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ABSTRACT

We document new patterns in the dynamics between stock returns and trad-
ing volume. Speci¢cally, we ¢nd substantial momentum (reversals) in conse-
cutive weekly returns when the latter week has unexpectedly high (low)
turnover. This pattern is evident in equity indices, index futures, and indivi-
dual stocks. Similarly, we also ¢nd that the autocorrelation in equity-index
returns is increasing with the unexpected dispersion across the latter week’s
¢rm-level returns.Weeks with extreme turnover and dispersion shocks (both
high and low) tend to have more macroeconomic news releases. Our ¢ndings
bear on understanding price formation and the economic interpretation of
turnover and dispersion shocks.

IN THIS PAPER, we document new patterns in the dynamics between stock returns
and trading volume. Speci¢cally, we ¢nd substantial momentum in consecutive
weekly stock returns when the latter week has abnormally high turnover.1 Con-
versely, we ¢nd substantial reversals in consecutive weekly returns when the lat-
ter week has abnormally low turnover. By abnormal turnover, we mean the shock
in the turnover time series after controlling for its autoregressive properties and
for normal movements with the market return.2 We ¢nd this return pattern in
equity indices, index futures, individual stocks, and in the U.S., Japan, and U.K.
stock markets.
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1 In this paper, we are interested in momentum and reversals in consecutive weekly re-
turns. To clarify our terminology, hereafter we refer to the ¢rst of the consecutive periods as
the ‘‘former period’’ and the second of the consecutive periods as the ‘‘latter period.’’ By mo-
mentum (reversals), we mean positive (negative) autocorrelation.

2Our empirical work uses turnover shocks that are unpredictable, approximately normally
distributed with mean zero, and approximately homoskedastic over time.
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The following example illustrates the magnitude and timing of this autoregres-
sive behavior in weekly equity-index returns. For our U.S. large-¢rm portfolio
over the July 1962 to December 2000 period, the implied autoregressive coe⁄-
cient between returns in week t and week t�1 is 0.401 when the abnormal turn-
over in week t is at its 95th percentile. In contrast, the implied autoregressive
coe⁄cient is � 0.309 when the abnormal turnover inweek t is at its 5th percentile.
In subperiod analysis using rolling 10-year periods, the autoregressive coe⁄cient
increases an average of 0.80 as the abnormal turnover moves from its 5th to its
95th percentile, and an increasing autocorrelation is reliably evident for every
10-year period.

We also document a second ¢nding that complements our turnover results.We
¢nd momentum in consecutive weekly equity-index returns when the latter week
has abnormally high ¢rm-level return dispersion. Conversely, we ¢nd reversals in
consecutive equity-index returns when the latter week has abnormally low dis-
persion.3 Further, as suggested by the similarity of the turnover and dispersion
results, our turnover and return-dispersion shocks are substantially positively
correlated.

We are interested in turnover shocks and dispersion shocks because they are
likely to re£ect unexpected variation in portfolio reallocations across investors,
and understanding the implications and information from portfolio realloca-
tions is an important issue in ¢nancial economics. Our research is related to
prior literature on the dynamic relation between return behavior and volume.
Lo andWang (2000) provide an excellent, concise reviewof this literature in their
studyof the time-series and cross-sectional behavior of trading volume.They con-
clude that ‘‘trading activity is fundamental to a deeper understanding of economic
interactions’’ and that more research is needed to understand better ‘‘the time-
series variation in volume and the relations between volume, prices, and other
economic quantities’’ (p. 296). Our work takes a step in this direction by examin-
ing the behavior of turnover shocks and dispersion shocks and by examining
whether these shocks are related to variations in intertemporal return behavior
and macroeconomic news £ows.

Our empirical exploration di¡ers substantially from earlier studies. First, we
introduce new measures of turnover shocks and return-dispersion shocks and
show how these shocks are related to momentum and reversals in equity-index
returns. Second, our study evaluates whether serial correlation in returns varies
with lagged, contemporaneous, and lead versions of turnover and dispersion
shocks. In contrast, prior work has only evaluated the role of volume in predict-
ing serial correlation in returns and has used volume measures that exhibit sub-
stantial autocorrelation (rather than turnover shocks). Our comprehensive

3By ¢rm-level return dispersion, we mean a period’s cross-sectional standard deviation of
¢rm returns. Analogous to our turnover shocks, abnormal return dispersion refers to the
shock in the dispersion time series after controlling for its autoregressive properties and for
normal movements with the market return. It is important to note that our primary momen-
tum and reversal ¢ndings are descriptive in nature, rather than predictive, since the relevant
turnover and dispersion shocks are from the latter period. Thus, our primary ¢ndings do not
challenge market e⁄ciency in the sense of Fama (1998).
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approach facilitates comparison with existing work and further quali¢es the
joint price-volume dynamics.Third, we focus on weekly equity-index returns. As
in Lo andWang (2000), we examine the weekly return horizon as a good compro-
mise between maximizing sample size while minimizing daily volume and return
£uctuations that may have less direct economic relevance. Prior work on condi-
tional autocorrelations has focused on daily equity-index returns or only exam-
ined individual ¢rm returns. Finally, to supplement our main empirical
investigation and better understand turnover and dispersion shocks, we also ex-
plore whether turnover and dispersion shocks are related to variation in macro-
economics news £ows. We ¢nd that weeks with extreme turnover shocks and
dispersion shocks (both extremely high and extremely low) tend to have more
macroeconomic news releases.

Our ¢ndings make a number of contributions to the study of security returns,
price formation, and return-volume dynamics. First, we believe this paper is the
¢rst to document conditions where weekly returns of large-cap portfolios and
equity-index futures exhibit substantial momentum and reversals. Second, by
documenting new connections between return dynamics, turnover shocks, dis-
persion shocks, and macroeconomic news £ows, we contribute to the literature
on understanding time-series variation in volume, prices, and other economic
quantities. For example, our ¢ndings mayhelp us better understand the economic
implications of turnover shocks and dispersion shocks. Third, our ¢ndings ad-
dress how news is incorporated into prices and suggest the need for new theory
that might encompass our empirical evidence and generate new testable empiri-
cal implications. Finally, our results on dispersion suggest an intriguing role for
micro (¢rm-level) data in understanding macro (market-level) return behavior. In
turn, this implies that theory may need to incorporate multiple riskyassets, even
if the theory is directed only at understanding market-level return behavior.

This paper is organized as follows. In the next section, we discuss related the-
ory and evidence to provide motivation and intuition for our subsequent empiri-
cal investigation. The next section also includes more background on turnover
and cross-sectional return dispersion. Section II discusses the data and Section
III explains our methods for measuring turnover and dispersion shocks. The
main empirical results are presented in Section IV. SectionV presents additional
analysis, including ¢rm-level turnover results, a comparison of our ¢ndings to
earlier studies, and the relation of macroeconomic news releases and bond re-
turns to our turnover and dispersion shocks. SectionVI concludes.

I. Related Literature and Background Discussion

A. Related Literature

The literature on joint price-volume behavior is extensive. However, to our
knowledge, no existing theory directly predicts the empirical patterns that we
uncover or perfectly ¢ts our empirical setting. Presumably, such theory would
need to model the joint dynamics of returns and trading volume, would need to
focus on conditional serial correlations, andwould need to include multiple risky
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assets and risk aversion. For brevity in our paper, we limit our discussion here to
several important papers that are closely related to our work and that are useful
in providing both motivation and intuition for our study. We direct readers to
Lo and Wang (2000) and Llorente et al. (2002) for more discussion on this vast
literature.

Wang (1994) presents a dynamic model of competitive trading volume where
volume conveys important information about how assets are priced in the econo-
my. In his model, there are two types of heterogeneity across risk-averse inves-
tors: (1) diverse information about the publicly traded stock, and (2) diverse
investment opportunities outside the public stock market.

Wang’s model includes two groups of traders.‘‘Informed investors’’ have access
to private information about the single publicly traded stock and also have invest-
ment opportunities outside the public stock exchange.These informed investors
may trade either because of better information about the publicly traded stock or
to adjust their portfolios due to changes in their outside investment opportu-
nities.‘‘Uninformed investors’’ rationally extract information from realized divi-
dends, prices, and public signals. By trading, they provide liquidity and hope to
earn pro¢ts by taking advantage of stock price changes that are not related to
information about the stock’s fundamentals.

InWang’s framework, the dynamic relation betweenvolume and returns varies
depending upon the motive for trading by the ‘‘informed investors.’’A reversal in
consecutive returns is likely if the primary motive for the informed’s trading in
the former period is changes in their outside investment opportunities. Prices
move with turnover in the former period due to risk aversion and because the
uninformed investors do not know whether trading is information based. Thus,
the subsequent pricemovement in the latter period tends to exhibit some reversal
from the former period’s price movement.

Conversely, momentum in consecutive returns is likely if the primary motive
for the informed’s trading in the former period is better information about the
stock’s fundamentals.The partial incorporation of information in the former per-
iod tends to generate positive autocorrelation between the former and latter-per-
iod returns.

Wang’s model includes several promising features that pertain to our empirical
investigation. First,Wang’s framework provides multiple economic rationales for
turnover (rather than simplyassuming noisy liquidity shocks). Second, it directly
predicts alternating (but unpredictable) momentum and reversals in returns, re-
lated to the underlying economics behind turnover. Third, it incorporates two
types of heterogeneity across investors. Fourth, as discussed below, it also in-
cludes implications about turnover patterns around public news releases.

However,Wang’s framework does not directly apply to our empirical setting.
First, his framework only has a single risky asset and, thus, does not address
our return-dispersion ¢ndings. Second,Wang does not directly analyze the impli-
cations of turnover shocks in the latter period, but rather focuses on the econom-
ics behind turnover in the former period.

A formal extension ofWang’s framework to our empirical setting is beyond the
scope of our paper. However, in our view,Wang’s framework may be consistent
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with our principal ¢ndings if di¡erent economics behind turnover in the former
period are associated with di¡erent conditional distributions for the turnover
shocks in the latter period. If so, then the latter-period turnover shock may tell
us something both about the economics behind the former-period turnover and
also about variation in return momentum and reversals.

Also relevant to our study is the prediction fromWang that ‘‘the greater the
information asymmetry (and diversity in expectations), the larger the abnormal
trading volumewhen news arrives’’ (p. 129). In SectionV, we report how our turn-
over shocks and dispersion shocks are related to public macroeconomic news
£ows and discuss our ¢ndings from the context of Wang’s framework.

Llorente et al. (2002) present a model closely related to theWang framework,
where turnover is motivated by either hedging purposes (related to changing in-
vestment opportunity sets outside the stock market) or by asymmetric informa-
tion about a stock’s fundamentals.They examine the predictive role of volume on
the autocorrelation of individual ¢rm daily returns and ¢nd evidence consistent
with their model andWang’s model.

Cooper (1999) also examines the predictive role of volume for subsequent re-
turn dynamics. He analyzes the conditional autocorrelation of weekly large-cap
individual stock returns and ¢nds that increasing-volume stocks exhibit weaker
return reversals or positive return autocorrelation. To measure turnover varia-
tion, Cooper uses a weekly percentage change in turnover. He argues that his
evidence seems consistent withWang’s model.

Campbell, Grossman, and Wang (1993; hereafter CGW) present an alternate
theory where price changes accompanied by higher volume will tend to be re-
versed because, in this case, risk-averse traders are likely to be absorbing liquid-
ity shocks with the expectation that they will earn a higher subsequent return.
They ¢nd supporting evidence in daily index returns. Consistent with CGW’s
model, Conrad, Hameed, and Niden (1994) ¢nd that the subsequent autocorrela-
tion of weekly individual ¢rm returns is decreasing in the number of ¢rm trans-
actions.We compare our results to Cooper (1999) and CGW in SectionV.C, after
¢rst establishing our new ¢ndings in Section IV.

