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We should show that the positive volatility-volume relation
documented by numerous researchers actually
reflects the positive relations between volatility and
the number of transactions. Thus, it is the occur-
rence of transactions per se, and not their size,
that generates volatility; trade size has no infor-
mation beyond that contained in the frequency of
transactions. Our results suggest that theoretical
research needs to entertain scenarios in which (i)
both the frequency and size of trades are endog-
enously determined, yet (ii) the size of trades has
no information content beyond that contained in
the number of transactions.

The relation between volume of trade and stock prices
has received increasing attention from academic
researchers. Virtually al empirical investigations of
the relation between stock-return volatility and vol-
ume have found a positive correlation between vol-
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aility (measured as absolute or squared price changes) and volume
for both individual securities and portfolios. [See, for example, Schwert
(1989) and Galant, Rossi, and Tauchen (1992). Karpoff (1987) pro-
vides a detailed review of the empirical research.] In most theoretica
models that have been developed to explore the relation between
volume and stock-price dynamics, trading is generated due to asym-
metric information (or differences in opinion), and the size of trades
(or volume) reflects the extent of disagreement among traders about
a security’s value. Consequently, there is a positive relation between
volume and absolute price changes.

The theoretical models fall into two groups, competitive and stra-
tegic. In competitive models with asymmetric information, the size
of trades is positively related to the quality (or precision) of infor-
mation possessed by informed traders. Therefore, trade size intro-
duces an adverse-selection problem into security trading because
informed traders prefer to trade large amounts at any given price [see
Pfleiderer (1984), Grundy and McNichols (1989), Holthausen and
Verrecchia (1990), and Kim and Verrecchia (1991)]. Consequently,
as Pfleiderer (1984) and Kim and Verrecchia (1991) explicitly show,
there is a poditive relation between absolute price changes and vol-
ume,l where volume is measured as the aggregate demand of al inves
tors.

In strategic models, asymmetric information also leads to trading,
but a monopolist informed trader may camouflage his trading activity
by making several small-sized trades rather than one large trade [see,
for example, Kyle (1985), Admati and Pfleiderer (1988), and Foster
and Vishwanathan (1990)]. Such strategic behavior may attenuate the
positive relation between the size of transactions and the (monop-
olist) informed trader’s information. In a recent paper, however,
Holden and Subrahmanyam (1992) show that in a more redlistic stra-
tegic model with multiple informed traders the distinction between
strategic and competitive models is blurred. Even just two informed
traders act noncooperatively and choose larger quantities to trade
than a monopolist (or collusive agents). Therefore, in both compet-
itive and strategic models the size of trades or volume of the informed
agents is positively related to the quality of their information, thus
resulting in a positive relation between volume and absolute price
changes.

The objective of this article is very specific. We test whether number
of transactions per se, or their size (or volume), generates voldtility.

! More recently, Harris and Raviv (1993) show that, even if all traders were homogeneously informed,
differences in opinion in a competitive market would result in trading and there would be a positive
relation between volume and volatility [see aso Varian (1985, 1989) and Kandel and Pearson
1991)].
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This investigation is interesting purely as an empirical exercise,
especiadly given the old Wall Street adage that “it takes volume to
move prices.” Our results, however, are also likely to have important
implications for theoretical research on the role of volume in financia
markets. This follows because of the apparent consensus even among
academics that volume is related to volatility because it reflects the
extent of disagreement about a security’s value based on either dif-
ferential information or differences in opinion. In fact, motivated by
theoretical research, volume has increasingly been used as a measure
of the “information content” of financial and macroeconomic events
[see, for example, Beaver (1968), Bamber (1986), Jain (1988), Morse
(1981), Richardson, Sefcik, and Thompson (1986), and Ziebart (1990)].

We use daily data of NASDAQ-NMS securities over the 1986-1991
period to investigate the relation between volatility, volume, and the
frequency of trades. The tests reported in this article use average trade
size (total number of shares traded divided by number of daily trans-
actions) as the measure of “volume.” Our results, however, are insen-
sitive to the choice of the empirical measure of volume; aternative
measures like dollar volume, number of shares traded, or turnover
(number of shares traded divided by total number of shares outstand-
ing) yield virtualy identica inferences.

Our evidence shows that the volatility-volume relation typically
disappears when we control for the relation between volatility and
number of transactions. Specificaly, daily voldtility is significantly
positively related to both average daily trade size and number of daily
transactions. However, in regressions of volatility on average trade
size and number of transactions, the volatility-volume relation is
rendered statistically insignificant while the relation between vola
tility and number of transactions remains virtualy unatered. Average
size of trades has a statistically significant positive relation with vol-
aility only for small firms, but on average even this statistica relation
seems to be of little economic significance. Thus, our evidence strongly
suggests that the occurrence of transactions per se contains al the
information pertinent to the pricing of securities? This finding sug-
gests that future theoretica research needs to develop scenarios in
which (i) both the frequency and size of trades are endogenously
determined and yet (ii) the size of trades has no information content
beyond that contained in the number of transactions.

