WILEY-
BLACKWELL

American Finance Association

Trading Volume, Information Asymmetry, and Timing Information
Author(s): Joon Chae

Source: The Journal of Finance, Vol. 60, No. 1 (Feb., 2005), pp. 413-442
Published by: Blackwell Publishing for the American Finance Association
Stable URL: http://www.jstor.org/stable/3694843

Accessed: 23/11/2009 12:35

Y our use of the JSTOR archive indicates your acceptance of JSTOR's Terms and Conditions of Use, available at
http://www.jstor.org/page/info/about/policies/terms.jsp. JSTOR's Terms and Conditions of Use provides, in part, that unless
you have obtained prior permission, you may not download an entire issue of ajournal or multiple copies of articles, and you
may use content in the JSTOR archive only for your personal, non-commercial use.

Please contact the publisher regarding any further use of this work. Publisher contact information may be obtained at
http://www.jstor.org/action/showPublisher?publisherCode=black.

Each copy of any part of a JSTOR transmission must contain the same copyright notice that appears on the screen or printed
page of such transmission.

JSTOR is anot-for-profit service that helps scholars, researchers, and students discover, use, and build upon awide range of
content in atrusted digital archive. We use information technology and tools to increase productivity and facilitate new forms
of scholarship. For more information about JSTOR, please contact support@jstor.org.

Blackwel| Publishing and American Finance Association are collaborating with JSTOR to digitize, preserve
and extend access to The Journal of Finance.

http://www.jstor.org


http://www.jstor.org/stable/3694843?origin=JSTOR-pdf
http://www.jstor.org/page/info/about/policies/terms.jsp
http://www.jstor.org/action/showPublisher?publisherCode=black

THE JOURNAL OF FINANCE ¢ VOL. LX, NO. 1 ¢ FEBRUARY 2005

Trading Volume, Information Asymmetry,
and Timing Information

JOON CHAE*

ABSTRACT

This paper investigates trading volume before scheduled and unscheduled corporate
announcements to explore how traders respond to private information. I show that
cumulative trading volume decreases inversely to information asymmetry prior to
scheduled announcements, while the opposite relation holds for volume after the
announcement. In contrast, trading volume before unscheduled announcements in-
creases dramatically and shows little relation to proxies for information asymmetry. I
investigate the behavior of market makers and find that they act appropriately by in-
creasing price sensitivity before all announcements, implying that they extract timing
information from their order books.

TRADING VOLUME PLAYS a critical role in financial markets. It facilitates the price
discovery process, enables investors to share financial risks, and ensures that
corporations can raise funds needed for investment. Trading volume is gen-
erally characterized as either informed or uninformed (liquidity trading). Al-
though both types of trading volume are studied in the finance literature,! their
relative importance remains poorly understood. In this paper, I study trading
volume prior to important corporate announcements, when information asym-
metry? is likely to be the greatest. The analysis provides insights into how
informed and liquidity traders, along with market makers, respond to asym-
metric information in the market.

Finance theory provides ambiguous predictions about trading volume prior to
corporate announcements. When liquidity trading is exogenous and inelastic to
price, as in Kyle (1985), trading volume increases in information asymme-
try. This is because informed traders attempt to exploit their private infor-
mation. However, if liquidity traders have timing discretion, as in Admati

*Joon Chae is at The State University of New York at Buffalo. I would like to thank Richard C.
Green (editor) and two anonymous referees for their comments. I thank Ken French, S.P. Kothari,
Jonathan Lewellen, Andrew Lo, Dimitri Vayanos, Jiang Wang, and Batterymarch workshop par-
ticipants at MIT for helpful comments and suggestions. I also thank participants in the following
seminars: INSEAD, Lehman Brothers, National University of Singapore, Penn State University,
University at Buffalo, and University of Hawaii at Manoa. I also thank Albert Wang for detailed
suggestions that greatly improved the exposition.

! See Karpoff (1987) or Lo and Wang (2000) for general references.