Other related studies include Brown and Jennings (1989) and Blume, Easley,
and O’Hara (1994; hereafter BEO). Brown and Jennings study technical analysis
and the behavior of return serial correlation with private information trading.
BEO consider the informational role of volume from the perspective of investors.
In contrast toWang (1994) and Llorente et al. (2002), volume matters in BEO be-
cause it a¡ects the behavior of the market, rather than merely describing the
market.

B. Background onTurnover and Return Dispersion

Prior literature suggests several reasons for turnover. These include asym-
metric information with disperse beliefs across investors, changes in investment
opportunity sets outside the traded stock market, and changes in the investment
opportunity set of traded stocks (or changing stock return distributions). See
Harris and Raviv (1993), Shalen (1993),Wang (1994), and Chen, Hong, and Stein
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(2001) for discussion that relates turnover to heterogeneous information and be-
liefs. SeeWang (1994), Heaton and Lucas (1996), Lo andWang (2000), and Llorente
et al. (2002) for discussion that relates turnover to changes in investment oppor-
tunity sets. Also, seeWang and Lo andWang for additional motives for trading
volume.

Abnormal return dispersion might also re£ect portfolio reallocations. Before
proceeding, we note that linear, common-factor, return-generating models imply
a substantial relation between return dispersion and the absolute market return,
due to the dispersion in factor loadings (see Stivers (2003)). Here we are inter-
ested in dispersion shocks, beyond the variation in dispersion that is related to
the magnitude of the period’s market return.

Related literature includes the following. First, Loungani, Rush, and Tave
(1990) ¢nd that high return dispersion leads unemployment. Second, Christie
and Huang (1994) ¢nd that dispersion is higher during recessions and is posi-
tively related to the yield spread between risky and safe corporate bonds.Third,
Stivers (2003) ¢nds that higher dispersion is associated with higher future mar-
ket volatility, even while controlling for standard GARCH relations in the mar-
ket return. These three papers suggest that abnormally high dispersion may be
associated with changing investment opportunities. To the extent that di¡eren-
tial information and expectations may generate turnover, it also seems likely to
generate abnormally high dispersion across ¢rm returns as investors reallocate
across ¢rms.

Finally, as reported later, we note that our turnover shocks and our dispersion
shocks are positively correlated. In contrast, the notion of herding in ¢nancial
markets suggests that abnormally low dispersion might be observed during peri-
ods with unusually high volume. Consistent with our observed positive correla-
tion between turnover and dispersion shocks, Christie and Huang (1995) and
Chang, Cheng, and Khorana (2000) use return dispersion to evaluate herding
and ¢nd no evidence of herding in the United States.4

II. Data Description

We gather our data from two primary sources.We use CRSP as our source for
U.S. equity data and DataStream International as our source for U.S. futures
market data and for international data.

We obtain daily ¢rm returns for the July 1962 to December 2000 sample period
from the CRSP return ¢les, and then aggregate them in the usual way to form
weekly returns usingWednesday as the week’s end.We then form weekly decile-
portfolio returns over the same period by sorting ¢rms on their market capitali-

4Other recent papers use return dispersion (RD) as follows. Bekaert and Harvey (1997,
2000) ¢nd that, for developed markets, markets with higher RD tend to have a higher volati-
lity level. In contrast, for emerging markets, they ¢nd that markets with a lower RD tend to
have a higher volatility level. In the case of emerging markets, a low RD may re£ect a market
with little industry diversi¢cation and hence greater market volatility. Bessembinder, Chan,
and Seguin (1996) use ¢rm RD as a measure of ¢rm information £ows and ¢nd that RD is
correlated with aggregate ¢rm-level volume.
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zation, with the size-based sorts reperformed every week. All NYSE and AMEX
¢rms with return and market capitalization data for the week are included.The
decile-portfolio returns are an equal-weighted average of the component ¢rm re-
turns.Throughout this paper, we refer to the largest size-based, decile-portfolio
as our U.S. large-¢rm portfolio and the second smallest size-based, decile-portfo-
lio as our U.S. small-¢rm portfolio.

We also use the individual ¢rm returns that make up each portfolio to con-
struct a return dispersion (RD) metric for each decile-portfolio every week.The
return dispersion of our large-¢rm portfolio is de¢ned as follows:

RDL;t ¼ log

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn
i¼1

ðRi;t �RL;tÞ2
" #vuut ð1Þ

wheren is the number of ¢rms in our large-¢rm portfolio,Ri,t is the return of large
¢rm i in period t,RL,t is the return of our U.S. large-¢rm portfolio in period t, and
log indicates the natural log.

Throughout this paper, we use this notation for time-series variables.The ¢rst
subscript on the variable identi¢es the asset (either our large-¢rm portfolio, L,
our small-¢rm portfolio, S, or ¢rm i) and the second subscript indicates the time
period. In some of the discussion, we omit the asset subscript and just use a sin-
gle time subscript. In these instances, we are referring to the variable, in general,
and it is not necessary to speci¢cally identify the particular asset.

For the U.S. futures data, we construct returns implied by the S&P 500 futures
prices, using the continuous futures price series from DataStream. The sample
period, June 1982 to December 2000, re£ects data availability from DataStream.
Finally, risk-free rates are from three-monthT-bills.

We also collect daily trading volume and shares outstanding for U.S. ¢rms
from CRSP over the July 1962 through December 2000 period. Using this data,
we construct a weekly turnover measure for each size-based, decile-portfolio.
Turnover is de¢ned as shares traded divided by shares outstanding. Aportfolio’s
turnover is the equally weighted average of the individual ¢rm turnovers for the
¢rms that comprise the portfolio. Following from Lo andWang (2000), our weekly
turnover is the sum of ¢ve daily turnovers starting at aWednesday end-of-week
and working backward.5 SeeWang (1994) and Lo andWang (2000) for a theoreti-
cal justi¢cation for using turnover in our setting, instead of other volume me-
trics.

Figure 1 graphically displays the time series of raw turnover and raw return
dispersion for our U.S. large-¢rm portfolio. By raw, we mean the primitive turn-
over and primitive dispersionwithout the log transformation that weuse in equa-
tions (1), (2), and (3).

We focus on the large-¢rm statistics for several reasons. First, our large-¢rm
portfolio return, RL, is a good proxy for the market return. The correlation

5The bene¢t of our procedure is that our weekly turnover is a standard sum of ¢ve conse-
cutive daily turnovers when the market is open. The disadvantage is that a few daily turn-
overs are counted in two consecutive weeks.
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between RL and the CRSP value-weighted market return is 0.975 for our weekly
return sample. Second, the turnover and return dispersion of the large ¢rms may
be more indicative of the economic environment because small ¢rms may add
noise through nonsynchronous trading or high idiosyncratic volatility.Third, this
approach enables us to examine di¡erences in large- and small-¢rm portfolios.

Panel Aof Figure 1 shows that turnover increases from 1962 through 1987, with
a drop-o¡ following the 1987 crash, followed byan increase again in 1990 through
2000. This ¢gure is very similar to the value-weighted turnover index of Lo and
Wang (2000) in Panel A of their Figure 1. Panel B of our Figure 1 shows that the
time series of large-¢rm return dispersion does not exhibit a similar time trend.

Panel A: Turnover (left axis, lower series) and MRTO (right axis, upper series) 
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Panel B:  RD (lext axis, lower series) and MRRD (right axis, upper series)
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Figure1. Aggregate turnover and return dispersion of large U.S. ¢rm stocks.This
¢gure displays the time series of weekly average ¢rm turnover and return dispersion (RD)
for our U.S. large-¢rm portfolio over July 1962 to December 2000. Panel A presents the raw
turnover and themarket-adjusted relative turnover (MRTO). Panel B presents the raw ¢rm
return dispersion and the market-adjusted relative return dispersion (MRRD).
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We do note that dispersion is fairly high in 1974 and 1981, which were di⁄cult
economic times.

We also study weekly returns and turnover from the Japanese and U.K. equity
markets. Here, the return sample spans from January 1982 through December
2000. For these markets, the sample is the group of individual ¢rms that comprise
a major large-cap equity index (the Nikkei-225 index for Japan and the FTSE-100
index for the United Kingdom), based on data availability from DataStream.We
construct the market return and return dispersion from the individual ¢rm re-
turns of each index. For the turnover series for Japan and the United Kingdom,
we use the turnover by value (series VA) from DataStream. The turnover series
spans November 1986 to December 2000 for the United Kingdom and January
1991 to December 2000 for Japan.

III. Measuring AbnormalTurnover and Return Dispersion

A.Turnover Shocks

Our primary empirical investigation explores whether the autoregressive be-
havior of equity-index returns varies with abnormal turnover and dispersion
across ¢rm returns. As such, it is critical to selectmeasures of abnormal turnover
and dispersion that have a clear interpretation as shocks and that have desirable
time-series statistical properties. Here, we present and justify our choice for
these measures. Later, in SectionV.C, we compare our turnover-shock series to
other turnover metrics used in previous related studies.

For our primary measure of turnover shocks, we construct a market-adjusted
relative turnover (MRTO) series. The MRTOt of a portfolio is de¢ned as the un-
expected variation in turnover after controlling for the autoregressive properties
of turnover and for the variation associated with the sign and magnitude of both
theweek t and t�1portfolio return.TheMRTOL,t of our large-¢rm portfolio is the
residual, ut, obtained from estimating the following time-series regression model:

TOL;t ¼ g0 þ
X6
k¼1

gkTOL;t�k þ g7jRL;tj þ g8D
�
t jRL;tj þ g9jRL;t�1j

þg10D
�
t�1jRL;t�1j þ ut ð2Þ

where TOL,t is the natural log of the turnover for our U.S. large-¢rm portfolio,
jRL,tj is the absolute excess return of our U.S. large-¢rm portfolio, D�

t ¼ 1 if RL,t

is negative and is zero otherwise, and the g’s are estimated coe⁄cients.The excess
return is equal to the nominal return less the three-monthT-bill rate.

The return terms are included as explanatory variables in (2) for two reasons.
First, by including these terms, we can interpretMRTOas the shock in turnover,
beyond the normalvariation associatedwith the sign and/or themagnitude of the
market return. Second, we believe it is desirable to have a turnover shock that is
orthogonal to both the return and absolute return in periods t and t�1, so that
any turnover-related variation in the autoregressive behavior cannot be attribu-
ted to the sign or the magnitude of the portfolio return.We choose anAR(6) for (2)
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because, up to six lags, the estimated coe⁄cient on each lagged term is individu-
ally positive and statistically signi¢cant for both the log(turnover) and the RD
series.

We choose to use the log transformation of the raw turnover in (2) for several
reasons. First, the log transformation produces aMRTO series that exhibits little
heteroskedasticity over time. Second, the resulting MRTO series exhibits nearly
no skewness (value of 0.08) and only modest excess kurtosis (value of 1.65).6 Final-
ly, (2) captures the positive time trend in turnover.

Table I, Panel A, reports the estimated coe⁄cients for our MRTO model (2) for
the full sample and one-half sample subperiods. The estimated coe⁄cients indi-
cate that turnover exhibits substantial positive autocorrelation, is positively re-
lated to the absolute portfolio return, and tends tobe smaller for negative returns
as compared to positive returns of the same magnitude.