Section 1 contains a description of the data and the estimation
procedures used in this study. In Section 2 we present and anayze

2 Our investigation differs from studies that gauge the price response to large block trades [see, for
example, Holthausen, Leftwich, and Mayers (1993) and Seppi (1992)]. The block-trade studies
investigate the price-volume relation or the information content of such trades conditional on
observing large trades, while we are interested in the unconditional relation between volatility
and volume.
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the empirical evidence. This section aso contains some sensitivity
tests to gauge the robustness of our results to aternative measures
of volatility and volume and to aternative specifications of the regres-
sions used in our analysis. Section 3 contains a brief summary and a
discussion of the possible interpretations and implications of our
results.

. Data and Estimation Procedures

1.1 Data description

We use the Center for Research in Security Prices (CRSP) daily mas-
terfile for NASDAQ-NMS firms to compute security returns. Trading
on the NMS in the years immediately after its inception in 1982 was
limited to only the most actively traded stocks. Consequently, we
analyze al 853 securities that have an unbroken series of daily closing
bid and asked prices between 1986 and 1991. Note that since CRSP
provides closing quotes even on days when a security does not trade,
a stock does not have to trade each day during the 1986-1991 period
to be included in our sample. Finaly, to gauge the effect of our sample
selection criterion on our results and to expand the number of firms
represented in our study, we also conduct a detailed subperiod ana-
ysis (see Section 2.1).

Our tests are based on returns calculated from the average of closing
bid-ask quotes, rather than transaction prices used in all previous
studies, because transaction returns of individual securities contain
measurement errors due to the bid-ask bounce which induce sub-
stantial spurious volatility in returns [see Roll (1984)]. Kaul and Nima-
lendran (1990) find that, even for the average NASDAQ-NMS firm that
trades every day, the bid-ask bounce could account for 30 percent of
the daily return variance, and for small firms this proportion is in
excess of 50 percent. Returns calculated using the midpoints of clos-
ing quotes, on the other hand, contain no noise due to the bid-ask
bounce.

To gauge the cross-sectional characteristics of the volatility-volume
relation, we sort the sampled securities into five portfolios based on
market value (number of shares outstanding times price per share)
a the beginning of 1989 (the midpoint of the sample period). The
portfolios have (approximately) equal number of securities, about
170. The motivation for sorting securities based on their market values
is that firm size and volatility are positively correlated. It may, there-
fore, be important to extract size-related systematic components of
voldtility to better understand the empirical relation between volume
and volatility. Also, sorting firms based on their market vaues may
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Table 1
Daily descriptive statistics for NASDAQ-NMS stocks, 1986-1991
Average
of Average
Market  bid-ask Share trade Number
No. value price volume size of
of (s (in (in thou- (inthou- trans- Corr Corr Comr
Portfolio firms millions) dollars) sands) sands) actions (AV, N) (V, N) (V, AV)
1 171 17.691 6.000 11.163  1.132 6.743 156 643  .639
(Smallest)
2 170 40.722 10.609 17.528 1.254 10.939 111 637 628
3 171 79.163 14.542 30.675 1.399 17.381 099 622 638
4 170 176.401 22416 38.061 1.445 21355 .08% 513 660
5 171 734.785 28.773 124.309 1.745 61528 046 627 639
(Largest)

This table contains the avenge market value (number of shares outstanding times price per share),
the average of closing bid and asked prices, share volume (V), average trade size (total number
of shares traded divided by number of transactions) (AV), number of transactions (N). and the
correlations between average trade size and number of transactions, share volume and number of
transactions, and share volume and avenge trade Size, respectively. The description statistics are
based on daily data for the entire sample period and are reported for al 853 securities that have
an unbroken series of closing bid and asked prices between 1986 and 1991 classified into five
portfolios formed by rankings of market value of equity outstanding at the beginning of 1989 (the
midpoint of 1986-1991 period). The individua-firm statistics arc averaged across firms in each
portfolio. The second column reports the total number of firms in each portfalio.

be informative because of differences in the volatility-volume relation
for firms of different capitalizations.

Finally, our analysis also requires daily volume and number of
transactions for the sampled securities. Although volume data for
NASDAQ securities have been available for the past few years, his-
torica data on number of transactions have been made available only
on the most recent tapes. The use of daily data is largely dictated by
data availability considerations. daily volume and number of trans
actions are most readily available for a reasonably long time period
and for a large cross-section of firms. Using weekly or lower frequency
data was deemed unnecessary because it would reduce the sample
size without any corresponding gains.

1.2 Descriptive statistics

Table 1 reports some descriptive statistics for the firms in our overall
sample. The table contains average estimates of market value (in
million dollars), average of closing bid-ask prices, share volume (in
thousands), average trade size (total number of shares traded divided
by number of daly transactions), number of transactions, and the
corrdations between average trade size and number of transactions,
share volume and number of transactions, and share volume and
average trade size, respectively. All reported numbers are obtained
using daily observations. Each summary statistic is the cross-sectional
average of the individual-firm vaues of firms within each portfolio.
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The second column reports the total number of firms in each portfolio
of our sample.

The numbers of Table 1 reflect the diverse sample of securities
used in this study. For example, the average market values range
between $18 million for the smallest firms (portfolio 1) and $735
million for the largest firms (portfolio 5). Similarly, the trading fre-
guency exhibits substantial cross-sectional variation: the average
number of transactions varies between 7 and 62 per day. Based on
market values, our sample spans most of the firms on the NYSE and
AMEX, except the 500 largest firms on these exchanges [see Keim
(1989)]. However, since the firms in our sample are required to have
bid-ask quotes on each day within the 1986-1991 period, a substantial
number of small NASDAQ-NMS firms are excluded from the sample.
The subperiod analysis in Section 2.1, however, provides insights into
the behavior of such firms because the two subperiod samples contain
firms that have an unbroken series of daily bid-ask quotes for three-
year intervals, as opposed to the six-year interval for the overall sam-
ple.