2 Generally, information asymmetry may refer to asymmetric information or differential infor-
mation between different agents. In this article, I use information asymmetry to mean that in-
formed investors have material, firm-specific information related to future public announcements
and that uninformed investors do not.
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and Pfleiderer (1988) or in Foster and Viswanathan (1990), trading volume can
decrease in information asymmetry. In these models, when discretionary liquid-
ity traders (DLTs) receive exogenous trade demands prior to announcements,
they will postpone trading until the announcement is made and the information
asymmetry is resolved. Therefore, total volume can decrease before announce-
ments and correspondingly increase afterwards. While theoretical models offer
ambiguous predictions, little empirical evidence exists to distinguish between
the predictions. In this article I offer such evidence.

I consider trading volume before two types of announcements: with and with-
out timing information. Timing information refers to the public availability of
when an announcement will be issued, and I designate these as scheduled an-
nouncements. When timing information is available, DLTs know that a large
flow of information will be released on a specific date. Although they do not
know what the information is, they can still optimize the timing of their trades
to minimize adverse selection costs related to the information release. When
timing information is not available, DLTs might not change the timing of their
trades. I designate these as unscheduled announcements.

In this article, I use earnings announcements as scheduled announcements.
Earnings announcements involve a release of information in which the timing
is publicly known. Even though “pre” earnings announcements have become
increasingly popular, the actual earnings announcement still resolves much
uncertainty related to stock pricing. For unscheduled announcements, I use ac-
quisition, target, and Moody’s bond rating announcements. Neither the timing
nor the magnitude and direction of these announcements is public informa-
tion. I choose these four types of announcements because they represent major
corporate events that have substantial impacts on prices.?

The following empirical analysis explores four related hypotheses to study
trading dynamics around these announcements. Hypothesis 1 states that trad-
ing volume should decrease before scheduled announcements. The test com-
pares abnormal trading volume before scheduled and unscheduled announce-
ments, and the main results confirm hypothesis 1. Cumulative trading volume
decreases more than 15% before scheduled announcements, but steadily in-
creases before unscheduled announcements. This implies that DLT's do change
their behavior depending on the existence of timing information.

Hypothesis 2 states that over a cross section of stocks, decreases in trading
volume before scheduled announcements should be correlated with the extent
of information asymmetry. Moreover, no such relation needs to hold before un-
scheduled announcements. I test and confirm hypothesis 2 by regressing ab-
normal trading volume before each type of announcement on commonly used
proxies for information asymmetry (company size, number of analysts, bid—ask
spread, and industry dummies).

Hypothesis 3 states that information asymmetry before scheduled announce-
ments should be positively correlated with abnormal trading volume after

3 See Bamber (1987), Foster et al. (1984), Jensen and Ruback (1983), Jarrell and Poulsen (1989a),
and Hand et al. (1992), etc.
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the announcements. This hypothesis is from George, Kaul, and Nimalendran
(1994). These authors propose a theoretical argument that high trading volume
immediately after corporate announcements is a result of increased liquidity
trading.* Once the announcement has been made, DLTs perceive lower ad-
verse selection costs and are finally willing to submit their trade demands.
Investigating the relation between information asymmetry and volume, but af-
ter scheduled announcements instead of before, I find that the hypothesis of
George et al. holds for most specifications.

Hypothesis 4 states that market makers should increase price sensitivity only
before scheduled announcements. Market makers are uninformed with respect
to corporate information, so they should increase their price sensitivity when
they perceive adverse selection costs. To test this, I estimate the Kyle (1985)
lambda for each stock during different periods around the announcement. These
tests confirm that price sensitivity increases before scheduled announcements.
However, I find that price sensitivity increases even before unscheduled an-
nouncements. This suggests that market makers are able to extract and react
to information related to timing.

The rest of the paper is organized as follows: In Section I, I formally state the
four hypotheses; in Section II, I describe the data sets and test the main (first)
hypothesis; in Section III, I test the remaining three hypotheses; in Section IV,
I suggest possible implications of the results; and finally in Section V, I offer
concluding remarks.

I. Hypotheses

Many event studies about corporate announcements, such as earnings and
takeovers, indicate that a considerable amount of information is released
around these announcements. These releases of information often spur large
price changes. For example, the absolute daily price change on earnings an-
nouncement dates is about 56% higher than the average absolute price change
on other days in the same month.5 Therefore, there is likely to be severe infor-
mation asymmetry between informed and uninformed investors immediately
before such announcements.