Alternate speci¢cations of (2) produce series that are very similar to our pri-
mary MRTO. For example, if we include linear and squared time-trend explana-
tory terms in (2), then the correlation between our primary MRTO and the
alternate MRTO (with time-trend explanatory terms) is 0.989. Or, if we replace
the absolute return terms with squared return terms in (2), then the correlation
between our primary MRTO and the alternate MRTO (with squared market re-
turn terms) is 0.979. Finally, if we use 10 turnover lags in (2), then the correlation
between our primary MRTOand the alternate MRTO (with 10 lags) is 0.989.

Figures 1 and 2 illustrate the properties of our large-¢rmMRTO series. Figure
1, Panel A, plots the time series of ourMRTOL,t over theJuly 1962 throughDecem-
ber 2000 period. Figure 2, Panel A, plots the sample density of ourMRTOL,t.

B. Return-Dispersion Shocks

For our primary measure of dispersion shocks, we construct a market-adjusted
relative return dispersion (MRRD) measure.The MRRD of a portfolio is de¢ned
as the unexpected variation in dispersion, after controlling for the autoregres-
sive properties of dispersion and for the variation in dispersion associated with
the sign and magnitude of both theweek t and t�1portfolio return.TheMRRDL,t

for our large-¢rm portfolio is the residual, ut, obtained from estimating the fol-
lowing time-series regression:

RDL;t ¼ g0 þ
X6
k¼1

gkRDL;t�k þ g7jRL;tj þ g8D
�
t jRL;tj

þg9jRL;t�1j þ g10D
�
t�1jRL;t�1j þ ut ð3Þ

where RDL,t is the dispersion from our large-¢rm portfolio per equation (1), and
the other terms are as de¢ned for (2).We choose six lags and include the return

6By contrast, if we use the raw turnover series in (2) to calculate the turnover shock, the
variance of the turnover shock in the second half of the sample is over twice that of its var-
iance in the ¢rst half. Further, the alternate shock series from the raw turnover exhibits sub-
stantial positive skewness (value of 1.37) and very substantial excess kurtosis (value of 14.7).
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terms for the same reasons as for the MRTO (also see related discussion in Sec-
tion I.B).

We choose to use the log transformation of the raw dispersion for several rea-
sons. First, the log transformation produces a series that exhibits little hetero-
skedasticity over time. Second, the resulting MRRD series has only modest
skewness (value of 0.42) and excess kurtosis (value of 1.02).7

Table I
MeasuringTurnover Shocks

This table reports on the construction of our relative turnover (RTO) and market-adjusted RTO
(MRTO) measures.We estimate two variations of the following model:

TOL;t ¼ g0 þ
X6
k¼1

gkTOL;t�k þ g7jRL;tj þ g8D
�
t jRL;tj þ g9jRL;t�1j þ g10D

�
t�1jRL;t�1j þ ut

whereTOL,t is the log of the average weekly turnover of the individual ¢rms that comprise our
U.S. large-¢rm portfolio, jRL,tj is the absolute excess return of our U.S. large-¢rm portfolio for
week t,D�

t ¼ 1 ifRL,t is negative and is zero otherwise, and the g’s are estimated coe⁄cients.The
coe⁄cients are estimated by OLS and t-statistics are in parentheses.TheMRTOL,t is de¢ned as
the residual ut from estimating the model variation in Panel A below.The RTOL,t is de¢ned as
the residualut from estimating the model variation in Panel B below.The sample period is listed
for each column.The last row reports the residual standard deviation.

Panel A Panel B

Coe⁄cient 7/62^12/00 7/62^9/81 10/81^12/00 7/62^12/00 7/62^9/81 10/81^12/00

g1 0.587 0.605 0.521 0.570 0.602 0.508
(26.4) (19.1) (16.5) (25.6) (19.0) (16.1)

g2 0.103 0.074 0.135 0.122 0.086 0.154
(4.26) (2.16) (4.08) (4.76) (2.31) (4.37)

g3 0.063 0.087 0.020 0.068 0.085 0.036
(2.64) (2.60) (0.60) (2.62) (2.29) (1.02)

g4 0.109 0.119 0.076 0.089 0.108 0.050
(4.56) (3.57) (2.29) (3.44) (2.92) (1.42)

g5 0.046 � 0.006 0.100 0.054 0.013 0.094
(1.91) (�0.19) (3.05) (2.10) (0.34) (2.64)

g6 0.079 0.074 0.075 0.088 0.068 0.101
(3.82) (2.58) (2.56) (3.96) (2.16) (3.21)

g7 5.166 6.319 4.313
(18.5) (14.6) (12.3)

g8 � 2.704 � 4.741 � 0.853
(�8.77) (�10.03) (�2.19)

g9 � 0.725 � 0.802 � 0.358
(�2.44) (�1.71) (�0.97)

g10 � 0.957 � 0.834 � 0.861
(�3.02) (�1.67) (�2.18)

R2% 96.7 88.4 80.5 96.1 85.7 77.1
s(ut) 0.139 0.144 0.129 0.151 0.160 0.140

7 In contrast, using the raw return dispersion in (3) yields an alternate MRRD with substan-
tial positive skewness (value of 1.28) and substantial excess kurtosis (value of 5.19).
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Table II, Panel A, reports the estimated coe⁄cients for the MRRD model (3) for
the full sample andone-half sample subperiods.The estimated coe⁄cients indicate
that dispersion exhibits substantial positive autocorrelation, is positively related
to the absolute portfolio return, and tends to be smaller for negative returns.

Alternate speci¢cations for estimating MRRD produce series that are very si-
milar to our primaryMRRD. For example, if we include linear and squared time-
trend explanatory terms in (3), then the correlation between our primary MRRD
and the alternate MRRD (with time-trend explanatory terms) is 0.995. Or, if we
replace the absolute return terms in (3) with squared return terms, then the cor-
relation between our primary MRRD and the alternate MRRD (with squared re-
turn terms) is 0.981. Finally, if we use 10 RD lags in (3), then the correlation
between our standard MRRD and alternate MRRD (with 10 lags) is 0.990.

Figures 1 and 2 illustrate the properties of our large-¢rmMRRD series. Figure
1, Panel B, plots the time-series ofMRRDL,t over the July 1962 to December 2000
period. Figure 2, Panel B, plots the sample density ofMRRDL,t.

C. Univariate Measures of Turnover and Dispersion Shocks

For comparison purposes and subsequent robustness tests, we construct alter-
nate turnover and dispersion shocks that simply measure deviations from the
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Figure 2. MRTO and MRRD densities. This ¢gure displays the sample density of the
market-adjusted relative turnover (MRTOt) and market-adjusted relative return disper-
sion (MRRDt) from our U.S. large-¢rm portfolio.We calculate the sample density using
an Epanechnikov kernel with bandwidth set to 10 percent of the interquartile range.We
use 400 grid points for the ¢gure.The sample period is July 1962 to December 2000.
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expectation of a univariate time-series model. Our relative turnover (RTO) and
relative return dispersion (RRD) are the residuals from estimating a univariate
AR(6) model on the log of the respective raw turnover and raw dispersion series.
The RTO and RRD are attractive measures because of the simplicity of the uni-
variate AR(6) model. The estimated coe⁄cients from the AR(6) model are re-
ported inTable I, Panel B, for RTO, and Table II, Panel B, for RRD.

However, as compared to our MRTO and MRRD, our RTO and RRD have one
unattractive feature. Speci¢cally, both turnover and dispersion tend to be larger

Table II
Measuring Return-Dispersion Shocks

This table reports on the construction of our relative return dispersion (RRD) and market-ad-
justed RRD (MRRD) measures.We estimate two variations of the following model:

RDL;t ¼ g0 þ
X6
k¼1

gkRDL;t�k þ g7jRL;tj þ g8D
�
t jRL;tj þ g9jRL;t�1j þ g10D

�
t�1jRL;t�1j þ ut

where RDL,t is the log of the weekly cross-sectional standard deviation of the individual ¢rm
returns that comprise our U.S. large-¢rm portfolio, jRL,tj is the absolute excess return of our
U.S. large-¢rm portfolio for week t, D�

t ¼ 1 if RL,t is negative and is zero otherwise, and the g’s
are estimated coe⁄cients.The coe⁄cients are estimated by OLS and t-statistics are in parenth-
eses.The MRRDL,t is de¢ned as the residual ut from estimating the model variation in Panel A
below.The RRDL,t is de¢ned as the residual ut from estimating the model variation in Panel B
below.The sample period is listed for each column.The last row reports the residual standard
deviation.

Panel A Panel B

Coe⁄cient 7/62^12/00 7/62^9/81 10/81^12/00 7/62^12/00 7/62^9/81 10/81^12/00

g1 0.369 0.406 0.331 0.379 0.423 0.342
(16.5) (12.8) (10.5) (16.9) (13.4) (10.9)

g2 0.152 0.088 0.211 0.160 0.084 0.224
(6.88) (2.87) (6.67) (6.72) (2.45) (6.73)

g3 0.106 0.099 0.126 0.136 0.120 0.153
(4.77) (3.25) (3.89) (5.64) (3.50) (4.50)

g4 0.065 0.081 0.039 0.066 0.106 0.025
(2.91) (2.65) (1.20) (2.73) (3.10) (0.72)

g5 0.080 0.094 0.056 0.065 0.085 0.038
(3.61) (3.05) (1.78) (2.73) (2.46) (1.15)

g6 0.072 0.057 0.089 0.091 0.072 0.108
(3.48) (2.02) (2.97) (4.06) (2.28) (3.41)

g7 5.665 6.785 4.608
(17.8) (15.5) (10.1)

g8 � 3.275 � 4.976 � 1.609
(�9.42) (�10.6) (�3.17)

g9 � 0.956 � 0.880 � 1.074
(�2.80) (�1.81) (�2.25)

g10 1.037 1.049 1.272
(2.88) (2.09) (2.46)

R2% 66.0 68.2 62.7 60.2 59.7 58.1
s(ut) 0.157 0.143 0.168 0.170 0.161 0.177
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for large absolute returns (magnitude e¡ects) and tend to be larger for positive
returns (sign e¡ects). Thus, any variation in serial correlation related to the
RTO/RRDmeasures may also be picking up variation associatedwith the magni-
tude and/or the sign of the return.

In contrast, our primary MRTO and MRRD series are constructed to have no
relation to the magnitude or sign of the market return. In practice, the RTO
(RRD) series is highly correlated with the MRTO (MRRD) series with a correla-
tion of 0.924 (0.923).

D. Correlation of Turnover and Dispersion Shocks

Next, we calculate the correlation between the MRTO and MRRD series. The
sample correlations are 0.457, 0.392, and 0.517, respectively, for the full sample and
the two one-half subperiods. This suggests that both measures are capturing a
similar aspect of the week’s market environment.

We also¢nd that theMRTOandMRRDcannotbe explainedbylaggedeconomic
variables including the risk-free rate, a recession-state indicator, the yield spread
between Moody’s Baa and Aaa rated bonds, and U.S. bond returns. The R2 of a
regression of MRTO and MRRD against these variables is less than 0.7 percent
for bothvariables.This result supports our use ofMRTO/MRRDasmeasures that
re£ect shocks in turnover and dispersion.

E. Lagged and LeadMeasures of Turnover and Dispersion Shocks

Our primary turnover and dispersion shocks for period t�1 are also obtained
from the estimation of (2) and (3). Our MRTOL,t�1 and MRRDL,t�1 are the week
t�1 residuals from estimating (2) and (3), respectively.