The last three columns report the average correlations between
average trade size, number of transactions, and share volume. Note
that share volume (V) is ssimply the product of average trade size and
number of transactions. The correations between the two compo-
nents of share volume—average trade size (AV) and number of trans-
actions (N) —are small and exhibit a monotonic inverse relation with
firm size, ranging between 0.156 and 0.046. On the other hand, both
components are strongly positively correlated with share volume. The
average correlations between both V and N and V and AV are similar
and range between 0.60 and 0.70. The correlations between AV, N,
and V together indicate that, athough both components of volume
are strongly correlated with it, they seem to contain different infor-
mation about volume because they are not strongly correlated with
each other.

1.3 Measures of volatility and estimation procedures

We measure daily volatility using a procedure similar to the one in
Schwert (1990). Specificaly, we use the absolute residuals of the
following model:

S 12
th = E &qur + 2 Blet—j + én (l)
A1 =1

where R is the return of security i on day t, D,/'s are the five day-of-
the-week dummies used to capture differences in mean returns [see,
for example, French (1980) and Keim and Stambaugh (1984)]. The
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12 lagged returns are used as regressors to estimate short-term move-
ments in conditional expected returns.

To gauge the relative importance of number of transactions versus
volume of trade, we estimate the following three sets of regressions
for each security:

12

1l = &, + QuM, + BAV, + 25 pyléuc,l + My (23)
/=1
12
|ée) = @, + M, + y,N, + 2 pl]lglt—jl + N4, (2b)
1

and

12

|éel = a, + a,, M, + B,AV, + v,N, + 2 quéﬂ—jl + 9, (20)
=1

where |€,| isthe absolute residua from (1), M,is a trading gap dummy
variable that is equal to 1 for Mondays and O otherwise, AV, is the
average trade size (total number of shares traded divided by the
number of transactions for security i or day t), N,is the number of
transactions for security i on day t, and the coefficients r ,'s measure
the persistence in the volatility of security i.

We use a two-step procedure to estimate (2a)-(2¢): we first estimate
(1), and then use the absolute residuals, , |é,|’s, as the dependent
variables in (2a)-(2c). We use ordinary least squares to estimate the
regressions in (2), which provides consistent estimators of the param-
eters [see Pagan and Schwert (1990)]. The estimators, however, are
not efficient. But the inefficiency of the two-step OLS estimators does
not pose a significant inference problem because, when we replicate
al our tests using absolute simple returns in (2a)-(2c) [that is, we
estimate (2a)-(2c) directly without estimating (1)], our results remain
unaltered (see Section 2.2).

Although we estimate regressions (2a)-(2c) for each security, for
brevity we report and analyze estimates of Regression (2c) aone.
Regression (2c) is chosen because it provides a natura decomposi-
tion of the effects of volume on volatility; volume is the product of
average trade size and number of transactions. Estimates of (2c) can
therefore help us determine whether the average size of trades, AV,
or number of transactions, N,, or both, are determinants of volatility.

. Empirical Evidence

Table 2 presents estimates of Regression (2¢) to test directly whether
average trade size and/or number of daily transactions is related to
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daily volatility. For brevity, we do not report the estimates of the
simple regressions of volatility on trade size and on number of trans-
actions. We estimate Regression (2¢) for each security in each port-
folio using ordinary least squares (OLS), and panel A contains the
means of the coefficient estimates of average trade size and number
of daily transactions, with their standard errors in parentheses.
Although it is infeasible to obtain seemingly unrelated regression
(SUR) estimates of the systems of approximately 170 individual-secu-
rity regressions in each portfolio, the standard errors of the means
are corrected for any corrdations in the individua-firm coefficient
estimators (see Appendix for details).’Panel A aso contains the means
(with the fifth and ninety-fifth percentiles in parentheses) of the cross-
sectional distributions of the individua-firm adjusted-R*s. Findly,
panel B contains some properties of the sampling distributions of the
t -statistics of the individual-security coefficients of average trade size
and number of transactions,(g,) and s(y,), | respectively.

The most notable aspect of the evidence in Table 2 is that average
trade size has virtually no margina explanatory power when volatility
is conditioned on number of transactions. This conclusion is based
on severa features of the data. First, for medium and large firms
(specifically portfolios 3, 4, and 5) there is no positive relation on
average between volatility and average trade size, AV,.. There is a
datisticaly significant positive relation between volatility and average
trade size for smaller firms in portfolios 1 and 2. However, the eco-
nomic significance of these relations is questionable because AV,
adds little explanatory power over number of transactions, N,. Spe-
cifically, the average gz ’'s of Regressions (2b) in which N, is the only
regressor are 0.236 and 0.258 for portfolios 1 and 2, and the inclusion
of AV,in Regression (2c) increases the average gz'sto 0.241 and
0.260 (increases of less than 2 percent).

