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ABSTRACT

This paper documents a relation between the persistence of stock returns for alarge firm index and trading
volume. Previous results on the negative relation between volume and persistence are replicated, but a
second effect is discovered. Persistenceis directly related to the current rate of change of volume. Also,
this effect appears much stronger for positivereturns than negative returns. Various specifications are tested
to explore the structure of this phenomenon. Finally, individual firm returns are used showing that much of
the correlation is coming from cross firm effects involving leads and lags. Some weak evidenceis presented

showing that lower beta firms are more likely to lead the overall index movements.
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|. Introduction

For many years the weak short range correlations in index stock returns has been thought to be well
understood. The explanation given in Fisher(1966) which stressed the delayed adjustment of some firms'
prices to new information worked very well in explaining observed empirical results. It could account not
only for correlations in broad indices, but also the observed cross correlations from small to large stocks.
Recently, this explanation for short range correl ations has come under some criticism. Severa papers have
suggested that the magnitudeistoo large for certain specific models of nontrading and stale prices.! Others
have noted a changing structurein the correlation pattern.? They generally find an inverse relation between
correlations and some measure of trading activity, either volatility or trading volume.

One important aspect of these results on changing correlations is that they are all till quaitatively
consistent with Fisher’s explanation. However, the mechanism must now be defined in a more elaborate
framework. To do this we need the idea of changing speeds of economic time put forth in papers by
Clark(1973) and Stock(1987), and market micro-structure frictions summarized in Cohen et al.(1980,1986).
These two ideas can be put together to provide explanations which are qualitatively consistent with the
observed correlations. During periodswhen thereisvery little economic activity, and informationis moving
slowly, trading frictions would loom large. There may be alarge number of transactions carrying over on
specialist books, and transactions costs themselves would be large relative to the magnitude of incoming
information. The combination of these effects may cause persistence in observed prices and indices.
However, during periods of greater activity economic time is moving faster and the daily observations are
actually spaced farther apart in economic time. Transactions costsand other frictionswill be small relativeto
the magnitude of events. Observed persistence in indices and individual stocks during these periods would
be small.

Initialy it appears that thisis a useful explanation, and al that is necessary isto begin explorationinto
guantifyingit and calibrating models. However, there are still several troubling facts that directly contradict

some of the previously stated results. First, in an early paper, Morse(1980) demonstrates evidence for

1 For examples of this see Atchison et al. (1987) and Lo and Mackinlay(1990). Also, Lo and Mackinlay(1990)
and Mech(1991) analyze lagged price adjustment issues.

% These papers include Campbell etet al.(1991), LeBaron(1992), and Sentana and Wadhwani(1990) for stocks.
Bilson(1990), Kim(1989), and LeBaron(1992) for foreign exchange. A very detailed study on individual firms is
Wiggins(1991).



increased persistenceinindividual firms on higher volume. Heexplainsthisby appealingtoanideaof diverse
information. Periods of high volume will be periods when traders’ informationis more diverseand isin the
process of converging. During these periods learning will be taking place and beliefs will be converging.
Correlations will be induced by this convergence mechanism. In more recent work Antoniewicz(1992)
documents increases in correlation on higher trading volume for individual NASDAQ firms which are
consistent with Morse(1980)’s results, indicating more persistence when trading volumeis high. They also
agree with alarge bulk of technical trading rules which suggest that traders should follow price trends when
they occur on generally large volume.®

This paper will address problems suggested by these very different results. Evidence for increased
persistence for the Dow Jones Index on high volume will be considered. Many of the results stated earlier
were applied at theindividua firm level to cross sectionsof firms of varying sizes. Most of theanalysishere
is done using conditional correlations estimated using aggregate volume conditioning information.

Section |1 describes the data series used. Section 111 presents the important empirical message of the
paper in some simple plotsof conditional correlations and some initial parameter estimates. Section 1V tests
these results more rigorously by running several specification tests for appropriate functional form. Section
V addresses index and portfolio issues as the causes of these effects. Section VI tests a simple trading
strategy using volume information. Finally, section VII concludes the paper, and connects some of these

resultsto recent theories of trading volume.
I1. Data Descriptions

This study concentrates on an equal weighted index of large firms designed to closely track the Dow
Jonesindex. Thelist of the 21 firmsin thisindex isgivenin table 1. Many of these firms were members of
the Dow for much of the sample period. Severd are firms that have been added, or have left. Daily returns
for thesefirms are collected from the Center for Research in Securities Prices (CRSP) and anindex is created
from an equa weighted portfolio. The objective of using thisindex isto get a group of large homogeneous
firmswhere the problems of transactionscosts, nontrading, and privateinformation are minimized. The Dow
Jones index serves this purpose well. Constructing a pseudo Dow index from scratch allows more direct

control over how theindex ishandled and theinclusion of dividendsin the returns series. Most importantly,

3 Also, one of the tests performed in Wiggins(1991) finds some evidence for increased cross firm correlations

when this correlation is conditioned on contemporaneous volume increases.



it allows tests to be performed on disaggregated components of the index. The Value Weighted index from
CRSP will aso be used for comparisons with previous results and CAPM beta estimation. The time period
covered beginsin July 1962 and extends through September 1987.