As shown in Milgrom and Stokey (1982), Black (1986), and Wang (1994), if
there is a higher possibility of trading with an informed counterparty, then
uninformed traders will participate less in the market. In an extreme case
with only one informed investor and one uninformed investor, the informed
investor wants to trade the stock before the information is revealed. However,
this is almost impossible, since the uninformed investor will not trade unless
there are urgent liquidity needs. Therefore, one could predict the outcome of
this scenario to be a decrease in trading volume prior to the announcement. A

4 Kim and Verrecchia (1991) and Atiase and Bamber (1994) offer another explanation of increas-
ing trading volume on/after corporate announcements. The considerations of these studies follow
in Section III.

5 This is 45%, 287%, and 18% more than average on acquisition announcement, target announce-
ment, and Moody’s rating change, respectively.
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necessary condition for this prediction to hold is that the uninformed investor
must perceive a high level of information asymmetry and attempts of trading by
the informed trader. Typically, uninformed traders have difficulty in differen-
tiating between informed and uninformed trades.® However, before scheduled
announcements (such as an earnings announcement), uninformed investors
expect high trading demand from informed investors and avoid unnecessary
trading. In response, total trading volume before scheduled announcements
should decrease. On the other hand, uninformed investors cannot predict in-
formed trading patterns around unscheduled announcements, so in these cases
they cannot change their own trading patterns accordingly. In these cases, in-
formed traders increase trading demand while uninformed traders trade as
usual; the increase in informed trading should drive total trading levels higher
before unscheduled announcements.

HypoTHESIS 1:  Before an information-revealing announcement, trading volume
should decrease only if uninformed investors expect the announcement.

According to hypothesis 1, uninformed investors should avoid trading when
they perceive adverse selection to be high. Adverse selection costs depend on
ex ante information asymmetry. Therefore, trading volume before scheduled
announcements should be negatively correlated with ex ante information asym-
metry measures. This relation should not hold before unscheduled announce-
ments, because uninformed investors cannot decrease their trade in response
to an event they do not know about.

HyrotHESIs 2:  Trading volume before scheduled announcements is negatively
correlated with levels of ex ante information asymmetry.

If hypothesis 2 is true, then discretionary liquidity traders are timing their
trades. The decrease in trading volume before scheduled announcements rep-
resents the amount of delayed trading. To the extent that they must eventually
fulfill their trading needs, DLTs should make up for postponed trades at some
point after the announcement passes, causing an increase in ex post trading
volume. In other words, a high level of ex ante information asymmetry causes
a large amount of delayed trading, which leads to an increase in ex post trad-
ing. The increase in ex post trading should be positively related to the level of
ex ante information asymmetry. This prediction is based on George et al. (1994).
They develop a model in which high trading volume on announcement days can
be explained by the relatively lower adverse selection costs immediately after
information announcements.

HyrorHEsis 3:  If adverse selection costs drive trading volume down before an-
nouncements, there should be a corresponding increase in trading volume af-
ter those announcements. Therefore, the relation between trading volume and

8 For an effort to estimate the probability of informed trading, see Easley, Hvidkjaer, and O’Hara
(2002).
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information asymmetry should be negative before and positive after scheduled
announcements.

Admati and Pfleiderer (1988) and Foster and Viswanathan (1990) argue that
DLTs try to trade during periods when price sensitivity to order flow is low.
This implies that when uninformed investors avoid trade (i.e., before scheduled
announcements), price sensitivity to order flow is high.

HyroTuEesis 4: Price sensitivity to order flow will be higher before scheduled
announcements than during “average” periods.

II. Tests
A. Data and Description of Variables

This paper tests four types of corporate announcements: earnings, acquisi-
tion, target, and Moody’s bond rating change announcements. These types of
announcements have well-documented effects on return and trading volume, as
shown in Bamber (1987), Bamber and Cheon (1995), Foster, Olsen, and Shevlin
(1984), and Hand, Holthausen, and Leftwich (1992).