On the other hand, there is strong evidence that volatility is pri-
marily determined by the number of transactions, rather than their
size. On average, there is a statistically positive relation between
volatility and N, for securities in al portfolios; the means of 5 are
several (85 to 125) standard errors greater than zero. Moreover, inclu-
sion of average trade size has virtualy no effect on the coefficients of
N,or the gag Of the regressions that have N, as the sole regressor

“The infeasibility of the SUR eslimalion arlses bealse WIthin each portiolio We have 170 regressions,
with each regression containing 16 independent variables in (2c) (including a vector of ones for
the intercept). As aresult, the SUR estimator of the system of equations involves inverting a (2720
x 2720) matrix, which is infeasible. Fortunately, the efficiency gains from implementing the SUR
procedure are unlikely to be large because the avenge pairwise correlations between the OLS
residuas of (2c) are low, ranging between 0.059 and 0.112. On the other hand, since heteroske-
dasticity is a pervasive problem, we include 12 lagged |;'|; {in Regressions (2a)-(2c) for each
security (see Appendix for further details). “
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Table 2

Estimates of regressions of daily percentage volatility of returns calculated from the
average of bid and asked prices on daily average trade size and number of daily transactions
for NASDAQ-NMS stocks, 1986-1991

B: Distributions of

#B,) and 1(¥,)
- A: Parameter estimates _ Percentage Percentage
Portfolio B8 ¥ R: of ) > 2.0 of ny,) > 20
1 0.077 0.191 0.241 36.25 100.00
(Smallest) (0.0043) (0.0017) (0.125, 0.359)
2 0.032 0.116 0.260 12.87 100.00
(0.004) (0.0011) (0.145,0.372)
3 0.001 0.091 0.272 8.77 100.00
(0.0037) (0.0008) (0.164, 0.410)
4 -0.010 0.073 0.298 4.09 100.00
(0.0035) (0.0007) (0.174, 0.428)
5 -0.030 0.042 0.326 3.51 100.00
(Largest) (0.0046) (0.0005) (0.200, 0.454)

Panel A contains estimates of the following regression:

”2
1ol = @, + oM, + B AV, + YN, + Z plén_ | + 1,
i=t

where |€,| Is the absolute value of the return of security i in period t conditiona on Its own 12
lags and day-of-the-week dummies, M, is a dummy variable that is equa to 1 for Mondays and O
otherwise, AV, is the average trade size (total number of shares traded divided by number of
transactions for security i on day t), N,is the number of transactions for security i on day t, and
the coefficients p, measure the persistence in volatility of security i. We estimate the regression
using daily returns calculated from the average of closing bid and asked prices of all 853 securities
that have an unbroken series of closing bid and asked prices between 1986 and 1991. These
securities arc classified into five portfolios formed by rankings of market value at the beginning of
1989 (the midpoint of the 1986-1991 period). All regression parameters are estimated for each
firm, and we report the means of the individual security parameter estimates for each portfolio.
The numbers in parentheses below the means are their standard errors. which take into account
any cross-sectiona correlation in the individual-firm estimators (see Appendix). Panel A aso con-
tains the means (with the fifth and ninety-fifth_percentiles in parentheses) of the cross-sectiona
sampllng distributions of the individua-firm.. R¥s.For brevity we do not report the &'s, &.'s, and
s.Panel B contains the percentage of B/sand s with t- Statistics greater than 2.0.

[see (2b)]. Specificaly, the average 4,’s .in (2b) range between 0.193
and 0.042 for portfolios 1 through 5, while the corresponding average
values range between 0.191 and 0.042 in Table 2. Similarly, the aver-
age R?: of (2c), which range between 0.241 and 0.326, are only
trivially higher than the average R?’s of (2b), which vary between
0.236 and 0.323.

The relative importance of the number of transactions and the
unimportance of the size of trades are adso reflected in the charac-
teristics of the sampling distributions of individual-firm coefficients
and t- statistics of N,, and AV,. Figure 1 contains the frequency distri-
butions of the estimated coefficients of average trade size and number
of transactions, 8, and ¥, from Regression (2c) for each portfolio,
while panel B of Table 2 contains the percentage of #(8,)’s and #(¥,)’s
that are greater than 2.0. The most striking aspect of Figure 1 and
Table 2, panel B, is that, not only is there a positive relation between
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volatility and N;; for all firms in our sample, but that all these relations
are also statistically significant [that is, 100 percent of thet(¥)’s are
greater than 2.0 within each portfolio].

On the other hand, the relation between volatility and average trade
size is tenuous at best. Figure 1 shows that, for medium and large
firms (portfolios 3-5), only 13 percent to 35 percent. of the coefficient
estimates are positive, and the proportions of #(8,)’s > 2.0 are only
8.77, 4.09, and 3.51 percent for portfolios 3, 4, and 5, respectively.”
However, there seems to be some evidence of a statistically significant
relation between volume and volatility for smaller firms. Over 50
percent of the firms in portfolios 1 and 2 have positive §,s, and a
nontrivial fraction of these coefficients is statistically significant. In
particular, it is unlikely that about 36 percent of the#(8,) > 2.0 for
portfolio 1 is a chance occurrence.