The second important series used istrading volume. For thisthetotal NY SE sharestraded will be used.*
The raw trading volume will have to be processed in several ways. First, the seriesis converted to turnover
ratios by dividing by the number of shares outstanding from the Survey of Current Business published by
the U.S. department of Commerce.” Turnover ratios are plotted in figure 1. Theinitial difficulty in using
thisseriesisthat it is nonstationary. However, the nonstationarity appears to come in several discrete jumps
as opposed to a prolonged trend over the entire sample. Asan initia detrend procedurealinear trend isfit to
the log of the raw turnover series and the residual s of thisare plottedin figure 2. Thiseliminates most of the
trend, but some very long range movements still appear to existin the series. A second detrending procedure
dividesthe raw series by a 100 day moving average and thenlogsthisratio. Thisisshownin figure 3 which
clearly displaysa better transformation of the series from the standpoint of removing long range trends.

Some care should be taken in interpreting the results of a moving average detrending procedure since
the moving average may induce spurious patterns on the transformed series. Since this paper will use
volume as an exogenous information variable and is not concerned with its dynamics per se thiswill not be
an important problem.®

A second volume seriesis generated following a similar procedure, but replacing the 100 day moving
average with a5 day. Thisseriesis designed to pick up short range movements in trading volume relative
to the past severa days. Initialy, thelog difference of the volume series was tried, but this series turned out
to be too noisy. Similar results have been obtained for severa other short range MA's, but 5 days was used
to minimize daily seasonalsin the MA.

Finally, daily seasonals are removed from both volume series. Results of this linear regression are

givenintable 2. The series detrended by the 100 day moving average will be referred to as the volume (v;)

4 This series is available for a much longer time period in Pierce(1991).

®  See Mulherin and Gerety(1988) for some detailed information on the properties of this series.

6 An early paper on this subject is Granger and Hughes(1971). These authors found a proportionate MA detrend
did not change the important structures found in the Beveridge wheat series.



series, and the five day moving average detrended series will be referred to as (dv,). These series are the
final residua s after daily seasonals have been removed.

Summary statisticsaregivenintable 3. Theindex formed fromthe21 firmsintable 1 islabeled Dow?21.
For the Dow series we see the usua amount of large kurtosis present in financia series. The first order
correlations show significant correlation at the first lag and no correlation after that. Thisis typicd for a
large firm index. The magnitude of these numbersisaso crucia since much of thisstudy will be concerned
with correlations at 1 lag conditioned on trading volume.

The transformed volume series, v, looks closer to normal than the returns series with a kurtosisof 3.7.
Also, taking logs has eliminated much of the skewness in the series. Trading volume is highly persistent
here as seen in the large autocorreations. The second volume series, dv, looks much less normal with a
kurtosis of 7.3. Also, the autocorrelations reflect the importance of the short range MA on autocorrelation
with a large drop to negative correlations after a positive correlation at lag 1. Figure 4 shows 20 lags of
autocorrelations for both volume series along with the 95% Bartlett bands. This figure clearly shows the
dramatic persistence of the v series and the unusual behavior of the dv series induced by the short range
moving average. Figures 5 and 5b display cross-correlations of volume with returns and absolute values
of returns respectively.” These figures show a strong contemporaneous correlation between volume both
volume series and the return series. Thereislittle connection between volume and either return seriesin the

future.
I11. Conditional Correations

This section presents some pictures examining the movements of conditional autocorrelationsin the
series. Autocorrdationsin returns will be estimated over different ranges of the two volume series v; and
dvs. Figure 6 plots estimates of the correlations for the Dow series from July 1962 through September
1987. The estimated correlation from return at time ¢ to ¢ + 1 is plotted conditional on time ¢ volume
information. The series is unconditionally demeaned before the correlations are estimated® Both volume
and the change in volume are mapped into their distribution fractiles before the correlations are estimated.

Then anonparametric estimation of the correlation is performed using auniform kernel and a bandwidth of

7 Many of the well known connections between returns and volume are summarized in Karpov(1987).

8 Similar results were found using means estimated within each volume grouping



0.3. This can be viewed ssimply as moving a 0.320.3 square box around on the volume fractile base and
plotting the estimated correlation in the vertical direction.

Thisfigure is very informative. Moving aong the volume axis on the right, the effect of increasing
volume can be observed. Moving from low to high (back to front) on this axis the genera decrease in
corration identified in Campbell, Grossman, and Wang(1991) (CGW) can be seen in the decrease in
correlations as volumeincreases. Moving from left to right along the front axis a second effect is observed.
Conditioning on the local increase in volume there is actually an increase in correlation as we move from
the low to high (right to left). This increase appears to flatten out at higher levels of volume. This effect
shows some increased persistence in the Dow on alocal increase in volume as well as the origina decrease
in correlation with higher overall volume.