As Chordia, Roll, and Subrahmanyam (2001) mention, earnings announce-
ments are among the best candidates for scheduled announcements involving a
release of relevant pricing information. Accordingly, I use earnings announce-
ments as proxies for scheduled announcements. Among unscheduled corporate
announcements, acquisition and target announcements also have significant
effects on return and trading volume. For the most part, I use acquisition and
target announcements as proxies for unscheduled announcements. Pricing in-
formation generated outside the relevant firm may lead to less insider trading
than information generated within the firm. Because both acquisition and tar-
get announcements are generated within the relevant firm, I also use a set of
Moody’s bond rating change announcements for unscheduled announcements
to test externally generated pricing information and to check for any difference
in effects.

I/B/E/S data from 1986 to 2000 are used for the earnings announcement
sample. The number of analysts for each stock and reporting dates are extracted
from the I/B/E/S summary files. The total number of earnings announcements
during this period is 65,912, all from NYSE and AMEX companies.

Acquisition and target announcements for NYSE and AMEX stocks are col-
lected from the SDC database compiled by Thomson Financial Securities Data.
To match the I/B/E/S time period, only data between 1986 and 2000 are in-
cluded in the study. The total number of acquisition and target announcements
are 25,087 and 12,485, respectively.

The Moody’s bond rating data are hand-collected from Moody’s investor ser-
vices. Because of time constraints in manually recording the data, this data
set spans a much shorter period, from January 1997 to October 1998. How-
ever, the sample of 410 announcements (all from the NYSE and the AMEX)



418 The Journal of Finance

Table I
Data Sets and Applied Filter

This table reports the number of observations in each sample after filters are applied. The earn-
ings announcement data between 1986 and 2000 are extracted from the I/B/E/S database. The
companies had to be in the NYSE and the AMEX. The acquisition and the target announcement
data between 1986 and 2000 are from the SDC database. The Moody’s bond rating change data
between January 1997 and October 1998 are hand-collected from Moody’s Bond Survey published
by Moody’s Investors Service. “# of obs. filter” means that at least 40 trading days before and
10 days after the announcement are required to be included. The third and fourth rows indicate
the number of observations for companies existing in two announcement data sets. For example,
“Same companies in earnings and target” means that the companies have at least one earnings
announcement and one target announcement.

NYSE and AMEX Earnings Acquisition Target Moody’s
Before # of obs. filter 65,912 25,087 12,485 410
After # of obs. filter 64,285 22,930 11,255 320
Same companies in earnings and acquisition 55,747 19,888 N/A N/A
Same companies in earnings and target 51,130 N/A 8,430 N/A

is large enough to draw meaningful conclusions from an event study analysis
perspective.

Center for Research in Security Prices (CRSP) daily data for all companies
in the NYSE and the AMEX (again from 1986 to 2000) are combined with these
four samples to obtain trading volume. Only observations that have at least
40 days of data before and 10 days of data after announcements are included
in the sample.

To control for firm-specific characteristics and increase the power of the tests,
I match the companies’ earnings and takeover data in the robustness check sec-
tion. After separating out the companies that exist in both the earnings and
acquisition announcement samples, there remain 55,747 earnings announce-
ments and 19,888 acquisition announcements. For companies included in both
the earnings and the target announcement data sets, there are 51,130 earn-
ings announcements and 8,430 target announcements. The Moody’s sample is
too small to match with other data sets and retain enough data points. Table I
contains the number of observations after each filter is applied.

Among many candidate measures of trading volume, I choose log turnover for
most of the empirical tests in this paper. Raw turnover is defined as trading vol-
ume divided by outstanding shares.” It corrects for the number of outstanding
shares, while absolute volume measures do not; this provides a cleaner inter-
pretation of the results. Table II provides summary statistics on daily return,
daily turnover, and log daily turnover from companies with at least 1 year of
data between 1985 and 2000. However, the raw turnover distribution has a very
fat tail and extreme positive skewness, which may be problematic. See Table II
for these summary statistics.

Compared with the cross-sectional average skewness and kurtosis of returns
(1.049 and 23.407, respectively, from 1986 to 2000), turnover is much more

7 See Lo and Wang (2000) for a systematic description of different measures of trading volume.
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Table 11
Summary Statistics
This table reports summary statistics of daily percentage return and percentage turnover from
stocks existing in the NYSE or the AMEX for at least 1 year (252 days). The summary statistics are
the averages of estimates (mean, standard deviation, skewness, and kurtosis) for each company.
The daily turnover is defined as daily trading volume divided by outstanding shares.