We argued earlier that, athough on average there is a dtatisticaly
positive relation between volume and volatility for the smaler firms
in portfolios 1 and 2, this relation seems to be of little economic
significance. We also attempt to gauge the economic significance of
the volume-volatility relation for the subset of 36 percent and 13
percent of the firms in portfolios 1 and 2 with#(8,)’s > 2.0. We again
find that AV, seems to add little to the explanatory power of the
multiple regression (2c): the mean R”s of the regressions that have
Ni; as the only explanatory variable [see (2b)] are 0.207 and 0.220 for
firms in portfolios 1 and 2, respectively, and inclusion of the trade
size variable AV; increases the mean R”s to only 0.218 and 0.232.
Also, the mean R?’s of these firms from regressions that contain AV,
as the sole regressor [see (2a)] are only 0.088 and 0.096, respectively.

We conclude, therefore, that even for the subset of firms in port-
folios 1 and 2 with ¢(8,)’s > 2.0 in the multiple regression (2c) the
volume-volatility relation on average seems to be of little economic
significance (especially when compared to the relation between vol-
aility and number of transactions). Of course, there clearly is evi-
dence that volume has at least some “information content” for some
of the smaler NASDAQ-NMS firms. This finding, in turn, has an
appealing interpretation; it suggests that private-information-based

“ Note that even if there is no positive relation between volatility and average trade size, some(f,)'s
will be greater than 2.0 purely by chance. Suppose that, under the null hypothesis of no relation
between volatility and AV, the outcomes of the hypothesis tests for 170 securities in a particular
portfolio are independent. Then, at the 0.05 test level. the proportion of rgections for such a
Bernoulli process has a mean of 0.05 and a standard deviation of 0.017. If the proportion of rejections
is normally distributed, then the percentage of rejections (i.e.,&(8,)'s > 2.0) in Table 2 should be
between 1.50 and 8.50 percent (under the null hypothesis) approximately 95 percent of-the time,
when testing at the 0.05 significance level. Of course, the 170 regression estimators b ; are not
independent. However, due to the infeasibility of estimating a SUR system we cannot provide more
formal tests of the restriction that b ; = 0 " i in a particular portfolio (see Appendix).
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trading may be important only for the smallest firms on the stock
market. This interpretation has intuitive appeal because there is likely
to be relatively little public information about these firms and, there-
fore, it may “pay” some traders to incur the costs of gathering private
information about them.
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2.1 Subperiod evidence

Since the results in Table 2 are limited to only a subsample of secu-
rities that trade on the NMS, we conduct a detailed subperiod analysis
to gauge the robustness of our results. Specificaly, we break up our
six-year sample period into two equal-sized (three-year) subperiods.
In each subperiod we sample all firms that have an unbroken series
of daily closing bid and asked quotes. There are three main advantages
of conducting the subperiod analysis. First, by requiring firms to have
unbroken series of closing quotes for only three years (as opposed
to al six years), we dramatically increase the number of sampled
firms in each subperiod. Compared to 853 firms in our overall sample,
subperiod | (1986-1988) contains 1385 firms and subperiod 11 (1989-
1991) has 1553 firms. A second, and related, advantage is that the
subperiod sampling procedures ensure the inclusion (in both sub-
periods) of smal firms that are excluded from the overal sample.
This feature of the subperiod data is important because the size of
trades exhibits some marginal statistical significance for the smaller
firms in the overall sample. By including even smaler firms in our
subperiod samples, we can further investigate this aspect of the vol-
aility-volume relation. Finally, the subperiod analysis, by breaking
the overall sample into the 1986-1988 and 1989-1991 periods, allows
us to check the robustness of our results to the 1987 Crash.

Table 3 contains subperiod estimates of the multiple regression of
volatility on trade size and number of transactions [see (2¢)]. We again
do not report the subperiod estimates of the simple regressions of
volatility on trade size and on number of transactions. The subperiod
results in Table 3 generaly confirm our earlier evidence, and the 1987
Crash seems to have little effect on our findings. For larger firms (in
portfolios 3-5) the positive relation between volume (or trade size)
and volatility disappears in both subperiods when the latter is con-
ditioned on number of transactions as well. There again is some
evidence that, for smal firms, volume may have some information
content beyond that contained in the number of transactions. The
means of the trade size coefficients (8,) for securities in portfolios 1
and 2 are several standard errors greater than zero in both subperiods.
As in the case of the overal period's results, however, a least on
average the economic significance of these statistical relations is
guestionable. Specifically, even for the smallest firms in the two sub-
period samples the distributional characteristics of the R#'s in (2¢),
that is, their means and percentiles, are similar to the distributional
characteristics of the R s of regressions of volatility on number of
transactions adone. In other words, the size of trades has little mar-
ginad explanatory power when volatility is conditioned on both AV,
and N;.
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Table 3

Estimates of regressions of daily percentage volatility of returns calculated from
average of bid and asked prices on dsily average trade size and number of daity transacti
for NASDAQ-NMS stocks over two subperiods: 1 (1986-1988) and II (1989-1991)

A: Subperiod I (1986-1988) B: Subperiod 11 (1989-1991)
Portfolio 8 5 R: 8 ¥ R
1 0.070 0.263 0.274 0.067 0.297 0.234
(Smallest) (0.0063) (0.0031) (0.139,0.428) (0.0050) (0.0030) (0.101,0.395)
2 0.034 0.150 0.289 0.028 0.175 0.255
(0.0063) (0.0019) (0.132,0.432) (0.0044) (0.0017) (0.106, 0.413)
3 —0.008 0.113 0.299 0.008 0.120 0.274
(0.0054) (0.0015) (0.175,0.422) (0.0041)  (0.0012) (0.126,0.417)
4 -0.020 0.081 0.320 -0.009 0.086 0.290
(0.0067) (0.0012) (0.167,0.472) (0.0045) (0.0010) (0.137, 0.456)
5 —0.040 0.048 0.359 -0.020 0.049 0.318