This appears to start to agree with some of the results in Morse(1980) and Antoniewicz(1992) on
volume and persistence. Separating the returns into positive and negative returns at time t makes this result
more intriguing. Figure 7 plots the relation for positive returns at time t.° The increasing delta volume
effect is strengthened while the volume effect isgreatly reduced. Figure 8 plotsthe same resultsfor negative
returns. Here, we see a reverse picture with a decrease in the delta volume effect and an increase in the
volume effect. These results are broadly consistent with some of the asymmetries pointed out by technical
analysts. They spend many pages talking about the use of volume confirmation in rising markets, but few
pages on what should happen in falling markets.'°

Also, it is possible that the results for negative returns are related to some of the reversal phenomena
documented in Bremer and Sweeney(1991). These authors show that large price decreases tend to be
followed by a price increase. Examining figure 8 more closely shows that the delta volume effect appears
to be present at lower levels of volume, but disappears at higher levels. Thisis also consistent with the
theory of investor behavior suggested in Brown et al.(1988) where investors are faced with news shocks for
which the uncertainty is resolved over several days. During this resolution period prices will be rising for
both positive shocks and negative shocks. This generates persistence for positive shocks and reversals for

negative shocks.

9 In this case r; uses the mean over only the positive returns for the calculation of the correlation with r;41.

10 gee Weinstein(1988) page 237. In his section on short selling advice very little emphasis is placed on trading
volume.



The results presented in these plots are suggestive of what is going on, but they should not be viewed
as statistical tests. There are still many problemsthat are not being accounted for in these pictures. Thereis
an obvious dependence between the two measures so the box sizes are not uniform. Also, the conditiona
means are not adjusted for. Finally, the impact of outliers needs to be accounted for. Some of these issues
will be addressed in the next section where the results will be made more precise.

The results presented in figures 6 through 8 are directly tested in table 4. The effect of both v, and
dv; on the correlation pattern of returns is estimated. The first row of table 4 shows the estimates from
fitting an unconditional AR(1) to the returns series!! Aswas evident from table 3, thisterm is significantly
different from zero. Theresultsin CGW showed a negative relation between volume at t and the conditional
correlation between returns at time't and t+1. This result is repeated for the Dow in the next row of table
4. The linear volume correlation term, 3, is significantly negative. In the bottom section of this table the
results are presented for the CRSP value weighted index. The estimated parameters and reported R? are
very closeto thosein CGW which isinteresting since the volume seriesis detrended slightly differently.

The row labeled dv in table 4 adds the delta volume effect shown in the figures. A term is added to
the conditional correlation adding the dv; series to the conditiona correlation expression for volume for
positive returns only. The parameter /3, isused for thisterm. Its estimated valueis significantly positive as
predicted by the earlier pictures. Also, a parameter is added for negative returns, 5s. Consistent with the
figures this parameter is not significantly different from zero. These results suggest that there may be two
effects connected to trading volume. Onerelated to itsoverall level, and a second to itslocal rate of change.
Thisis seen as an increasein persistence when the Dow isrising, and volumeislocally rising.

Figure 9 plotsthe conditiona correlation over al returnsfor varying v and dv levelsusing the estimated
relation from table 4. Thisfigure is constructed using the central 98% of the v and dv distributions. It gives

some idea of the magnitude of the correlation changes from a high of 0.4 to alow of about —0.2.
I'V. Specification Tests

There are many problemsin confirming that the previous resultsare clearly indicating persistence on a

risein volume. In this section severa different specifications are tested to try to find out the cause.

11 The results in this table were all estimated using OLS with White heteroskedasticity consistent standard errors

in parenthesis.



Thefirst possibility isthat volumeis a noisy measure of overall economic activity, and this activity is
what isrelated to the changing correlation pattern. This suggests a smoother index to measure activity such

as,

5
ma;y

where ma™ isthe moving average of volume over n days. Since the two volume series used here are logged
thismeasure is equivaent to v; — dv;. The asymmetry over the positive and negative returns immediately
suggeststhat something different is going on here. However, the exact nature of the phenomenon is still not

clear. The mode s estimated imply correlations as afunction of volume as,
p(ve, dvy) = By + ydof, (4.2)
where dv; indicates only for positivereturns at t. However, this could also be written as,
p(ve, dvy) = Bog + v(dvg — dvy). (4.3)

If 3= —~,then
p(ve, dvy) = B(vg — dvy) + Bdoy . (4.4)

Therefore, in the fitted linear specification for the estimated parameters it is not clear whether there is an
adjustment for the one day volume effect for positive returns, or adjustment to a v — dwv index for negative
returnsusing dv.

Thisisfurther tested in the following regression,

re= ar (fot BiSivet BaSpvet BsSidvgt+ BaSidvg)ri
0.137 -0.322 -0.530 0.343 0.141
(0017) (0120) (0.149) (0.158)  (0.197)

This tests the impact of both the v and dv terms over positive and negative returns at time ¢. The standard
errors are heteroskedasticity consistent standard errors. Testing equality of 3, and 3, gives a chi-squared
statistic of 1.15 which has a p-value of 0.28. The hypothesis of 3; = — 3 is tested giving a chi-squared
value of 0.038 with a p-vaue of 0.84. Theinability to reject both these relations suggests that we are in the

situation presented above where there are two very different possibilitiesfor what is going on.
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We are left with two possible functional forms for the correlation,

P = f(dvl‘ - Uty dvt_)v (45)

or,
P = f(vtv dv?_)v (4'6)

which given the estimated parameters and linear specification are indistinguishable. A graphical attempt at
distinguishingtheseisgivenin figure 10. It isafigure similar to 6-8 now usingv, — dv; asone of the pieces
of conditioning information. If the first specification were correct then there would be no adjustment to
corrdationsfor dv looking at positivereturns. The figure shows some changes exist. It should be compared
with figure 8, which if the second specification were true would show no change over dv. Both figures show
small changes over dv and are not dramatically different. This problem clearly needs a better statistical test
of functional form, but the figures presented show that even a precisely tuned test may have a difficult time
determining the correct specification. For the remainder of this paper the second specification above will be
considered.