Period Mean SD Skewness Kurtosis No. of Firms
Daily Return (%)
1986-2000 0.056 3.290 1.049 23.407 5,982
1986-1990 0.040 3.068 0.620 18.875 3,031
1991-1995 0.075 3.038 0.685 12.215 3,823
1996-2000 0.045 3.046 0.904 17.209 4,406
Daily Turnover (%)
1986-2000 0.389 0.865 8.596 159.439 5,982
1986-1990 0.260 0.439 7.166 101.495 3,031
1991-1995 0.272 0.447 7.259 108.934 3,823
1996-2000 0.447 0.964 7.317 108.898 4,406
Log Daily Turnover
1986-2000 -2.007 1.075 —0.098 0.701 5,906
1986-1990 -2.221 1.053 —0.026 0.590 2,972
1991-1995 —2.160 1.033 -0.091 0.630 3,731
1996-2000 -1.825 0.975 —0.022 0.826 4,404

non-normal. The extreme skewness and kurtosis (8.596 and 159.439, respec-
tively) show a clear break from normality, an assumption required for the sta-
tistical procedures of this research. Therefore, as recommended by Ajinkya and
Jain (1989), I apply the log function to correct for this.® Once the logarithm
is applied, skewness and kurtosis decrease to —0.098 and 0.701, respectively.
This transformed measure of trading volume appears to be very close to nor-
mally distributed, so I use it throughout the paper for empirical tests. Unless
otherwise noted, any reference to volume, trading volume, turnover, and so on,
all refer to log turnover as defined in equation (1).

Trading Volume; ,
L) = — 1
Log Turnover(z; ;) Log( Outstanding, ) (1)
Abnormal Turnover(§; ;) = 7, ; — 7,
t=—11
> @
h = t=-—40 )
where #; = ——

The difference between log turnover during the test period and the estimation
period is the measure of abnormal trading volume near announcements, as in
equation (2).

8 In the robustness check section of this paper, the ordinary turnover is used to provide similar
results.
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B. Empirical Results

Using the variables described in the previous section, I report cross-sectional
average abnormal turnover (§;;) from ¢ = —10 to 10 in Table III. The level of
abnormal turnover before earnings announcements is much lower than before
other announcements. In fact, trading volume before earnings announcements
actually decreases significantly in the period from ¢ = —10 to ¢ = —3 with less
than a 1% p-value. On average, I find a decrease of around 1-3% of daily trading
volume prior to earnings announcements. For a summary measure, I construct

the average abnormal turnover (3/="3) & ,/8) in the period from ¢ = —10 to
t = —3 and observe that the negative turnover is economically and statistically
Table IIL

Daily Abnormal Turnover around Different Events

This table contains the daily abnormal turnover around different types of announcements from
the companies in the NYSE and the AMEX between 1986 and 2000. The abnormal turnover is
reported as the difference between log turnover and average log turnover estimated from ¢ = —40
to ¢t = —11, where turnover is trading volume divided by shares outstanding. The ¢-statistics are
given in parentheses to the right of their corresponding figures. Average(—10,—3) is the average
abnormal turnover from ¢t = —10 to ¢ = —3. “Difference of averages from earnings” is the difference
in Average (—10,—3) values from the earnings Average(—10,—3). The ¢-statistics are estimated with
the assumption that the abnormal turnover for each announcement type has a different variance.