(Largest) (0.0082) (0.0009) (0.236, 0.489) (0.0050)  (0.0007) (0.159, 0.475)

Panel A contains estimates of the following regression:

12
1€ =a, + @, .M+ B,AV, + v,N, + 2 Pt/‘iu—li +
=

where |€,| is the absolute value of the return of security i in period t conditiona on its own 12
lags and day-of-the-week dummies, M, is a dummy variable that is equal to 1 for Mondays and O
otherwise, AV, is the average trade size (total number of shares traded divided by the number of
transactions for security i on day t), N, is the number of transactions for security i on day t, and
the coefficients r j; measure the persistence in volatility of security i. We estimate the regression
using daily returns calculated from the average of closing bid and asked prices of al 1385 and
1553 securities that have an unbroken series of closing bid and asked prices for the 1986-1988
and 1989-1991 subperiods, respectively. These securities are classified into five portfolios formed
by rankings of market value a the midpoint of each subperiod. All regression parameters are
estimated for each firm, and we report the means of the individual-security parameter estimates
for each portfolio in both subperiods. The numbers in parentheses below the means are their
standard errors, which take into account any cross-sectiona correlation in the individual-firm
estimators (see Appendix). Panels A and B contain the mean estimates of the regression coefficients
for the 1986-1988 and 1989-1991 subperiods, respectively. Each panel aso contains the means
(with the fifth and ninety-fifth percentiles in parentheses) of the cross-sectional sampllng distri-
butions of the individual-firm R#s. For brevity we do not report thei's, &.’s, and Puy's.

Of course, as in the overal sample, there are a humber of small
firms that have a significantly positive relation between volatility and
trade size. For example, more than 20 percent of the firms in the
smalest portfolio have #(y,)’s greater than 2.0 in both subperiods.
Consequently, volume may have some information content for these
smallest of NASDAQ-NMS firms, which again suggests that private-
information-based trading may be important for only (very) smal
firms.

2.2 Some sensitivity tests

Since our results may have potentially important implications for
future research concerning the relation between stock prices and
volume, we evauate their robustness by conducting a variety of sen-
sitivity tests.
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221 Tests based on transaction returns. All our results in Tables
2 and 3 are based on returns calculated from the average of closing
bid and asked prices. For completeness, we replicate the tests using
returns calculated from daily closing transactions prices. The results
(not reported) lead to identical inferences about the relative roles of
volume versus frequency of trading in explaining volatility. In fact,
even for the smallest portfolio of securities there is no positive rela-
tion between volatility and trade size when number of transactions
is included as an explanatory variable in Regression (2c¢). This, how-
ever, is not surprising because the “noise” in transaction returns leads
to a loss in power of our tests.

2.2.2 Alternative measures of volatility and volume. We repli-
cate our tests using the squared residuals from Regression (1) instead
of the absolute residuals. We also estimate Regressions (2a)-(2c)
directly using absolute and squared simple returns without condi-
tioning on day-of-the-week dummies or past returns in (1). Our results
are insengitive to the aternative measures of volatility and the esti-
mation procedures (two-step or one-step): the voldtility-volume rela
tion is entirely driven by the strong positive relation between volatility
and number of transactions.

Similarly, our conclusions seem invariant with respect to alternative
measures of volume. In the results reported, we use average trade
size because AV, and N, provide a natural decomposition of volume.
However, use of share volume, dollar volume, or turnover (total num-
ber of shares traded divided by the total number of shares out-
standing) leads to similar inferences. Also, since we use the absolute
value of returns (rather than squared returns) as our measure of
volatility, we used square root transformations of both AV, and N, as
regressors in (2a)-(2c); again the results remained unaltered.

2.2.3 Alternative regression specifications. As a final check of
the robustness of our results, we estimate a regression with AVy, Ni,
and share volume, V;. Our results are even stronger in that the esti-
mated mean coefficients of AV;, and V,; are significantly positive only
for portfolio 1 (and not for portfolios 2-5), while the mean coefficients
of N remain largely unatered and statitically greater than zero for
al portfolios. We do not report these results because we are interested
in the effects of the two components of volume, average trade size,
and number of transactions. Including volume detracts from this fun-
damental objective of the article. From a dtatistical standpoint aso
(2c) may be preferable because of the low correlations between the
two regressors, AV, and N (see Table 1). On the other hand, the
strong positive correlations of over .60 between both AV, and V,, and
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N;; and V;, for each portfolio may potentially create multicollinearity
problems for the regression of volatility on AV, N, and V.

3. A Summary and the Implications of the Evidence

In this article, we show that the positive volatility-volume relation
documented by numerous researchers simply reflects the positive
relation between volatility and number of transactions. The most nota-
ble implication of this finding is that on average the size of trades
has virtualy no incrementa information content; any information in
the trading behavior of agents is amost entirely contained in the
frequency of trades during a particular interval. Average trade size
has a marginally significant positive relation with volatility only for
the smallest NASDAQ-NMS firms, but even this relation (at least on
average) seems to be of little economic significance.