Table 5 presents further tests of this specification. In the first two rows the model is estimated over
two subsamples. The sign patternsin the coefficients are consistent over the two subsamples. However, the
volume effects appear stronger during the first subsample. The t-statistic for 3,, the dv coefficient, fals to
1.73 during the second subsample which is still significantly positive at the 10% significance level.

Thethird rowstest for the impact of outliers on the volume correlation relation. Both volume seriesare
transformed to their individual fractile rankingsless 0.5 (min =-0.5, median = 0, max = 0.5). Then the same
regression is run using these transformed series. The results show little difference using these transformed
Sseries.

The fourth row checks to seeif the dv effect is coming in because of a misspecification in the volume-

return relation. The expected returnisfit using a nonparametric estimate,

rip1 = f(re,ve) + €. (4.7)

To test this a kernel density estimate of the expected value of r;;; isfit. A uniform kernel is used with
bandwidths chosen using cross validation with a squared deviation loss function. The estimated f() is

shown in figure 11. This plot showsthe increase in correlation as volumefalls. It also showsthat alinear



specification for the r; to ;41 IS probably not a bad approximation. Residuals of this estimated model are
then sent through the estimation in table 5. The significance of the 5, parameter suggeststhat the estimated
model has not removed much of theinformation coming from the dv series. However, it should be noted that
the model did not remove much of theimpact of v either, suggesting tests of other bandwidthsand kernels.

Thefifth row of table 5 replaces dv with theresidua of an AR(5) fitted to the v; series. This attempts
to capture the idea of a surprise component of the volume series. The results are similar to those using the
actual dv series suggesting that these two values measure similar components of volume. They are both
large when volume is unusually large relative to the recent past. The final row repeats this test replacing
dv with the residuas of dv regressed on contemporaneous v. This tests the correlation pattern when the
component of dv linearly orthogonal to v isused. The results do not change dramatically.

Table 6 checks to see how far into the future this phenomenon persists. The relation is estimated at
lags 2 and 3. The table shows a strong weakening of the results by lag 2. The parameter estimate for 5, is
insignificant for al the tests. However, G, issignificant at lag 2, but thisgoes away at lag 3. Also, for al the
estimated regressionsthe R*’s are very small. These results suggest some weak dependence at 2 daysin the
future, but the effect is gone by day 3.

Table 7 fits a parametric nonlinear modd for the changing correlation. The model used is based on
the smooth threshold autoregressive model from Tong(1990). This model posits a correlation vaue which

changes as afunction of =,
b

e

(4.8)

This model alows an smooth change in the correlation as x changes, but the correlation will reach a well
defined maximum and minimum when x gets very small, or large. The model as proposed by Tong would
have lagged values of the returns series in place of x. Here, the volume series is used in place of X, the
variable controlling the level of correlation. Estimated parameters are given in table 7. Estimation was
done using nonlinear least squares. The model shows a weakly significant relation for the first nonlinear
component, 3, but al others are clearly not significantly different from zero. Also, the R*’s are not very
different from those from the fitted linear specifications. Testing the significance of the nonlinear terms as
a group would be difficult since the model contains parameters which are not identified under the null of
no nonlinear effects. A very simpletest is done to show the lack of importance of the nonlinear effects in

this model. In figure 12 the function for the correlation as a function of volume estimated with only the



effect from v (first row of table 7) is plotted. The upper figure plots this function over the central 98% of
the volume distribution. The functionis not dramatically nonlinear over thisrange. The bottom panel plots
the function over amuch wider range. This shows that at the estimated parameters the nonlinearity of this
function does not dramatically affect the results, indicating a near linear relation, or perhaps mi sspecification
of thisfunctional form.

Table 8 tests whether similar results can be observed outside of the linear regression framework.
Specificaly, it tests the probability of the same signed return occurring at time t+1 ast for different levels
of v and dv. For both v and dv below trend (< 0) the table shows a probability of apositivereturnat ¢ + 1
given apositivereturn at ¢ of 0.557. However, if dv > 0 thisincreases to 0.605. The number in the table
between these two values (3.60) is the t-statistic for equality of the two using the normal approximation for
abinomial test, setting the variance, o? = 0.25/N. It is seen in the table that the impact of dv is greatly
reduced when v > 0. Also, itisclear that the impact of v is strongest when dv > 0. The bottom pand of
the table shows very similar resultsfor negativereturns. Thisis somewhat surprising given the asymmetries

shownin table 4.
V. Individual and I ndex Effects

All of the tests performed up to this point have been simply applied to an index of returns without
considering the issue of index versus individual returns. This section addresses some of these issues. The
results presented here will continue to use the aggregate volume series used in the previous tests. This
clearly limitswhat can be found to volume shockswhich are most likely related to aggregate macro shocks.
Recent studies by Antoniewitz(1992) and Wiggins(1991) used individual firm volume and are better able to
test these types of shocks.