Announcements Earning Acquisition Target Moody’s
No. of Obs. 64,285 22,930 11,255 330
-10 —1.032(—3.048) 2.044(3.578) 9.342(9.941) 2.842(0.670)
-9 —1.852(-5.367) 2.633(4.524) 8.942(9.363) —1.929(-0.443)
-8 —2.616(-7.526) 2.239(3.843) 11.727(11.979)  —0.449(-0.100)
-7 —2.645(-7.573) 2.937(4.963) 14.954(14.885) 2.907(0.696)
—6 —2.283(—6.502) 3.538(5.933) 16.345(16.367) 3.657(0.847)
-5 —1.418(—4.083) 2.359(3.974) 16.243(16.165) —0.529(—0.115)
-4 —1.831(-5.222) 4.073(6.749) 17.955(17.759) 2.050(0.428)
-3 —1.381(-3.910) 4.149(6.839) 21.516(21.092) 9.114(1.730)
-2 0.863(2.435) 5.819(9.535) 26.733(25.304)  13.693(2.630)
-1 12.593(34.627) 12.386(19.852) 38.659(34.851) 6.546(1.138)

0 41.141(108.997) 33.022(49.506) 98.625(75.857) 5.401(0.939)

1 37.636(100.763) 28.896(43.922) 90.169(71.989)  10.685(1.880)

2 22.422(61.530)  19.270(30.746) 62.520(54.358) 8.698(1.542)

3 16.836(46.624)  14.697(23.650)  49.347(44.044) 8.808(1.632)

4 12.584(34.918) 10.589(16.976)  38.723(35.956) 4.895(0.941)

5 11.127(30.726) 9.322(15.035)  35.012(32.120) 2.233(0.480)
6 8.282(22.848) 8.566(13.996) 30.179(28.603) 3.565(0.710)
7 6.535(18.003) 7.226(11.642) 25.887(24.447) —1.765(—0.356)
8 4.761(13.058) 5.437(8.809) 23.424(22.183) —1.005(—0.204)
9 4.777(13.180) 4.476 (7.259) 21.681(20.475) 2.531(0.521)
10 4.432(12.066) 4.921(7.978) 19.733(18.853)  —7.742(—1.555)
Average (—10,-3) —1.882(—8.955) 2.997(10.231)  14.628(9.497) 2.208(1.820)
Difference of averages N/A 4.879(13.534) 16.510(10.620) 4.090(3.323)

from earnings
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significant (more than 15% cumulatively) with a ¢-statistic of —8.96.° Lower
than average turnover on any day around information-revealing announce-
ments is significant, but the continuous streak of low turnover days in this
period is extraordinary.

I compare the results from scheduled earnings announcements with the re-
sults from the three types of unscheduled announcements in the last row of
Table II1.1° This comparison will indicate that timing information is critical
in trading volume dynamics before announcements. The time series pattern
of turnover before unscheduled announcements exhibits clear differences from
the pattern before scheduled (earnings) announcements. Instead of the nega-
tive abnormal trading volume seen before scheduled announcements, I observe
positive abnormal trading volume prior to unscheduled announcements.!! This
is particularly conspicuous because of the sign change and the statistical sig-
nificance of the differences.

As a graphical summary of these results, I provide plots of cumulative ab-

normal turnover in the period from ¢ = —15 to ¢ = 15 in Figure 1. Cumulative
abnormal trading volume is calculated relative to the benchmark average log
turnover, which is measured from ¢ = —45 to t = —16. I intentionally use dif-

ferent estimation and testing periods to assure the robustness of the original
results. Cumulative turnover before earnings announcements decreases for 12
consecutive days, by over 15% (Figure 1a). For all unscheduled announcements,
instead of a decrease in cumulative abnormal turnover, there is a considerable
increase.

To confirm that this measure of abnormal turnover is unbiased, I randomly
select dates and companies and run the exact same procedure as for the an-
nouncements. I select days such that the estimation and the event window
do not include any of the four types of previously tested announcements. As
expected, the average abnormal turnover for these benchmark points is very
near-zero for the period (Figure 1le). The flat, near-zero line in Figure le con-
firms that the measure of abnormal turnover is unbiased.

C. Robustness Check

For the analysis of daily abnormal turnover (in Table III), the estimation win-
dow is from ¢ = —40 to ¢ = —11 days. The first robustness check uses estimation
windows of different lengths. I attach a summary table in Panel A of Table IV
using an estimation window from ¢ = —55 to ¢ = —11. In this table, the main

9 The number of days used in this summary measure (8) does not affect the relative size of
turnover before earnings announcements compared to that before other announcements.

10 Because the four different types of announcements (earnings, acquisition, target, and Moody’s
announcements) do not represent all corporate events, I implement a supplemental analysis with
randomly selected events, which are simply days with high absolute return. Trading volume always
increases before these events, and this pattern holds across various levels of high absolute returns.
Detailed results are available from the author upon request.