However, the construction of our lead shock measures, MRTOL,tþ1 and
MRRDL,tþ1, is di¡erent. Speci¢cally, we construct lead shocks with models that
use no explanatory terms from period t. We make this choice for two reasons.
First, this choice provides ‘‘clean’’ temporal separation in the sense that the con-
struction of the tþ1 shocks uses no information from period t. Second, if we in-
clude explanatory variables from period t, then the MRTOtþ1/MRRDtþ1 would
be essentiallyorthogonal toMRTOL,t/MRRDL,t. Instead, we desire amodel where
the lead shocks are likely to be substantially correlated with the contempora-
neous shocks, depending upon how much incremental information the MRTOL,t

(MRRDL,t) contains for the turnover (dispersion) level in period tþ1.We further
discuss our reasons for analyzing the lead shocks at the end of Section IV.B, after
¢rst presenting the empirical results.

The MRTOL,tþ1 for our large-¢rm portfolio is the residual from the following
model, where the terms are as de¢ned for (2):

TOL;tþ1 ¼ g0 þ
X6
k¼1

gkTOL;t�k þ g7jRL;tþ1j þ g8D
�
tþ1jRL;tþ1j þ g9jRL;t�1j

þg10D
�
t�1jRL;t�1j þ utþ1 ð4Þ
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To construct theMRRDL,tþ1, weuse (4) butwithRD terms replacing the turnover
terms. For the lead RTO/RRDmeasures, we estimate avariation of (4) without the
g7 through g10 return terms.

We ¢nd that the intertemporal correlation between the MRTOL,tþ1 from (4)
and theMRTOL,t from (2) is substantial at 0.486. Similarly, the intertemporal cor-
relation between theMRRDL,tþ1 and theMRRDL,t is 0.335.

IV. Main Empirical Results

A. ReturnMomentum and Reversals with AbnormalTurnover

To explore whether the autoregressive behavior of equity-index returns varies
with turnover shocks, we estimate variations of the following model where the
coe⁄cient of interest is b2:

RL;t ¼ b0 þ ðb1 þ b2MRTOL;jÞRL;t�1 þ et ð5Þ

where RL,t is the excess weekly return of our U.S. large-¢rm portfolio in week t;
MRTOL,j is the market-adjusted relative turnover of our large-¢rm portfolio in
week j; j¼ t, t�1, or tþ1 so that we may investigate contemporaneous, lagged,
and lead associations; and the b’s are estimated coe⁄cients.

In our tables, we report coe⁄cients estimated by OLSwith t-statistics based on
heteroskedastic- and autocorrelation-consistent standard errors, using the New-
ey andWest (1987) method with three lags.We report OLS estimation for several
reasons. First, this method provides consistent parameter estimates. Second, our
¢ndings are very similar across subperiods, for di¡erent model speci¢cations, for
variations in constructing the turnover and dispersion shocks, and for di¡erent
econometric estimation methods. Given this robustness, we favor reporting OLS
estimates because of the familiarityand intuition of OLS.We elaborate on robust-
ness analysis in Section IV.C, IV.E, and Appendix A.

Table III, Panels A, B, and C, report results from estimating (5) for the overall
sample and the ¢rst- and second-half subsamples, respectively.The results in col-
umn two show that the relation between RL,t and RL,t�1 is substantially increas-
ing in theMRTOL,t.The b2 estimate is reliably positive for the overall sample and
both subperiods (t-statistics of 5.23 or greater). For the three sample periods, the
implied ¢rst-order autoregressive coe⁄cient increases by 0.709, 0.872, and 0.592 as
MRTOL,tmoves from its 5th to its 95th percentile. For this comparison, weuse the
percentiles from the MRTO distribution of each respective period (rather than
the overall sample percentiles).

Next, the results in column three indicate that the autocorrelation also varies
positively withMRTOL,t�1, but the magnitude is much smaller. For the three sam-
ple periods, the implied ¢rst-order autoregressive coe⁄cient increases by 0.211,
0.186, and 0.296 asMRTOL,t�1 moves from its 5th to its 95th percentile.While this
lag relation seems economically small, this pattern does suggest that nonsynchro-
nous trading does not have a material role in our ¢ndings (seeAppendix B).

Finally, the results in column four show that the autocorrelation is increasing
in the leadMRTOL,tþ1measure.The b2 estimate is reliably positive for the overall
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sample and both subperiods.The implied ¢rst-order autoregressive coe⁄cient in-
creases by 0.357, 0.468, and 0.252, respectively, for the three periods, asMRTOL,tþ1

moves from its 5th to its 95th percentile.We discuss the implications in Section
IV.B. below, after ¢rst presenting the return-dispersion results.

B. ReturnMomentum and Reversals with Abnormal Return Dispersion

To explore whether the autoregressive behavior of equity-index returns varies
with dispersion shocks, we estimate variations of the following model where the

Table III
Return Momentum and Reversals during Periods of AbnormalTurnover
This table reports the results from estimating four variations of the following model:

RL;t ¼ b0 þ ðb1 þ b2MRTOL;jÞRL;t�1 þ et

where RL,t is the excess weekly return of our U.S. large-¢rm portfolio in week t, MRTOL,j is the
market-adjusted relative turnover of our U.S. large-¢rm portfolio in week j, j is either t (column
2), t�1 (column 3), or tþ1 (column 4), et is the residual, and the b’s are estimated coe⁄cients.The
coe⁄cients are estimated by OLS, with t-statistics in parentheses that are calculatedwith auto-
correlation- and heteroskedastic-consistent standard errors by the Newey and West method
using three lags. Rows 3 and 4 report the implied ¢rst-order autoregressive coe⁄cient at the
MRTOL,j’s 5th and 95th percentiles. Row 5 reports the increase in the implied ¢rst-order auto-
regressive coe⁄cient as theMRTOL,jmoves from its 5th to its 95th percentile.

1. Base 2. Contemp. 3. Lag 4. Lead
(j¼ t) (j¼ t�1) (j¼ tþ1)

Panel A: July 1962 to December 2000 Period

1. b1 0.030 (0.96) 0.035 (1.15) 0.024 (0.90) 0.036 (1.13)
2. b2 1.62 (7.55) 0.480 (2.66) 0.687 (4.55)
3. AR(1)-5th MRTO � 0.309 � 0.078 � 0.137
4. AR(1)-95th MRTO 0.401 0.133 0.220
5. Increase 0.709 0.211 0.357
6. R2 (%) 0.09 6.06 0.88 1.56

Panel B: July 1962 to September 1981 Period

1. b1 0.081 (2.10) 0.089 (2.81) 0.084 (2.31) 0.085 (2.32)
2. b2 1.91 (8.51) 0.407 (2.04) 0.859 (4.84)
3. AR(1)-5th MRTO � 0.338 � 0.007 � 0.138
4. AR(1)-95th MRTO 0.534 0.179 0.330
5. Increase 0.872 0.186 0.468
6. R2 (%) 0.66 9.82 1.12 3.31

Panel C: October 1981 to December 2000 Period

1. b1 � 0.018 (�0.370) � 0.006 (�0.11) � 0.031 (�0.83) � 0.010 (�0.19)
2. b2 1.45 (5.23) 0.725 (2.40) 0.554 (2.41)
3. AR(1)-5th MRTO � 0.290 � 0.174 � 0.131
4. AR(1)-95th MRTO 0.302 0.123 0.122
5. Increase 0.592 0.296 0.252
6. R2 (%) 0.03 4.00 1.60 0.78
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coe⁄cient of interest is b2.

RL;t ¼ b0 þ ðb1 þ b2MRRDL;jÞRL;t�1 þ et ð6Þ
where MRRDL,j is the market-adjusted relative return dispersion of our U.S.
large-¢rm portfolio in period j, and all other terms are as de¢ned for (5).

Table IV, Panels A, B, and C, report results from estimating (6) for the overall
sample and the ¢rst- and second-half subsamples, respectively. First, as reported
in column two, the autoregressive relation is increasing in MRRDL,t.The b2 esti-

Table IV
Return Momentum and Reversals during Periods

of Abnormal Dispersion
This table reports the results from estimating four variations of the following model:

RL;t ¼ b0 þ ðb1 þ b2MRRDL;jÞRL;t�1 þ et

where RL,t is the excess weekly return of our U.S. large-¢rm portfolio in week t,MRRDL,j is the
market-adjusted relative return dispersion of the ¢rms that comprise our U.S. large-¢rm port-
folio in week j, j is either t (column 2), t�1 (column 3), or tþ1 (column 4), et is the residual, and
the b’s are estimated coe⁄cients.The coe⁄cients are estimated by OLS, with t-statistics in par-
entheses that are calculated with autocorrelation- and heteroskedastic-consistent standard er-
rors by the NeweyandWest method using three lags. Rows 3 and 4 report the implied ¢rst-order
autoregressive coe⁄cient at theMRRDL,j’s 5th and 95th percentiles. Row 5 reports the increase
in the implied ¢rst-order autoregressive coe⁄cient as theMRRDL,jmoves from its 5th to its 95th
percentile.

2. Contemp. 3. Lag 4. Lead
1. Base (j¼ t) (j¼ t�1) (j¼ tþ1)

Panel A: July 1962 to December 2000 Period

1. b1 0.030 (0.96) 0.026 (0.95) 0.028 (0.98) 0.035 (1.14)
2. b2 0.837 (3.06) 0.125 (0.56) 0.621 (3.41)
3. AR(1)-5th MRRD � 0.175 � 0.002 � 0.116
4. AR(1)-95th MRRD 0.251 0.062 0.204
5. Increase 0.426 0.064 0.320
6. R2 (%) 0.09 1.95 0.14 1.26

Panel B: July 1962 to September 1981 Period

1. b1 0.081 ( 2.10) 0.084 (2.21) 0.083 (0.08) 0.084 (2.24)
2. b2 0.956 (3.62) � 0.156 (�0.52) 0.688 (3.22)
3. AR(1)-5th MRRD � 0.128 0.117 � 0.076
4. AR(1)-95th MRRD 0.311 0.045 0.248
5. Increase 0.439 � 0.072 0.324
6. R2 (%) 0.66 2.75 0.73 1.94

Panel C: October 1981 to December 2000 Period

1. b1 � 0.018 (�0.370) � 0.025 (�0.60) � 0.025 (�0.61) � 0.010 (�0.21)
2. b2 0.910 (2.25) 0.337 (1.21) 0.647 (2.10)
3. AR(1)-5th MRRD � 0.256 � 0.111 � 0.177
4. AR(1)-95th MRTO 0.235 0.071 0.177
5. Increase 0.491 0.182 0.354
6. R2 (%) 0.03 2.34 0.45 1.38
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mate is reliably positive for the overall sample and both subperiods (t-statistics of
2.25 or greater). For the three sample periods, the implied ¢rst-order autoregres-
sive coe⁄cient increases by 0.426, 0.439, and 0.491, asMRRDL,tmoves from its 5th
to its 95th percentile.

Next, as reported in column three, the autocorrelation varies little with
MRRDL,t�1. However, if a highMRRDL,t�1was primarily attributed to relatively
high nonsynchronous trading in period t�1, then the positive autocorrelation
e¡ects from NST should be increasing inMRRDL,t�1 (see Appendix B).

Finally, as reported in column four, the autocorrelation is increasing in the
MRRDL,tþ1. For the three periods, the implied ¢rst-order autoregressive coe⁄-
cient increases by 0.320, 0.324, and 0.354, as MRRDL,tþ1 moves from its 5th to its
95th percentile.