Thefirst row of table 9 fits the model estimated in table 4 to each individua firm separately. Thesign
series S isstill set to thesign of theindex of the 21 firms, but lagged returnsfrom only each firm individually
are used to explain that firm’s future returns. A new index is constructed from the residual s of these fitted
models, and themodel is again estimated over thisindex. Theresultsgivenin table9 are mixed. They show
that fitting individual models has no effect on the 3, affect from v, but they do reduce the significance of
the 3, term from dv.!'? This suggests that much, but not al of the changing correlations are coming from

correl ations across different firms.

12 B2 is still marginally significant with a two-tailed p-value of 0.11.
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The second row of table 9 looks at residuals of a fitted market model. For each firm a model of the
form,

rit = ; + BTt + €t

isfit, and an index is built from the mean of theresidual seriese;;. Betaisestimated using arolling estimate
over the previous 1000 days. The CRSP value weighted index isused asaproxy for ;. Itisclear fromthe
insignificant estimated parameters that removing the market component from the individual firms removes
any evidence for the changing correlation. Thisclearly showsthat thisis most likely a macro phenomenon,
and the correlations are not related to correlationsin afew firms moving in ways unrelated to broad market
moves.

If index correlations are more likely caused by firms leading and lagging a broad market index then
finding out which firms are doing thiswill be important to understanding why this group of large firms does
not move as one unit. Table 10 looks at some portfoliosconstructed from subsets of the 21 firm index to see
if there are any systematic patterns. Thefirst three rows examine portfolios constructed according to market
beta's estimated over the previous 1000 days using the CRSP value weighted index. The 21 firms are split
into three equal portfolios sorted by beta. The beta portfoliosat ¢ + 1 are regressed on the Dow21 index at ¢
toseeif any of these appear to belagging theindex. For 3, the resultsare remarkably similar for each of the
three portfolios. However, for the other two parameters the effects show a much stronger lagging relation
related to volume for the two higher beta portfolios. This gives some evidence that lower beta firms may
tend to lead in thisindex.

A very direct test is performed in the bottom of table 10. Theindex is split into large moves and small
moves on a given day. If on day ¢ the Dow?21 index goes up, the large move portfolio is defined as all
firms with returns above the median for that day. The small moves are defined as the median and below for
that day. This definition is reversed when the market falls. This captures those firms showing the greatest
reaction, or driving the index on a given day. This grouping of firms is then followed into the next day.
For example, the row labeled “small on small” finds the set of small move firms at time ¢ and regresses
the returns for these same firms at ¢ + 1 on their time ¢ return. If the correlations were traveling across
similar groups of firms the parameters should be largest when the two portfolios are constructed from the
same groups. However, if the correlations are traveling across different firms in the index then results will

probably suggest a leading pattern from large to small movers. The estimated parameters strongly suggest
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thelatter. Theregression of small on small shows no significant volume conditioning effect, but it does have
a significantly large constant correlation, 3,. The regression of small on large shows a strong lead pattern

coming from the volume terms from the large moversto the small.
V1. Simple Trading Rule Results

This section presents some brief results using both volume series for a simple trading rule. The rule
is extremely trivial, and the tests are run only to get a general feel for the economic magnitude of some of
these findings. The rule will simply buy and hold for a period of one day when returns are high today, and
the volume signalsindicate ahigh positivecorrel ation with tomorrow’s return. Returns are cal cul ated across
theindex as awhole.

Results of this experiment are givenin table 11. Therow labeled “All” showsthe overal return for al
days. Therow labeled r; > 0 showsthereturn at t+1 conditioned on a positivereturn at timet. Thiswould
be a simple strategy utilizing the unconditional correlationsin the series. This strategy generates a return of
0.13 percent per day. Requiring that the return on day t be > 0.004 increasesthisreturnto 0.16.'* Note, that
this strategy isin the market only about athird of the time, and generates 2519 trades, constantly changing
its position. Requiring that v < 0 does not change the conditional return by a large amount. It increases to
only 0.17 percent. Finally, requiring aso that, dv > 0, increases the return to 0.22 percent. The magnitude
of these returns is probably not large relative to the transactions costs that they would incur. For even the
best traders, roundtrip transactions costs below 0.2 percent are probably difficult to achieve.!*

Even though the ability of thisdynamic strategy to significantly alter returns for atrader appears small,
the impact of dv isinteresting. The addition of trading volume aone did not have much of an impact, but
using dv aswell changed the conditiona returns dramatically. Only for thistest was the return significantly
greater than the return not using volume (p-value = 0.06, 1 tailed test). Thisindicatesthe importance of dv
in aforecasting context.

These tests show that a simple strategy of following the market given volume signalswould probably
not do well beyond transactions costs. It remainsto be seen whether modificationsto thisrule could change

theseresults. Also, more formal testswill require further parameter tuning and rigorous out of sample tests.

13 0.004 is roughly 1 half the standard deviation of the returns series.