Our findings are quite contrary to the old Wall Street adage that “it
takes volume to move prices.” Our investigation can be viewed as a
direct test of the Mixture of Digtribution Hypothesis (MDH), which
asserts that volatility and volume are positively correlated only because
both are positively related to the number of daily information arrivals
(the mixing variable). With a fixed number of traders who al trade
a fixed number of times in response to new information, the number
of daily transactions will be proportiona to the number of information
arrivals [see, for example, Clark (1973) Harris (1987) and Tauchen
and Pitts (1983)]. Therefore, the volatility-volume relation should be
rendered satigtically insignificant when volatility is conditioned on
the number of transactions as well.®> Although the MDH interpretation
of our findings is valid, it is unappealing from an “economic” stand-
point. The MDH is primarily statistical in nature; it does not provide
any insights into the (equilibrium) economic behavior of agents which,
in turn, affects volume and volatility of stock returns.

From an economic standpoint, our results are quite intriguing. The

® Similarly, Ross (1989) shows that the variance of price changes is directly related to the rate of
Row of information and, under certain conditions, the two are identical. Our results suggest that
the number of daily transactions, and not volume, may be the more appropriate measure of the
rate of flow of information.

Based on a sample of 50 NYSE stocks sampled over the period from December 1, 1981, to January
31, 1983, Harris (1987) aso shows that daily transaction count may be a useful instrumenta variable
for the number of information events. However, the investigation by Harris (1987) only tests whether
the MDH can explain the characteristics of the distribution of security returns (namely, the non-
normality of returns and the autocorrelation in returns and squared returns).

Also, just before this paper went to press, Terry Marsh made us aware of an interesting and related
finding in Marsh and Rock (1986). They find that net number of trades (i.e., number of seller-
initiated minus buyer-initiated trades) explains as much (if not more), as does net volume, of even
the level of percentage changes in bid-ask prices in separate regressions of the latter on the (former)
two variables. This finding suggests that both changes in returns and their volatility are more
strongly related to number of trades, as opposed to volume, even though the former “throws away”
information contained in the latter.
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fact that volume, or the size of trades, has virtually no marginal explan-
atory power vis a vis changes in absolute prices seems surprising
given that the size of trades is positively correlated with the quality
(or precision) of information of informed traders in competitive mod-
els of trading. Also, in more realistic modds of strategic behavior that
alow for imperfect competition among multiple informed traders
there is aggressive trading of large quantities by them [see Holden
and Subrahmanyam (1992)].

Two recent articles by Eadey and O’'Hara (1990) and Harris and
Raviv (1993), however, do highlight the role of number of trades in
the determination of asset prices. Eadey and O'Hara (1990) develop
a market microstructure model that explicitly incorporates the role
of time in the price-adjustment process. In their model, total number
of trades is informative with respect to price changes because both
trades and a lack of trades are informative to the market maker. Using
a different approach, Harris and Raviv (1993) also show that the num-
ber of trades will be positively correlated with absolute price changes.
They assume that al traders receive the same information but differ
in the way in which they interpret this information. Specificaly, al
traders agree on whether a particular piece of information is favorable
or unfavorable but disagree on the extent to which the information
is important. Trading in their models occurs if, and only if, cumulative
information for a particular type of trader switches from favorable to
unfavorable or vice versa.

Both the articles by Easdey and O'Hara (1990) and Harris and Raviv
(1993), therefore, explicitly demonstrate that the number of trans
actions will be positively related to absolute price changes. However,
neither of these models can completely “explain” our evidence
because in both of these models (presumably for tractability reasons)
al trades are standardized to be of unit size. Therefore, in the context
of these models we cannot distinguish between volume (or size of
trades) and frequency of trades, and hence we cannot address the
issue of why the size of trades typically has no information content
beyond that contained in the number of transactions. Our results
suggest that theoretical models need to endogenize both the fre-
guency and size of trades. Perhaps a more nontrivia task is to explic-
itly parameterize scenarios in which the number of trades contains
al the information relevant to the pricing of securities, with the size
of trades containing little or no additional information.

Appendix: Calculation of Standard Errors

In this Appendix, we describe the procedure used to calculate the
standard errors of the cross-sectional means of the estimated regres-
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sion coefficients of (2a)-(2c). In calculating the standard errors, we
take into account any cross-sectional correlation in the individual-
firm regression coefficient estimators. Our procedure, however, is not
necessarily efficient because it is based on ordinary least squares
estimates of individual-firm regression parameters. As explained below,
we found it infeasible to obtain the efficient seemingly unrelated
regression estimates of the regression coefficients.
Consider the general regression for security m(m=1,..., M):

Vo= XpBm + N (A1)
where y,is the (1450 x 1) vector of volatilities (or |e,|’s) and X, is
the (1450 x 16) matrix of independent variables for each security in
(2¢) (including the 12 lagged dependent variables).

Let us assume that each security m'serrors, 5 follow standard OLS
properties, that is, E(n,) = 0 and E(nn',) = o2, 1. HoOwever, since
the returns of individua securities are measured over the same cal-
endar intervals, the errors of the individual-security regressions (2a)-
(2c) are likely to be contemporaneously corrdated. Following Zell-
ner (1962) let us, therefore, assume that

EMpMns) = Opm if #= sand 0 otherwise.