In our view, the lead ¢ndings in column four of Tables III and IV suggest an
economic interpretation for our primary MRTOt/MRRDt ¢ndings in column
two (rather than a measurement-related or statistical-only reasonwith no under-
lying economics).This is because one concern about our primary ¢ndings is that
the turnover and dispersion shocks are contemporaneous with the dependent
variable, RL,t, in (5) and (6). Although we cannot envision how, it may be possible
that we have overlooked some statistical issue (not related to economics) that
could have a material in£uence when estimating (5) and (6) with the contempora-
neous shocks.With our construction method, the lead MRTO (MRRD) should be
correlated with the MRTOt (MRRDt) if the economics behind the MRTOt

(MRRDt) shocks also provides incremental information about the turnover (dis-
persion) in period tþ1. Thus, one can think of our lead models as using
MRTOtþ1/MRRDtþ1 to proxy for MRTOt/MRRDt (where the proxies have tem-
poral separation from the dependent variable in (5) and (6)). Also see related dis-
cussion and results in Section III.E.

C. Additional Subperiod Analysis

There are two prominent new results in Tables III and IV. First, consecutive
equity-index returns tend to display substantial momentum when there is unex-
pectedly high turnover or dispersion in the latter period. Second, consecutive
equity-index returns tend to display substantial reversals when there is unex-
pectedly low turnover or dispersion in the latter period.We conduct further sub-
period analysis of these results.

We estimate our MRTOmodel andMRRDmodel, given by (5) and (6) with j¼ t,
for 29 di¡erent rolling 10-year subperiods over our July 1962 through December
2000 sample. Speci¢cally, our procedure is to estimate a 10-year subperiod (520
weekly observations), roll forward by one year (52 weeks), then estimate the next
subsequent 10-year period, and so forth.We use the portfolio return, dispersion,
and turnover of our U.S. large-¢rm portfolio.

We ¢nd that the autocorrelation is reliably increasing in MRTOt for all 29 of
the 10-year periods (t-statistic of 2.86 or greater for the estimated b2’s of (5)). For
the 29 subperiods, the average increase in the autoregressive relation asMRTOt
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moves from its 5th to its 95th percentile is 0.795.This increase is greater than 0.4
for all 29 subperiods. Figure 3 presents these subperiod results graphically.

Similarly, for 25 of the 29 10-year periods, the autocorrelation is reliably in-
creasing with the MRRDt (with a t-statistic of 1.67 or greater on the estimated
b2’s of (6)). For the 29 subperiods, the average increase in the autoregressive rela-
tion as MRRDt moves from its 5th to its 95th percentile is 0.489.This increase is
greater than 0.25 for 26 of the 29 subperiods.

Figure 3 suggests that this autoregressive phenomenon may be somewhat
weaker in the latter part of our sample.To further explore this issue, we estimate
theMRTOtmodel (5) and theMRRDtmodel (6) over the last ¢ve years of our sam-
ple for our U.S. large-¢rm portfolio. For the MRTOt (MRRDt) model, the esti-
mated b2 is 1.38 (0.582) with a t-statistic of 3.11 (1.51). Taken together, these
results indicate that the autoregressive phenomenon is still reliably evident in
this most recent ¢ve-year period, but the magnitude is somewhat smaller as com-
pared to earlier periods.

D. Simple Discrete Comparison

InTableV, we present an alternate illustration of this volume-return dynamic.
This table uses a simple, discrete comparison to contrast the momentum and re-
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Figure 3. Ten-year subperiod results.This ¢gure displays results from estimating our
primary models (5) and (6) (with j¼ t) over 10-year subperiods for our weekly U.S. large-
¢rm portfolio returns.The overall sample period is July 1962 to December 2000.We use a
rolling 10-year estimation period with 52-week step intervals to yield 29 di¡erent overlap-
ping periods.The y-axis displays the increase in the implied autoregressive coe⁄cients as
theMRTOt/MRRDt moves from its 5th percentile to its 95th percentile.The date on the x-
axis is the center point of the estimation period.
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versals in the weekly returns of our U.S. large-¢rm portfolio.We identify condi-
tions based on the magnitude of RL,t�1 and the value of the subsequentMRTOL,t

(MRRDL,t). Then, we compare the mean of the identi¢ed RL,t�1 observations to
the mean of the subsequent RL,t observations that follow these RL,t�1 periods.
TableV, Panel A (B), reports the MRTO (MRRD) results.

First, we consider substantial negative returns inweek t�1. In this discussion,
m indicates the unconditional mean of the weekly returns. For observations
where RL,t�1 is less than negative one percent and the subsequent MRTOL,t is
greater than its 75th percentile, the mean return in week t�1 is 2.76 percent
below m and the mean return in the subsequent week t is 1.01 percent below m (in-
dicating return momentum). In contrast, when RL,t�1 is less than negative one
percent and the subsequent MRTOL,t is less than its 25th percentile, then the
mean return in week t�1 is 2.61 percent below m and the mean return in the sub-
sequent week t is 0.85 percent above m (indicating return reversals).

Next, we consider substantial positive returns in week t�1. For observations
where RL,t�1 is greater than one percent and the subsequent MRTOL,t is greater
than its 75th percentile, the mean return inweek t�1 is 2.12 percent above m and
the mean return in the subsequent week t is 0.54 percent above m (indicating re-
turn momentum). In contrast, when RL,t�1 is greater than one percent and the
subsequent MRTOt is less than its 25th percentile, the mean return in week
t�1 is þ 2.15 percent above m and the mean return in the subsequent week t is
0.54 percent below m (indicating return reversal). The results for the MRRD are
qualitatively similar but somewhat weaker.

E. Robustness and Pervasiveness of our Primary Findings

In this subsection, we report additional evidence to evaluate the robustness
and pervasiveness of our primary ¢ndings. Appendix A contains further robust-
ness analysis that indicates our ¢ndings are robust to other concerns, including
conditional heteroskedasticity, generated regressors, and extreme observations.

E.1. Alternate U.S. Equity Return Series

We ¢nd the same autoregressive behavior in the CRSP value-weighted index
and the S&P 500 futures index.The futures results seem particularly important
given the results of Ahn et al. (2002), who ¢nd that futures index returns typically
have an autocorrelation near zero rather than the positive autocorrelation ob-
served in the underlying spot index returns. Speci¢cally, we estimate our pri-
mary models, equations (5) and (6), with j¼ t and with the futures return
replacing the large-¢rm portfolio return. Over the June 1982 to December 2000
future’s sample period, we ¢nd that the estimated b2 is 1.27 (0.86) for the MRTO
(MRRD) model with a t-statistic of 4.13 (1.77).These results are quite close to the
comparable results inTables III and IV, Panel C, column 2, for our large-¢rm port-
folio.
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E.2. Univariate Measures of Turnover and Dispersion Shocks

We also investigate univariate measures of turnover and dispersion shocks.We
estimate the following RTO model:

RL;t ¼ b0 þ ðb1 þ b2RTOL;kÞRL;t�1 þ et ð7Þ

where RTOL,k is the relative turnover of our large-¢rm portfolio in period k, as
de¢ned in Section III.C, and the other terms are as de¢ned for (5).

The results in TableVI, Panel A, show that the autoregressive behavior is sub-
stantially increasing in the contemporaneous RTO, modestly increasing in the
lead RTO, and marginally increasing in the lag RTO.The results are very similar
to the MRTO results inTable III.

We also estimate the following RRD model:

RL;t ¼ b0 þ ðb1 þ b2RRDL;kÞRL;t�1 þ et ð8Þ

TableVI
Results with Univariate Measures of AbnormalTurnover and Dispersion
Panel A reports the results from estimating the following model on the weekly returns of our
U.S. large-¢rm portfolio

RL;t ¼ b0 þ ðb1 þ b2RTOL;jÞRL;t�1 þ et

where RL,t is the excess weekly return of our U.S. large-¢rm portfolio in week t, RTOL,j is the
relative turnover of our U.S. large-¢rm portfolio in week j, j is either t (column 2), t�1 (column
3), or tþ1 (column 4), et is the residual, and the b’s are estimated coe⁄cients.The coe⁄cients are
estimated byOLS, with t-statistics in parentheses that are calculatedwith autocorrelation- and
heteroskedastic-consistent standard errors by the Newey and West method using three lags.
Rows 3 and 4 report the implied ¢rst-order autoregressive coe⁄cient at the RTOL,j’s 5th and
95th percentiles. Row 5 reports the increase in the implied ¢rst-order autoregressive coe⁄cient
as the RTOL,j moves from its 5th to its 95th percentile. Panel B reports results for an identical
model, except thatRRDL,j replacesRTOL,j, whereRRDL,j is the relative return dispersion of our
U.S. large-¢rm portfolio in week j.

2. Contemp. 3. Lag 4. Lead
1. Base (i¼ t) (i¼ t�1) (i¼ tþ1)

Panel A: RTO Results

1. b1 0.030 (0.96) 0.043 (1.37) � 0.010 (�0.03) 0.045 (1.39)
2. b2 1.37 (7.57) 0.441 (2.94) 0.632 (4.20)
3. AR(1)-5th RTO � 0.257 � 0.106 � 0.118
4. AR(1)-95th RTO 0.393 0.103 0.225
5. Increase 0.649 0.209 0.343
6. R2 (%) 0.09 5.37 1.03 1.55

Panel B: RRD Results

1. b1 0.030 (0.96) 0.021 (0.80) 0.011 (0.39) 0.027 (0.92)
2. b2 0.667 (2.93) 0.186 (1.10) 0.546 (2.13)
3. AR(1)-5th RRD � 0.152 � 0.038 � 0.122
4. AR(1)-95th RRD 0.217 0.066 0.192
5. Increase 0.369 0.103 0.315
6. R2 (%) 0.09 1.69 0.26 1.32

The Journal of Finance1542



where RRDL,k is the relative return dispersion across the ¢rms of our large-¢rm
portfolio, as de¢ned in Section III.C, and the other terms are as de¢ned for (6).

The results in Table VI, Panel B, show that the autoregressive behavior is in-
creasing with the contemporaneous and lead RRD, but is not reliably related to
the lagged RRD.These ¢ndings are similar to the results for the MRRDmodel in
Table IV. Overall, we conclude that our principal results are robust to using RTO
and RRD as alternate univariate measures of turnover and dispersion shocks.

E.3. International Evidence

We also check whether our principal results extend to non-U.S. markets. Spe-
ci¢cally, we estimate models (5) through (8) for Japan and the United Kingdom.
For both countries, we ¢nd that the autocorrelation is reliably increasing in the
own-country MRTOt and MRRDt. For the Japanese market, the implied autore-
gressive coe⁄cient increases by 0.454 (0.502) as theMRTOt (MRRDt) moves from
its 5th to its 95th percentile value. For the U.K. market, the implied autoregres-
sive coe⁄cient increases by 0.250 (0.165) as the MRTOt (MRRDt) moves from its
5th to its 95th percentile value.

For both countries, the autocorrelation is essentially unrelated to any of the
lagged measures. For Japan, the autocorrelation is reliably increasing in both
the lead MRRD/RRD and the lead MRTO/RTO. For the United Kingdom, the
autocorrelation is only reliably increasing in the lead MRRD and RRD. Overall,
the variations in the autoregressive behavior for Japan and the United Kingdom
are qualitatively similar to those in the United States.

E.4.TheAsymmetric Lead-lag Phenomenon

An enduring puzzle in the serial-correlation literature is the large cross-serial
correlation between small-¢rm portfolio returns and lagged large-¢rm portfolio
returns (see Lo and MacKinlay (1990), Boudoukh, Richardson, and Whitelaw
(1994), and Campbell, Lo, andMacKinlay (1997)).We also investigate this phenom-
enonwith ourMRTOandMRRDmodels.We are interested inwhether the cross-
serial relation also varies with turnover and dispersion shocks, and, if so,
whether the large-¢rm portfolio’s shocks or the small-¢rm portfolio’s shocks are
more important in explaining the variation in the cross-serial relation.