14 See Chan and Lakonishok(1991) for some examples.
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Thisresults are only intended as an initia exploration. They do show an interesting effect of using dv asa
piece of conditioning information. It appears to be important in helping to increase the conditional return

for the trading strategy.
VII. Conclusions

This paper has demonstrated that there is evidence for increased persistence in the Dow Jones Index
on rising volume. The volume effect is actually more complicated than previously thought with an inverse
relation between the level of trading volume and correlations, and a positive relation between correlation
and the local rate of change of volume. This second effect appears to be asymmetric across positive and
negative returns. The changing correlation patterns for most of the volume effects are shown to be coming
primarily from index cross correlations as opposed to own firm correlations.

While the empirical results here appear strong and consistent across the subperiodsthey should still be
viewed with some caution. In nonlinear modeling it is difficult to test for all possible specifications. Table5
makes some first attempts at this, but further tests on just how lagged volume should enter into the relation
are necessary to sharply demonstrate that it is coming in through the rate of change of volume. Also, the
evidenceis still inconclusive as to whether adjustments to correlations are occurring on days with positive
or hegative returns.

These results, showing that the relation between volume and correlations may be quite complex, are
related to recent theoreti cal work ontrading volume. Wang(1991) showsthat large volume may be associated
with more negative or positive autocorrelations depending on whether there is informational asymmetry.
Without informational asymmetry large volume indicates a large amount of buying or sdlling for liquidity
reasons and the price should rebound quickly to its previous levels. In the presence of informational
asymmetries large volume may be connected with persistence in price movements since the price does not
fully reflect the private information of informed traders.

Another interesting theoretical paper whichisrelated to some of the results seen hereis Blume, Easley,
and O'Hara(1991). This paper introduces trading volume into heterogeneous rational expectations model.
Volume can be used by traders to indicate the quality of information signals coming in. This quality is
changing over time in the model. Part of this model outlines the connection between the informativeness
of the signal and trading volume. For very uninformative signals volume is low since traders place very

little confidence in there signals. Asthe precision of the signal increases, trading volume increases at first.

13



However, when the informativeness of the signal getsvery large trading volume startsto fall due to the fact
that people are actualy receiving very precise and highly correlated signals. This model also shows how
the value of technical analysis depends critically on how informative new signals are for traders relative to
prior information. Theseresultsagain stressarather complex relation between price movements and trading
volume.

Thetheoretical possibilitiesarefurther complicated by resultssuch asthosein Kimand Verrecchia(1991)
which emphasize the impact of new information arrival, diversity of opinions, and market liquidity. This
model suggests that when new information arrives traders diverse interpretations of this information cause
more heterogeneity of beliefsin the market, and therefore bid-ask spreads widen and the overal liquidity of
the market falls. However, thismay be accompanied by increases in trading volume as the informed traders
have more diverse beliefs. Uninformed traders stay out of the market at thistime. Thisalso suggestssevera
different ways in which volume may interact with price movements depending on what type of volumeitis
(liquidity or information). It aso suggeststhat the volume volatility connection might be very complicated.

These papers show the complexity possiblein volume price relationships, but they do not help much
in explaining the asymmetry observed here between positive and negative returns. This could be related
to the model of Brown et a.(1988) in which it takes time to resolve the uncertainty connected with new
information shocks. Both good and bad shocks have a negative uncertainty impact on prices along with
their good or bad impact. For a good shock there is an initial jump and upward persistence after that as
uncertainty isresolved. For abad shock thereisan initial downward jump and then areversal as uncertainty
isresolved. This modd is consistent with the asymmetries observed here.

Clearly, more theoretical and empirical work isneeded inthisarea. It still is unknown whether we will
be able to use volume data for both aggregate and individual stocks to sort out between various competing

theoretical models for heterogeneity and learning dynamics. However, the challengeis an exciting one.
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Figure1l: Daily NY SE Turnover Ratios July 62-June 88

17




Time Detrended Turnover
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Figure 2: Linear Time Detrended L og(Turnover)
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MA Detrended Turnover
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Figure 3: Log 100 Day Moving Average Detrended Turnover [Log(V/MA)]
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Figure 5: Return Volume Cross Correlations. Correlations from v(t), and dv(t) with r(t+j). v

normalized using 100 day ma, dv
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Conditional Correlation

Figure 6: Estimated conditional correlation r(t), r(t+1) using v(t) and dv(t) as conditioning information.
Estimation is done using auniform kernel of bandwidth 0.3 on fractile transformed v and dv series.
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Conditional Correlation

Figure 7. Estimated conditional correlation r(t), r(t+1) using v(t) and dv(t) as conditioning information
restricting r(t)>0. Estimation is done using auniform kernel of bandwidth 0.3 on fractile transformed v and
dv series.
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Conditional Correlation

Figure 8: Estimated conditional correlation r(t), r(t+1) for r(t)<0, using v(t) and dv(t) as conditioning
information. Estimation is done using a uniform kernel of bandwidth 0.3 on fractile transformed v and dv
series.
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Correlation

Delta Volume

Figure 9: Fitted conditiona correlation (positive and negative returns). Coefficients are from table 4.
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Conditional Correlation

Figurel0: Estimated conditional correlationr(t), r(t+1) for r(t)<0, using v(t) - dv(t) and dv(t) as conditioning
information. Estimation is done using a uniform kernel of bandwidth 0.3 on fractile transformed v and dv
series.
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Expected Return(t+1) %