The “stacked” regression for al M securities then becomes

N X, 0 - 0|8 ™
A S A L B e (a2)
[ V] | 0 0 XM_ _ﬁu_ R

where E(m) =Q2=2ZQ@ I
We estimate (A2) using OLS, which provides consistent estimators.
The sampling distribution of B, iiS given by [see Greene (1990)]

E(éo:s) =8
and
Var(Bos) = (X' X)~H(X'QX) (X'X) 1.
Let 8 be the vector of cross-sectional means of the OLS estimates

B... that isd=1/M3*_, B,.The OLS estimator of the cross-sectional
mean, 8,is also a consistent estimator of @, and its variance is given by

var () = %(1 ® D' X'X)U(XX)(X’X)'(1® D (A4)

where 1 is a suitably defined vector of ones.
To calculate Var(8) we need to estimate W, or equivaently 2. Given
the OLS regressions, the elements of & can be estimated as

647



The Review of Financial Sudies/ v 7 n 4 1994

=40 ./ (T — k)

where T — k are the degrees of freedom in the OLS estimation.

Although the derivation of the above variance-covariance matrices
is straightforward, our large sample size makes their computation
tedious. For example, the matrices XX and X' W X in the stacked
regression (2c) are each of dimension 2720 x 2720 because we have
16 independent variables for approximately 170 firms in each port-
folio.

To manipulate these large matrices, we utilize the unique prop-
erties of their structure to estimate the varianceof 6 in (A4). Specif-
ically, since W = & A |, and using the block diagonality of the X'X
matrix, the variance-covariance matrix of b o 5 in (A3) can be rewrit-
ten as

[(X;Xl)_l ce ][”11XX T a'mX;XM—l
0 (X’X - Y cor O X X,
L 1M R LS |
(X:Xl) 1 .
x : (A5)
L o - (k)" '
and multiplication of these partitioned matrices yields
[ o'n(X;XJ—l UMI(X;XI)—I(X;XM)(X;{XM)-I-‘
__alM(X.’MXM) - (X,’stl) (X{X1) B 02 (X X)) ! B
(A6)

Define V as the (k, )th subblock given by
ou( X1 X)) " (XX (X X)) ™! (A7)

and V (i, j) asthe (i, j)th element of this subblock.

Fortunately, the structure of Var (@) is such that we can exploit the
above partitioning. A similar partitioning of the 1 A | matrix and a
simplification of quadratic form in (A4), though tedious, reveals that
the estimator of the variance of a particular cross-sectional mean, that
is, Var(o,) is egual to the average of the (i, i)th elements of each of
the M? subblocks above. More formally,

Var(0) =— E E Vi, (i, 9. (A8)

k=1 f=1

Therefore, the computational task, though nontrivid, is feasible.
In particular, to calculate the diagonal elements of Var (0) which are
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reported in the article, we separately calculate each subblock of "Bos
and average the diagonas across all of the subblocks. Although this
procedure requires substantial computer time, the memory require-
ments are low because all matrix manipulations are performed on 16
x 16 matrices.

Note that our technique for calculating the standard errors of the
cross-sectional means of individua-firm regression coefficients takes
into account cross-sectional correlation between the coefficient esti-
mators. However, since our technique is based on OLS it is not nec-
essarily efficient [see Zelner (1962)]. Unfortunately, efficient joint
generalized least squares (GLS) estimation is not feasible in the con-

text of our study.
Recdll that the joint GLS or SUR estimator of the set of M regression

coefficients is given by

-

Bois = (X' X) ' X' X'Q 1y (A9)
and the feasible GLS estimator simply involves replacing W by - §in
(A9). Similarly, the variance-covariance matrix of b g g is given by

var(f) = (X'@-' X))~ (A10)

whee Q@ '=321'Q@ I
The (X' W ™X) matrix featuring in both (A9) and (A10) can be
partitioned into subblocks as

o' X(X, o¥X]X, -+ oMXX,
o2X}X, o2X)X, -+ oMXX, (A11)
Lo,mX;'Xl oMX, X, - aMMXI'"XMJ

where s " is the (i, j)th element of & .

Since the off-diagona subblocks in (A11l) are in general nonzero,
we no longer have the simplifying structure of the OLS estimation.
Consequently, there is no dternative to inverting the stacked matrix
design, which is equivaent to inverting a (2720 x 2720) matrix for
(2c). We found this task infeasible on our 3090 IBM mainframe.
Consequently, we could not obtain GLS estimates and the standard
errors of the individual-security regression coefficients. And we aso
could nat jointly test the hypothesis that the coefficients of a particular
regressor (average trade size or number of transactions) are simul-
taneoudy equal to zero for all securities in a particular portfolio.

Although SUR estimation is not feasible, the relative gains in effi-
ciency from this procedure are unlikely to be large because the cross-
sectional correlations in the residuals of Regression (2¢) are small.
Specifically, the average pairwise correlations between the OLS resid-
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uals of individua securities range between 0.059 for the smallest
portfolio to a high of 0.112 for the largest portfolio. We believe that
heteroskedasticity, on the other hand, is a pervasive phenomenon
both at the individua-security and portfolio levels [see, for example,
Lamoureaux and Lastrapes (1990) and Schwert (1990)]. Conse-
quently, we include 12 lagged |é€,|’s in Regression (2c) for each
security to correct for any persistence in volatility.
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