TableVII provides the model speci¢cation and reports the results.While con-
trolling for the lagged small-¢rm returns, we ¢nd that the relation between the
small-¢rm returns and lagged large-¢rm returns varies positively with the
MRTOt andMRRDt from both the large-¢rm and small-¢rm portfolios.The mag-
nitude seems substantial: The implied cross-serial relation increases by 0.933
(0.664) as the large-¢rmMRTOL,t (MRRDL,t) moves from its 5th to its 95th percen-
tile.The increase in the implied cross-serial relation is smaller for the small-¢rm
turnover and dispersion shocks.This evidence seems at odds with a market-fric-
tion explanation for our ¢ndings (seeAppendix B).
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V. FurtherAnalysis and Discussion of Results

A. Firm-levelTurnover Results

Since much of the existing work on volume-return dynamics has examined
¢rm-level data, the connection between our index results and this work is not
immediately clear. To bridge the gap, we also examine individual large-¢rm re-
turns and jointly examine: (1) the relation between a ¢rm’s turnover shock and
the ¢rm’s return autocorrelation, and (2) the relation between our large-¢rm port-
folio’s turnover shock and the cross-serial relation between the ¢rm’s return and
the lagged large-¢rm portfolio return.With this approach, we can better see the
connections between the existing literature and the new results reported in this
paper. Additionally, this exploration may prove useful in distinguishing between

TableVII
Asymmetric Lead-lag withTurnover and Dispersion Shocks

This table reports on the cross-serial relation between the returns of our U.S. small-¢rm portfo-
lio and our lagged U.S. large-¢rm portfolio as a function of the MRTOt and MRRDt of each re-
spective portfolio. Panel A reports on the following model:

RS;t ¼ b0 þ ðb1 þ b2MRTOk;tÞRL;t�1 þ b3RS;t�1 þ et

where RS,t is the excess weekly return of our U.S. small-¢rm portfolio in week t,MRTOk,t is the
MRTO of portfolio k in week t, k is either our large-¢rm portfolio, L, or small-¢rm portfolio, S,
and the other terms are as de¢ned in Table III. Rows 4 and 5 report the implied cross-serial
relation (CSR) on RL,t�1 at the respective MRTOk,t’s 5th and 95th percentiles. Row 6 reports
the increase in the implied cross-serial relation as the respective MRTOk,t moves from its 5th
to its 95th percentile. Panel B reports on the same model except that MRRD replaces MRTO.
The coe⁄cients are estimated by OLS, with t-statistics in parentheses that are calculated with
autocorrelation- and heteroskedastic-consistent standard errors by the Newey andWest meth-
od using three lags.The sample period is July 1962 to December 2000.

1. Base 2. k¼L 3. k¼S

Panel A: MRTOResults

1. b1 0.034 (0.80) 0.037 (0.86) 0.031 (0.81)
2. b2 2.12 (6.46) 1.10 (2.42)
3. b3 0.326 (6.73) 0.330 (8.41) 0.319 (6.84)
4. CSR-5th MRTO � 0.416 � 0.279
5. CSR-95th MRTO 0.517 0.331
6. Increase 0.933 0.610
7. R2 (%) 11.89 18.65 15.39

Panel B: MRRD Results

1. b1 0.034 (0.80) 0.035 (0.87) 0.001 (0.02)
2. b2 1.31 (3.43) 1.02 (2.54)
3. b3 0.326 (6.73) 0.317 (6.53) 0.335 (7.32)
4. CSR-5th MRRD � 0.279 � 0.242
5. CSR-95th MRRD 0.384 0.269
6. Increase 0.664 0.511
7. R2 (%) 11.89 14.84 13.92
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a marketwide economic interpretation of our ¢ndings versus explanations that
rely more on the aggregation of ¢rm-level phenomenon.

We estimate the following model on the returns of 25 large U.S. ¢rms:

Ri;t ¼ b0 þ ðb1 þ b2FRTOi;jÞRi;t�1 þ ðb3 þ b4MRTOL;jÞRL;t�1 þ et ð9Þ

where Ri,t is the excess weekly return of ¢rm i in week t, FRTOi,j is the ¢rm-ad-
justed relative turnover of ¢rm i in period j, and the other terms are as de¢ned for
(5). Our ¢rm sample is comprised of ¢rms in the DowJones Industrial Average, as
of September 30, 1999, that had the entire July 1962 to December 2000 time series
of daily data in CRSP.

The FRTOi,t is formed analogously to our MRTOL,t but with ¢rm values repla-
cing portfolio values. The FRTOi,t is the residual from estimating the following
model for each ¢rm:

TOi;t ¼ g0 þ
X6
j¼1

gjTOi;t�j þ g7jRi;tj þ g8D
�
t jRi;tj þ g9jRi;t�1j

þg10D
�
t�1jRi;t�1j þ ut ð10Þ

where subscript i indicates ¢rm values and all other terms are de¢ned for
equation (2).

TableVIII reports estimates of (9) for the 25 large ¢rms. First, in Panel A, we
¢nd that the relation between Ri,t and Ri,t�1 is reliably increasing with FRTOi,t

For 20 of the 25 ¢rms, the estimated b2 is positive and statistically signi¢cant.
Across the 25 ¢rms, the average increase in the autoregressive relation is 0.295
as the FRTOi,t increases from its 5th to its 95th percentile.

Second, the cross-serial relation between Ri,t and RL,t�1 is reliably increasing
with MRTOL,t. For all 25 ¢rms, the estimated b4 is positive and highly statisti-
cally signi¢cant. Across the 25 ¢rms, the average increase in the relation between
Ri,t andRL,t�1 is 0.606 as theMRTOL,t increases from its 5th to its 95th percentile.
Since the reliability and magnitude of this cross-e¡ect is larger than the own-
¢rm e¡ects, these results suggest that marketwide in£uences are more impor-
tant. Note that the average pairwise correlation between a ¢rm’s FRTOi,t and
the MRTOL,t is þ 0.368 (see column 6). Thus, the ¢rm turnover shocks and the
portfolio’s turnover shocks are far from collinear, which suggests reasonable
power for estimating (9).

Finally, Table VIII, Panel B, reports the results for the MRTOL,t�1 and
FRTOi,t�1 conditioning. Consistent with our Table III results and Cooper’s
(1999) results, the autocorrelation tends to increase with the lagged turnover
shocks, but the e¡ect is much more modest than the results in Panel A for the
contemporaneous shocks. Again, the market e¡ect is larger and more reliable
than the own-¢rm e¡ect.

B.Macroeconomics News Flows and U.S.Treasury Bond Returns

The last part of our workexplores the relation of macroeconomic news releases
and bond returns to our turnover and dispersion shocks. Our ¢ndings here may
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suggest direction for future work related to our primary return-volume dynamic
¢ndings and may help us better understand the economic interpretation of turn-
over and dispersion shocks.

First, we investigate the relation between our turnover/dispersion shocks and
macroeconomic news releases.We evaluate macroeconomic news £ows for weeks

TableVIII
Firm-level Return andTurnoverAnalysis

This table reports the results fromestimating the followingmodel on the returns of 25 largeU.S.
¢rms:

Ri;t ¼ b0 þ ðb1 þ b2FRTOi;jÞRi;t�1 þ ðb3 þ b4MRTOL;jÞRL;t�1 þ et

where Ri,t is the excess weekly return of ¢rm i in week t, FRTOi,j is the ¢rm-adjusted relative
turnover of ¢rm i in week j, j is t for the Panel A results and t�1 for the Panel B results, and
the other terms are as de¢ned in Table III. Columns 2 and 4 report the estimated b1 and b3 for
each ¢rm. Instead of the estimated coe⁄cient, column 3 (5) reports the implied increase in the
coe⁄cient on Ri,t�1 (RL,t�1) as the FRTOi,j (MRTOL,j) moves from its 5th to its 95th percentile,
based on the estimated b2 (b4). The coe⁄cients are estimated by OLS, with t-statistics in par-
entheses that are calculated with autocorrelation- and heteroskedastic-consistent standard er-
rors by the Newey andWest method using three lags. Columns 6 and 7 reports the correlations
between FRTOi,t/MRTOL,t and Ri,t/RL,t for ¢rm i, respectively.The sample period is July 1962 to
December 2000.

Panel A: Conditional on FRTOt andMRTOt

1. Firm 2. b1 3. b2 4. b3 5. b4 6. rRTOs 7. rReturns

ALD � 0.109 (�3.41) 0.394 (3.52) 0.178 (2.90) 0.764 (5.64) 0.340 0.566
AA � 0.072 (�2.45) 0.390 (4.49) 0.121 (1.84) 0.767 (3.46) 0.368 0.532
ATT � 0.066 (�1.88) � 0.096 (�0.98) 0.055 (1.28) 0.344 (3.40) 0.342 0.425
BA � 0.012 (�0.46) 0.343 (4.28) 0.101 (1.58) 0.471 (2.55) 0.326 0.499
CAT � 0.080 (�2.78) 0.224 (2.06) 0.191 (3.07) 0.742 (3.52) 0.378 0.561
CHV � 0.070 (�2.62) 0.274 (3.55) 0.062 (1.27) 0.446 (3.72) 0.374 0.523
KO � 0.053 (�1.57) 0.238 (2.30) � 0.001 (�0.01) 0.549 (3.95) 0.379 0.563
DD � 0.014 (�0.48) 0.490 (6.02) 0.076 (1.63) 0.733 (4.66) 0.433 0.615
EK � 0.091 (�3.37) 0.239 (2.69) 0.149 (3.02) 0.480 (3.78) 0.410 0.523
XON � 0.155 (�5.93) 0.389 (5.00) 0.095 (2.39) 0.386 (3.98) 0.472 0.504
GE � 0.045 (�1.33) 0.317 (3.58) 0.050 (0.79) 0.496 (4.06) 0.491 0.699
GM � 0.045 (�1.35) 0.404 (4.28) 0.009 (0.16) 0.414 (3.12) 0.381 0.576
GT 0.022 (0.76) 0.271 (2.70) 0.109 (1.69) 0.866 (5.20) 0.289 0.555
HWP � 0.052 (�2.08) 0.348 (4.31) 0.112 (1.62) 0.925 (4.79) 0.312 0.545
IBM 0.029 (1.06) 0.362 (4.14) 0.013 (0.25) 0.458 (3.56) 0.497 0.564
IP � 0.065 (�2.43) 0.414 (6.13) 0.170 (2.79) 0.895 (4.77) 0.362 0.597
JNJ � 0.107 (�3.30) 0.101 (0.64) � 0.001 (�0.01) 0.655 (4.59) 0.303 0.533
MRK � 0.065 (�2.49) 0.547 (6.09) 0.045 (0.97) 0.358 (2.58) 0.395 0.544
MMM � 0.065 (�2.24) 0.048 (0.57) 0.100 (2.13) 0.709 (5.06) 0.390 0.612
MO � 0.042 (�1.57) 0.286 (4.73) � 0.034 (�0.58) 0.572 (4.37) 0.348 0.501
PG � 0.036 (�1.31) 0.149 (2.33) 0.017 (0.39) 0.456 (3.55) 0.372 0.508
S � 0.122 (�4.02) 0.482 (5.85) 0.157 (2.36) 0.365 (2.81) 0.333 0.581
UK � 0.056 (�1.48) 0.192 (1.72) 0.168 (2.21) 0.803 (4.41) 0.279 0.563
UTX � 0.064 (�2.25) 0.139 (1.62) 0.111 (1.91) 0.678 (3.80) 0.307 0.558
DIS 0.011 (0.37) 0.434 (5.33) 0.104 (1.42) 0.817 (5.32) 0.322 0.547

Mean � 0.057 0.295 0.086 0.606 0.368 0.552
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when both the realizedMRTOL,t andMRRDL,t are unusually high, unusually low,
and near their expected values of zero.We search only for important economic
news that is widely considered to be informative about stock market-wide funda-
mentals. Primarily, the news releases cover such items as GDP, in£ation, indus-
trial production, and the trade de¢cit. Details on the news search are in
Appendix C.