Figure 11: Estimated expected return r(t+t), using v(t) and r(t) as conditioning information. Estimationis
doneusing auniform kernel with bandwidth equal to 1.3 and 1.2 standard deviationsfor volume and returns,
respectively. Bandwidth was determined using cross-validation squared error minimization.
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Figure 12 (Panels A and B): Estimated smooth threshold function over central 98% of volume data (top
panel), and over larger region (bottom panel).
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Tablel

Firms: Sorted By Percentage Spread

Percentage Spread ‘ Name Ticker
0.001194 INTERNATIONAL BUSINESS MACHS IBM
0.001810 GENERAL ELEC CO GE
0.001843 INTERNATIONAL PAPER CO IP
0.001907 MERCK & COINC MRK
0.002829 MINNESOTA MNG & MFG CO MMM
0.002985 PROCTER & GAMBLE CO PG
0.003328 AMERICAN TEL & TELEG CO T
0.003431 GENERAL MTRS CORP GM
0.003899 INCOLTD N
0.003968 TEXACOINC X
0.004228 EXXON CORP XON
0.004415 WOOLWORTH FW CO Z
0.005231 CHEVRON CORPORATION CHV
0.005348 UNITED TECHNOLOGIES CORP UTX
0.005495 DU PONT DD
0.005602 ALUMINUM CO AMER AA
0.005634 WESTINGHOUSE ELEC CORP WX
0.005666 AMERICAN BRANDSINC AMB
0.005900 EASTMAN KODAK CO EK
0.005917 GOODYEARTIRE & RUBR CO GT
0.006270 SEARS ROEBUCK & CO S

Spread datais2(a — b) /(b + «) for each firm sampled at 9:45 ET on September 9th, 1991.
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Table2
Daily Regressions

¢ =a+ byl (Mon) + byl (Tue) + bs I (Thr) + byl (Fri)

Series a Mon Tue Thu Fri R?
Raw v 0.034 -0.120 -0.030 -0.012 -0.068 0.033
(0.006) (0.009) (0.009) (0.009) (0.009)
Rawdv | 0.036 -0.121 -0.030 -0.010 -0.066 0.083
(0.004) (0.006) (0.006) (0.006) (0.006)

Estimates for daily dummies. Estimation is by OLS and standard errors are OLS standard errors. The
standard errors should viewed with some caution since the residuals are highly correlated. Residualsof this
regression are used for all tests on the comovements of volume and returns.
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Table3
Summary Statistics

Series Dow2l VW \ dv
Mean* 100 0.040 0.047 0.000 0.000
Std* 100 0.867 0.780 23.210 14.614
Skewness 0254 0132 0222 -0.290
Kurtosis 5186 5730 3.771 7.278
Max 0.054 0.053 1122 0.791
Min -0.051 -0.044 -1.289 -1.593
P1 0127 0218 0.691 0.326
P2 -0.004 0.017 0544 -0.031
03 -0.007 0.025 0493 -0.179
P4 -0.018 0.002 0462 -0.219
05 -0.016 0.001 0430 -0.078
Bartlett Std. 0.0125 0.0125 0.0125 0.0125
Corr(Dow Index) | 0.966  0.945

Summary statisticsfor the 21 firm index (Dow21), and the Value Weighted CRSP Index(VW). Both series
include dividends. The two volume series (v and dv) are detrended using a 100, and 5 day MA respectively.
They aso have had day of the week effects removed. (See table 2). p; is the autocorrelation at lag i.
Corr(Dow Index) is the contemporaneous correl ation with the Dow Jones | ndex.
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Table4
VW Comparisons

g1 = o+ (ﬁo+ﬁ1vt+ﬁ25tdvt+ﬁ35tdvt)f‘t
Stzl T‘tZ(), StIO re <0
Stzl T‘7j<07 StIO rye >0

Series Bo B1 B2 B3 R?

Dow?21 62-87

AR() 0.127 0.016
(0.016)

v 0.153 -0.268 0.021
(0.015) (0.069)

dv 0.139 -0.396 0.426 0.023
(0.017) (0.091) (0.143)

dv neg 0.138 -0402 0433 0.028 0.023

(0.017) (0.093) (0.142) (0.195)

VW 62-87 (Sept)

AR(L) 0.218 0.048
(0.016)

v 0250 -0.301 0.054
(0.016) (0.065)

dv 0241 -0415 0.340 0.056
(0.016) (0.088) (0.132)

dv neg 0242 -0396 0316 -0.090 0.056

(0.016) (0.087) (0.131) (0.193)

Estimation is by OLS. Numbers in parenthesis are White heteroskedasticity consistent standard errors.
Dow?21 isthe 21 Dow firmindex. VW isthe CRSP value weighted index.
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Table5
Subsamples and Specification Tests

riv1 = a+ (Bo + froe + F2.5idvy)ry
Stzl T‘tZ(), StIO re <0

Series Bo B B2 R?

