on other days. The
overall pattern has existed in US. equity returns for over 100 years,
and is quite consistent across markets with differing microstructures,
including several futures markets. The pattern implies a nontrivial
degree of return forecastability. For example, from 1885 to 1989 mean
U.S. equity returns conditional on the sign of the prior-day return are
more than twice unconditional mean returns.

The observed autocorrelations could be due to a pattern in true
(transactable) prices, or a pattern in the errors with which reported
prices measure true prices, or both. For two reasons, we believe that
a pattern in true prices is the more likely explanation. First, the most
prominent measurement error theory, nonsynchronous trading,
appears to be inconsistent with the documented tendency for Tuesday
price moves to reverse Monday price moves. Second, the observed
pattern in S&P 500 futures (in particular, the Tuesday reversal) mimics
the spot equity index pattern. This is important because index arbi-
trage activities keep the transactable prices of the spot and the future
close to each other, but need not keep reported prices similarly close.
Given the high transactions volume in S&P futures and that the S&P
futures price is not an average of component prices, we anticipate
that measurement errors in futures prices will be small, and in any
event need not mimic measurement errors in the spot index. We view
the similar pattern in the spot and futures returns as indirect evidence
that the pattern reflects true price movements.

It is possible that the observed autocorrelation pattern reflects pric-
ing errors or trading noise. However, any pattern in returns can be
viewed as consistent with some version of the trading noise hypoth-
esis. We believe that more likely routes to an explanation lie in models
of frictions in the trading process as suggested by Cohen et al. (1980),
or in models incorporating strategic behavior by market participants,
along the lines of Admati and Pfleiderer (1989), whose model allows
for price reversals. While these may be fruitful areas to investigate in
seeking an explanation for the daily autocorrelation pattern docu-
mented here, any potential explanation cannot rely on a particular
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market structure, as the observed results are quite uniform across
specialist and open outcry markets.

Our empirical analysis is confined to documentation of patterns in
daily returns around days without trading. Of course, the most com-
mon regular interval of nontrading is the overnight market closure.
A natural extension of this line of research is to examine serial depen-
dence in intraday returns around overnight closings, and to test for
possible shifts in serial dependence patterns as global markets evolve
toward 24-hour trading.
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