To summarize, the mean number of news releases during the extreme MRTO/
MRRD weeks (both unusually high and unusually low) is nearly three times the
mean number of news releases during the weeks when theMRTOandMRRDare
essentially zero.This di¡erence in news £ows is statistically signi¢cant (p-value
o0.005).

Recall the prediction fromWang (1994) that ‘‘the greater the information asym-
metry (and diversity in expectations), the larger the abnormal trading volume
when news arrives’’(p.129).Thus, in the casewhere high turnover is observed dur-
ing news-release periods, the news may have altered relatively diverse beliefs,

Panel B: Conditional on FRTOt�1 andMRTOt�1

1. Firm 2. b1 3. b2 4. b3 5. b4

ALD � 0.097 (�2.83) 0.073 (0.73) 0.151 (2.36) 0.202 (1.73)
AA � 0.073 (�2.41) � 0.027 (�0.34) 0.102 (1.55) 0.305 (3.12)
ATT � 0.067 (�1.89) � 0.050 (�0.50) 0.049 (1.17) 0.181 (2.03)
BA � 0.011 (�0.40) 0.026 (0.34) 0.078 (1.26) 0.417 (3.34)
CAT � 0.076 (�2.59) 0.014 (0.19) 0.163 (2.71) 0.313 (1.98)
CHV � 0.068 (�2.49) � 0.055 (0.62) 0.044 (0.94) 0.360 (3.35)
KO � 0.053 (�1.60) � 0.072 (�0.60) � 0.016 (�0.30) 0.127 (1.07)
DD � 0.011 (�0.34) � 0.064 (�0.94) 0.055 (1.08) 0.115 (1.36)
EK � 0.093 (�3.57) 0.140 (1.80) 0.140 (3.03) 0.268 (3.08)
XON � 0.150 (�5.61) � 0.062 (�0.69) 0.075 (1.95) 0.281 (3.84)
GE � 0.034 (�1.00) 0.081 (1.00) 0.022 (0.40) 0.263 (1.98)
GM � 0.052 (�1.52) � 0.026 (�0.31) 0.001 (0.02) 0.271 (3.05)
GT 0.025 (0.90) 0.204 (2.51) 0.090 (1.52) 0.173 (1.18)
HWP � 0.054 (�2.14) 0.043 (0.57) 0.097 (1.34) 0.350 (2.84)
IBM 0.022 (0.76) 0.117 (1.47) 0.006 (0.12) 0.164 (2.05)
IP � 0.065 (�2.36) 0.129 (1.95) 0.141 (2.38) 0.358 (2.74)
JNJ � 0.095 (�3.22) � 0.080 (�1.40) � 0.022 (�0.47) 0.095 (1.15)
MRK � 0.062 (�2.21) 0.126 (1.68) 0.033 (0.68) � 0.001 (�0.01)
MMM � 0.075 (�2.51) 0.018 (0.26) 0.094 (2.04) 0.244 (2.42)
MO � 0.030 (�1.17) 0.106 (1.94) � 0.048 (�0.94) 0.218 (1.47)
PG � 0.041 (�1.47) 0.184 (2.34) 0.019 (0.42) � 0.069 (�0.83)
S � 0.113 (�3.80) 0.178 (2.86) 0.132 (2.28) 0.169 (1.16)
UK � 0.066 (�1.75) � 0.046 (�0.45) 0.152 (2.21) 0.512 ( 2.95)
UTX � 0.075 (�2.68) 0.135 (1.95) 0.114 (2.01) 0.368 (3.97)
DIS 0.007 (0.23) 0.111 (1.52) 0.080 (1.24) 0.401 (2.59)

Mean � 0.056 0.048 0.070 0.243

TableVIIIFContinued
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which promotes an associated substantial change in portfolio holdings across in-
vestors. If high turnover during news-release periods re£ects a‘‘high dispersion-
in-beliefs’’ environment, then it seems likely that turnover in the former period
largely re£ected diverse beliefs about the stock market. If so, returns are likely
to exhibit momentum inWang’s framework.

On the other hand, consider when low turnover is observed during news-re-
lease periods. In this case, the economic news might have done little to change
beliefs or even acted to reinforce relatively homogeneous beliefs. If low turnover
during news-release periods re£ects a ‘‘low dispersion-in-beliefs’’ environment,
then turnover in the former period seems more likely to have been due to noise
or changing investment opportunities outside the stock market. If so, returns are
more likely to exhibit reversals in theWang framework. Our return-volume dy-
namic ¢ndings, along with our news-release results, seem consistent with these
conjectures motivated by the news-volume implications fromWang.

We also undertake a test based on Scruggs’ (1998) argument that U.S. bond re-
turns may re£ect intertemporal changes in the investment opportunity set. Spe-
ci¢cally, we regress 10-year U.S.Treasury bond returns on the contemporaneous
stock market return andMRTO (MRRD). In this regression, we ¢nd that both the
MRTO and MRRD are positively related to bond returns (p-values o0.001).This
¢nding suggests that bond prices tend to increase, relative to stocks, when there
is abnormally high turnover and dispersion in the stock market. These results
seem to support Scruggs’ argument and suggest that abnormally high turnover
and dispersion are related to stock market uncertainty and changes in stock^
bond portfolio allocations.

Overall, the macroeconomic-news and bond-return results suggest that our
turnover and dispersion shocks re£ect economic and market information that ex-
tends beyond equity price dynamics. However, these results do not pinpoint the
mechanism behind the momentum and reversals, and it may be that these asso-
ciations are even unrelated to our autoregressive ¢ndings.

C. Comparison to Prior Literature onTurnover and Serial Correlation

In this subsection, we compare our ¢ndings to previous evidence on turnover
and serial correlation. Speci¢cally, we reexamine ¢ndings in Cooper (1999) and
CGW (1993) from the context of our data and empirical setting.

As previously noted, Cooper (1999) uses a ‘‘weekly percentage change in turn-
over’’and ¢nds that the returns of high-turnover ¢rms tend to exhibit less nega-
tive autocorrelation or even positive autocorrelation. Our results seem
consistent with his ¢ndings.

For further comparison, we calculate Cooper’s weekly percentage changes in
turnover for our U.S. large-¢rm portfolio and each of our 25 individual stocks
from SectionV.A.We then use Cooper’s turnover measure in place of our MRTO
and FRTO in our conditional models.We ¢nd that the autoregressive behavior
varies similarly with Cooper’s measure but the magnitude and reliability are
smaller, as compared to our MRTO and FRTO results.
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We also note that Cooper’s measure exhibits a substantial negative autocorre-
lation of � 0.303 for the turnover series of our U.S. large-¢rm portfolio and an
average autocorrelation of � 0.247 for the turnover series of the 25 individual
stocks. In contrast, our MRTO exhibits essentially zero time-series pre-
dictability.

The contemporaneous correlation between our MRTOand Cooper’s metric for
our large-¢rm portfolio is 0.832, and the average correlation between our FRTO
and his metric for the 25 individual ¢rms is 0.777.Thus, our turnover shocks and
Cooper’s turnover metric are substantially related, but we prefer our measure
because of its superior performance in our setting and its clear interpretation
as a shock.

CGW (1993) examine daily equity returns and ¢nd that returns accompanied
by a high volume tend to exhibit stronger return reversals. At ¢rst blush, this
result appears to be at odds with our ¢ndings and Cooper’s. However, CGW’s em-
pirical analysis is substantially di¡erent. First, CGWstudy daily returns, not the
weekly returns that we and Cooper investigate.This may be an important di¡er-
ence. For our U.S. large-¢rm portfolio, the unconditional daily (weekly) return
autocorrelation for the July 1962 to December 2000 period is 0.166 (0.027). Second,
CGWconstruct their detrended turnover measure by subtracting a one-year mov-
ing average of log(turnover) from the day’s log(turnover). Their detrended mea-
sure exhibits a very substantial positive autocorrelation of 0.70, in contrast to
the near zero autocorrelation in our measure and the negative autocorrelation
in Cooper’s.

We further explore the CGW measure in our setting. First, using the weekly
turnover series of our large-¢rm portfolio and the 25 individual stocks, we form
the CGWdetrended turnover metric. In our weekly data, we ¢nd that the CGW
measure exhibits an autocorrelation of 0.626 for our large-¢rm portfolio and an
average autocorrelation of 0.460 for the 25 stocks.We also note that the contem-
poraneous correlation between the CGW turnover measure and our MRTO is
modest at 0.575, which suggests economic di¡erences between these measures.

We also rerun our basic tests (speci¢cally, the models reported in Table III)
using the CGW measure in place of our MRTO.The ¢ndings are consistent with
our results in Table III, but the conditioning e¡ect is weaker. These results sug-
gest interesting di¡erences between the daily and weekly horizon, which may
prove to be an interesting avenue for future research.

VI. Conclusions

We ¢nd substantial momentum in consecutive weekly stock returns when the
latter week has unexpectedly high turnover. Conversely, we ¢nd substantial re-
versals in consecutive weekly stock returns when the latter week has unexpect-
edly low turnover. We ¢nd this empirical regularity in the weekly returns of
large- and small-¢rm portfolios, equity-index futures, individual ¢rm returns,
and in the U.S., Japanese, and U.K. stock markets. Similarly, the autocorrelation
of index returns also increases with the latter-week’s dispersion shock across in-
dividual ¢rm returns.
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Our results appear striking in several ways. First, increases in the ¢rst-order
autoregressive coe⁄cient of around 0.80 (0.50) as the turnover (dispersion) shock
moves from its 5th to its 95th percentile seem economically sizable, especially for
weekly returns of large-¢rm portfolios. Second, we identify periods of both sub-
stantial return momentum and reversals. The reversals seem especially note-
worthy since portfolio returns exhibit unconditional positive autocorrelation.
We also ¢nd that the serial correlation is similarly (but more modestly) related
to our lead turnover and dispersion shocks, which casts doubt on measurement-
based explanations for our results.

Since no existing theory directly addresses our empirical setting and ¢ndings,
the theoretical interpretation of our evidence remains an open question.The eco-
nomic interpretation of turnover and dispersion shocks is critical to future ef-
forts. Motivated by this concern, we present secondary ¢ndings in Section V.B
that indicate our turnover and dispersion shocks are related to variations in
macroeconomic news £ows and government bond returns.

Wang (1994) provides one promising theoretical framework fromwhich to con-
sider our ¢ndings. He models two types of heterogeneity across investors, diverse
information and diverse investment opportunities. In his model, consecutive
stock returns tend to exhibit momentum if trading in the former period is pri-
marily motivated by diverse information and dispersion-in-beliefs about the
stock’s fundamentals. Conversely, consecutive stock returns tend to exhibit re-
versals if trading in the former period is primarily motivated by changes in in-
vestment opportunities outside the public stock market. Our ¢ndings seem
consistent withWang’s framework if di¡erent economic rationales behind turn-
over in the former period are associated with di¡erent conditional distributions
for the turnover shocks and dispersion shocks in the latter period. Also, see re-
lated empirical evidence in Llorente et al. (2002).

Intuition and insights from other areas of the literature may prove useful in
understanding our ¢ndings. For example, recent literature on economic-state un-
certainty (Veronesi (1999, 2000)) suggests that the price response to information
increases with the uncertainty about the economic state. If turnover shocks and
dispersion shocks are associated with economic-state uncertainty, then this in-
sight might prove useful in understanding our results. Or, in Blume et al. (1994),
investors directly extract useful information from volume. Thus, volume a¡ects
the behavior of the market, rather than merely describing it. This feature might
also prove useful in understanding our ¢ndings.