Dow21 62-74 0.214 -0613 0.622 0.054
(0.026) (0.164) (0.234)

Dow21 75-87 (Sept) 0078 -0257 0308 0.009

(0.021) (0.113) (0.178)
Dow?21: Volume Rank Transform | 0.136 -0.329 0.225 0.023
(0.017) (0.067) (0.077)

Kernel Residuals 0049 -0287 0350 0.006
(0.017) (0.093) (0.147)

dv = AR(5) Residuals 0141 -0394 0306 0.023
(0.017) (0.096) (0.127)

dv = v Residuals 0143 -0285 0382 0.022

(0.016) (0.071) (0.157)

Rank tranform tranforms the two volume seriesto their fractile rankings. Kernel residuals uses the estimates
the above expression on the residuals of a kernel estimated of the expected return conditioned on lagged
return and lagged v. dv = AR(5) Residua sets the dv series the the residual of an AR(5) fittov. dv = v
residual s setsdv equal to residualsof the raw seriesregressed on contemporaneousv. Estimationisby OLS.
Numbersin parenthesis are White heteroskedasticity consistent standard errors.
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Table6
Persistance at Longer Lags

g = o+ (Bo + Brog + BaSedvy)ry
Stzl T‘tZ(), StIO re <0

Series | fo P B2 R?
j= -0.003 -0.029 0.000
(0016) (0.062)

-0.016 -0.127 0.390 0.002
(0017) (0.074) (0.139)
7=3 | -0012 0.061 0.000
(0.016) (0.066)

-0.019 0007 0.179 0.001
(0017) (0.072) (0.145)

Estimationis by OLS. Numbersin parenthesis are White heteroskedasticity consistent standard errors.
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Table7
Smooth Threshold Estimation

_ P _ B
1 _|_ eﬁQ'Ut 1 _|_ eﬁSd'Ut

Stzl T‘tZ(), StIO re <0

rip1 = a+ (Bo + + 5¢(0s + V)T

Series Bo B By B3 B4 Bs R?
Dow21 | 0.007 0.291 5.58 0.021

(0.085) (0.172) (5.05)
Dow2l | -0106 0505 388 0147 -0335 7.49 0024
(0.194) (0.385) (3.69) (0.133) (0.267) (8.45)

Estimationis by NLLS. Numbersin parenthesis are White heteroskedasticity consistent standard errors.
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Table 8
Conditional Probabilitiesr;r;y1 > 0

re >0

vy < 0 vy >0
dv, < 0| 0557 (0.50) | 0.550
(3.60) (0.48) | (0.15)

[1013] [462]
dv, >0 | 0605 (4.16) | 0.552
[537] [1371]
re < 0
vy <0 v >0

dv, < 0| 0529 (3.00) | 0.490
(459) (0.90) | (2.07)

[1288] [520]
dv, >0 | 0589 (4.98) | 0519
[511] [831]

Probabilities of positive or negative returns continuing fromt to t+1. Numbersin parenthesis are t-statistics
testing equality of fraction with appropriate neighbor in the table. Numbers in brackets are the number of
observationsin each cell.
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Table9

Individual and Market Residuals

riv1 = a+ (Bo + froe + F2.5idvy)ry
Stzl T‘tZ(), StIO re <0

Series

Bo b1 B2

R2

Individual Residuals

0072 -0.272 0.239 0.007

(0.017) (0.091) (0.146)

Market Residuals

0.107 0008 -0.130 0.011

(0.015) (0.076) (0.178)

Model fitted to residuals of nonlinear modd fit to each individual firm, and mean of market model residuals
for each firm using 1000 day rolling beta. Estimation is by OLS. Numbers in parenthesis are White

heteroskedasticity consistent standard errors.
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Table 10
Portfolio Leads

i1 = @+ (Bo + Bive + BoSedvy)r; 4
Stzl T‘tZ(), StIO re <0

Series Bo B1 B2 R?
Low Betaon Dow21 0.149 -0.278 0.129 0.024
(0.016) (0.091) (0.139)
Medium BetaonDow21 | 0.141 -0.396 0.616 0.022
(0.020) (0.105) (0.177)

High Betaon Dow21 0.140 -0432 0420 0.014
(0.022) (0.115) (0.181)

Small on Small 0128 0.025 0.067 0.008
(0.022) (0.112) (0.196)
Small on Large 0.042 -0201 0318 0.014

(0.008) (0.042) (0.073)

First portfolio regressed on lag of second. Beta estimates are rolling over previous 1000 days. Small and
large refer to small and large move portfolios. On amarket rise large refers to the haf of the Dow21 group
with thelargest return. On amarket fall it refers to the group with the smallest return. Estimationisby OLS.
Numbersin parenthesis are White heteroskedasticity consistent standard errors.
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Table11
Conditional Expected Returns(t+1) for Various Information Sets

Rule N Returns Trades Meanx10® Std.x10°  t
All 6345 0.40 8.67
ry >0 3383 2965 131 9.03
r: > 0.004 2010 2519 1.62 9.51 1.18
ry > 0.004,v; < 0 828 1291 1.65 9.83 0.91
ry > 0.004,v; < 0,dv; > 0 339 564 2.16 9.71 1.55

Conditiona returns and standard deviations using lagged return and volume information. Trades is the
number of trades (both in and out of the market) that would be undertaken by a hypothetical trading strategy.
tisat-statistictest for equality of the given conditional mean and the mean for r; > 0.
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