Other readers may see a link to our results and other areas of the literature on
asset pricing, market microstructure, and technical trading.We do note that, in
our view, the economic associations from SectionV.B cast doubt on explanations
that rely strictly on asymmetric private information. Thus, our ¢ndings suggest
that models that combine imperfect information with other types of heterogene-
ity across agents may prove useful in characterizing price formation. Future the-
ory that encompasses our ¢ndings is likely to generate new empirical
implications, and should provide additional insight into price formation and
the information in turnover and dispersion shocks.We look forward to future the-
oretical and empirical research on these and related issues.
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Appendix A: Robustness Issues and Additional Analysis

A. Alternate Speci¢cations

We also estimate the following nonlinear GARCH model to see if our results
generalize to other econometric settings and to see if our primary ¢ndings are
robust to the following: (1) Allowing the autoregressive relation to also vary with
the conditional variance (the b3 term), (2) adding the MRTO/MRRD to the mean
equation separatelyas additional explanatory terms (the b4 term), (3) allowing for
a GARCH-in-mean term (the b5 term), and (4) allowing for time variation in vola-
tility that includes the MRTOL,t�1 (MRRDL,t�1) as explanatory terms (the d4
term).

RL;t ¼ b0 þ ðb1 þ b2MRTOL;t þ b3VL;tÞRL;t�1 þ b4MRTOL;t þ b5VL;t þ et ðA1Þ

VL;t ¼ d0 þ d1e2t�1 þ d2D�
t�1e

2
t�1 þ d3VL;t�1 þ d4MRTOL;t�1 ðA2Þ

where VL,t is the conditional variance of our large-¢rm portfolio, D�
t�1 is a

dummy variable that equals one if the lagged return residual (et�1) is negative
and is zero otherwise, the b’s and d’s are estimated coe⁄cients, and all other
terms are as de¢ned for (5). To incorporate the leverage asymmetry in volatility,
we adopt the asymmetric GARCH(1,1) model of Glosten, Jagannathan, and Run-
kle (1993).8

We estimate (A1) and (A2) simultaneously by maximum likelihood, assuming a
conditional normal density for et.We use the Bollerslev andWooldridge (1992) ap-
proach for calculating standard errors that are robust to departures from condi-
tional normality.We also estimate a second version of the model where MRRD
terms replace the MRTO terms.

We ¢nd the following. For the MRTOmodel, the estimated b2 is 1.51 (t-statistic
of 8.17); and the estimated b3, b4, and d4 are all insigni¢cant.The estimated b5 is
positive and modestly signi¢cant, which indicates a positive relation between the
expected return and expected volatility. For the MRRD model, the estimated b2
coe⁄cient is 0.477 (t-statistic of 2.85); and the estimated b3, b4, and b5 are all in-
signi¢cant. The estimated d4 coe⁄cient is positive and signi¢cant (t-statistic of
3.72), which indicates a positive relation between last week’s MRRD and this
week’s volatility.

Based on these results, we draw the following conclusions. First, the autore-
gressive phenomenon documented in Section IV is quite robust in more complex,
nonlinear models. Second, theMRTO/MRRD by themselves do not have separate
e¡ects in the mean equation. Third, measures of return dispersion may provide
incremental information in modeling conditional market volatility (see Stivers
(2003) for related evidence at the monthly horizon).

8 Engle and Ng (1993) ¢nd that the asymmetric GJR model is among the best parametric
GARCH models.
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B. Impact of ‘‘Generated Regressors’’

In (5) and (6), the MRTO and MRRD terms are constructed from a ¢rst-stage
regression.Thus, as pointed out by Murphy andTopel (1985), the standard errors
for the estimated coe⁄cients in the second stage should be adjusted to re£ect the
error in estimating the generated regressor. We calculate the adjustment sug-
gested by Murphy and Topel and ¢nd that the adjusted standard errors for the
b2 coe⁄cients are less than one percent greater than the nonadjusted standard
errors.

As an additional check, we estimate the following one-stage model:

RL;t ¼ b0 þ ðb1 þ b2TOL;t þ b3TOL;t�1 þ b4TOL;t�2 þ b5TOL;t�2ÞRL;t�1 þ et ðA3Þ

whereTOL,t is the log(turnover) of our large-¢rm portfolio and other terms are as
de¢ned for model (5).We also estimate a second version of (A3) where the RD ser-
ies replaces the log(turnover) series.

For the turnover model, the estimated b2 is 1.23 (t-statistic of 6.60) and the
estimated b3, b4, and b5 are all negative and individually statistically signi¢cant.
For the RD model, the estimated b2 is 0.619 (t-statistic of 2.82) and the estimated
b3, b4, and b5 are all negative and jointly statistically signi¢cant. These results
largely match our results inTables III, IV, andVI, so we conclude that the ‘‘gener-
ated regressor’’ issue is not a material concern for our study.

C. Autoregressive Behavior with BothMRTO andMRRD

We also estimate the following model to investigate turnover and dispersion
e¡ects jointly:

RL;t ¼ b0 þ ðb1 þ b2MRTOL;t þ b3MRRDL;tÞRL;t�1 þ et ðA4Þ

where the terms are as de¢ned for (5) and (6).We ¢nd that the estimated b2s (b3s)
are 1.51, 1.82, and 1.19 (0.21, 0.23, and 0.45), respectively, for the overall sample, the
¢rst-half subperiod, and the second-half subperiod. The b2s are highly reliably
positive (t-statistics of 3.3 or greater) but the b3s are statistically insigni¢cant
with t-statistics near one. Thus, in the joint model, the turnover e¡ect remains
near its magnitude in Table III, but the RD e¡ect is substantially smaller than
its magnitude in Table IV.We conclude that turnover largely dominates the RD
e¡ect, but the marginal RD e¡ect perhaps remains positive.

D.Winsorized Sample

We also check whether our results are sensitive to the exclusion of extreme ob-
servations.We replace the return, MRTO, and MRRD observations that are be-
yond their 99th and 1st percentiles with their 99th and 1st percentile values,
respectively. Then, we reestimate our primary models, given by equations (5)
and (6), on the winsorized sample. Our results are very similar and the estimated
b2s are even more reliably positive for theWinsorized sample, as compared to our
results for the full sample.
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Appendix B: NonsynchronousTrading (NST) Concerns

First, we examine assets and horizons where NST should have a minimal ef-
fect.We focus on the largest decile of NYSE/AMEX stocks at the weekly horizon.
These stocks are very widely traded. Further, NST should have no e¡ect on the
autocorrelation of the equity-index futures whichwe also examine; seeAhn et al.
(2002). Finally, NSTcan induce a positive autocorrelation in portfolio returns but
NSTcannot explain negative autocorrelation.

Here, we use the de¢nition and model of NST from Campbell, Lo, and Mac-
Kinlay (1997, pp. 84^98; hereafter CLM) to explain our references to NST in this
paper. CLMpresent a simple model where NSTcan induce biases in the moments
and comoments of returns. In their model, true security returns are generated by
an unobserved continuous return process. During each discrete period, there is
some probability pi that security i does not trade. Then, with a linear common-
factor return process, the discrete returns of ¢rms that traded will incorporate
common-factor information sooner than the discrete returns of ¢rms that did not
trade.This process will generate a positive autocorrelation in portfolio returns.

Our arguments about NST and serial correlations in portfolio returns are
based on possible time-series variation in ¢rm pis. First, higher turnover seems
likely to be associatedwith lower average pis in the period, which suggests lower
positive autocorrelation attributed to NST. However, we ¢nd that turnover
shocks in period t�1 are positively associated with the autocorrelation between
the returns in period t and t�1 (Section IV.A). Second, if NST promotes higher
return dispersion (as some ¢rms lag in incorporating information), then high
dispersion might re£ect higher average pis in the period, which suggests higher
positive autocorrelation attributed to NST. However, we ¢nd that the autocorre-
lation is largely unrelated to the former-period’s dispersion shock (Section IV.B).
Finally, under simple models of NST, Boudoukh et al. (1994) point out that own
lagged portfolio returns should completely capture the predictable portfolio re-
turn due toNST (and, accordingly, cross-serial relations to other lagged portfolio
returns should provide no additional explanatory power beyond the own lagged
portfolio returns). However, while controlling for the lagged small-¢rm portfolio
return, we ¢nd that the cross-serial correlation between small-¢rm returns and
lagged large-¢rm returns also varies with the turnover and dispersion shocks
(SectionVI.E.4). Further, variation in this cross-serial correlation is more related
to large-¢rm turnover and dispersion shocks, rather than comparable small-¢rm
shocks. If our cross-serial ¢ndings are because the turnover and dispersion
shocks in period t tell us something about small-¢rm pis in period t�1, then it
seems likely that the small-¢rm shocks would be more informative than the
large-¢rm shocks.

Appendix C: Macroeconomic News,Turnover Shocks,
and Dispersion Shocks

In this appendix, we describe our procedure for examining the relation be-
tweenmacroeconomic news £ows and turnover and dispersion shocks. Since very
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few economic news releases are picked up in electronic searches for dates before
1980, we focus all of our news-related analysis on the second-half subsample. For
this period of October 1981to December 2000, we ¢rst sort the 1,004 weekly obser-
vations onMRTOL,t.We then form a ranked ‘‘lowMRTO’’subset that includes the
150 weeks with the lowest MRTO values and a ranked ‘‘high MRTO’’ subset that
includes the 150 weeks with the highest MRTO values. Second, we perform
equivalent sorts on the MRRDL,t to form a ‘‘low MRRD’’ subset and a ‘‘high
MRRD’’subset.Then, we form a combined ‘‘lowMRTO/MRRD’’subset consisting
of the 30 weeks with the combined lowest ranks (based on the rankings in the low
MRTOandMRRD samples). Similarly, we form acombined‘‘highMRTO/MRRD’’
subset consisting of the 30 weeks with the combined highest ranks. Using a simi-
lar method, we also identify 30 weeks where both theMRTOandMRRDare near
their median values of approximately zero.This median grouping provides a set
of near-zero MRTO/MRRD weeks for comparison.

Using Lexis-Nexis, we then search theNewYorkTimes and the FinancialTimes
for economic news stories corresponding to theweeks identi¢ed in the respective
subsets of weekly observations.We then compile a count of news releases for each
of these weeks. Our goal is to ¢nd news releases that are generally acknowledged
as being informative of marketwide valuation. After a set of initial experiments
with di¡erent search terms, we settled on the keywords ‘‘stock market,’’ ‘‘econo-
my,’’ and ‘‘Federal Reserve.’’ Primarily, the identi¢ed news releases cover such
items as GDP, in£ation, industrial production, and the trade de¢cit.

We test a number of hypotheses using the counts of news releases. First, we
cannot reject the null hypothesis that an equal number of news releases occur
in the highMRTO/MRRDweeks and the lowMRTO/MRRDweeks. On the other
hand, we ¢nd compelling evidence against the null that the high and lowMRTO/
MRRD weeks have the same number of new releases as the near-zero MRTO/
MRRD weeks. Speci¢cally, the mean number of news releases for the high (low)
MRTO/MRRD weeks is 2.63 (2.93) against a mean value of 1.00 for the near-zero
MRTO/MRRDweeks.The p-value for the rejection of equal news releases per per-
iod is less than 0.005 (0.005) when comparing the high (low)MRTO/MRRDweeks
to the near-zero MRTO/MRRD weeks.
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