1 For an explanation of this positive abnormal trading volume, see Sanders and Zdanowicz
(1992) or Jarrell and Poulsen (1989b).
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Figure 1. Cumulative abnormal log turnover from ¢ = —15 to £ = 15. For each announcement,
the benchmark average log turnover is determined from ¢ = —45 to ¢ = —16 days, where turnover
is daily volume divided by shares outstanding. These plots show cumulative abnormal turnover
from ¢ = —15 to +15, that is, the cumulative excess over the benchmark. Plot (e) selects random
days as ¢ = 0 and illustrates that the measure, cumulative abnormal turnover, is unbiased. For
further explanation see Section II.
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result is even stronger than in Table III; cumulative abnormal turnover de-
creases more than 18% over 8 days. For brevity, I do not report the results from
longer estimation windows. However, all tests with the estimation windows of
up to one full year show similar results.

A second robustness check uses raw turnover instead of log turnover. In Panel
B of Table IV, I use median abnormal turnover and a bootstrapped distribution
for significance tests. Using the median raw turnover between ¢ = —40 and
t = —11 as a benchmark, I again estimate abnormal turnover in the testing
period from ¢ = —10 to ¢ = +10. I report the cross-sectional median of the ab-
normal turnover. For the significance tests, I use a nonparametric bootstrapped
distribution.!? Once again, trading volume decreases significantly only before
earnings announcements.

In an event study, abnormal levels of a variable (e.g., return or volume) are
usually measured in one of two ways: using a fixed mean from an estimation
period or using a market factor model. To investigate the robustness across
both methods of defining abnormal turnover, I use a one-factor market model.
I estimate the coefficient of a value-weighted log turnover index from the esti-
mation period (¢ = —40 to ¢ = —11), and apply this to obtain abnormal turnover
in the testing period. The values, as reported in Panel C of Table IV, are the
differences between the testing period and the estimation period log turnover,
as shown in equation (3). As in the other robustness checks, a statistically sig-
nificant decrease in turnover is observed only before earnings announcements.
The cumulative difference from ¢ = —10 and ¢ = —3 using the market model is
over 30%.

Abnormal Tunrover(é; ;) = 7, ; — &; — BiTm,- 3)

To check stability over time, I provide subperiod results in Panel D of Ta-
ble IV.13 In all subperiods, I observe decreasing turnover only before earn-
ings announcements. In the earliest of the three subperiods (1986 to 1990),
the significance level is 5%. In the other two subperiods, cumulative abnormal
turnover decreases by more than 15% and is much more significant.

Since I use several databases including different sets of companies, there
might be unobservable company-specific characteristics in each database. I
create two matched samples to control for firm-specific characteristics within
each database, one matching earnings and acquisition companies and another
matching earnings and target companies. For example, the earnings and acqui-
sition matched sample includes only companies that exist in both the I/B/E/S
earnings and the SDC acquisition databases. The results from the matched
samples show an even stronger pattern of decreasing trading volume before
earnings announcements (Panel E of Table IV). From the unmatched I/B/E/S

12 The distribution for the cross-sectional median is constructed by generating 1,000 random
samples with the same observation number as in the corresponding announcement data. See Efron
and Tibshirani (1983) for a nonparametric bootstrap procedure.

13 Because of the limited number of Moody’s announcements, I cannot use these data in Panels
DandE.
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earnings database, I show that cumulative abnormal turnover from ¢ = —10 to
t = —3is —15.06%. From the matched sample, the results are slightly stronger
at —15.32% (acquisition matched) and —15.10% (target matched).

This series of robustness checks allows one to safely conclude that trading
volume decreases significantly prior to scheduled earnings announcements and
increases prior to unscheduled announcements.

III. Further Empirical Analysis

In this section, I test hypotheses 2, 3, and 4 to supplement the main results
from hypothesis 1. First, testing hypothesis 2 will provide the cross-sectional
relation between trading volume and information asymmetry. Next, testing
hypothesis 3 will verify the theoretical predictions of George et al. (1994) and
reconfirm the main result of this paper. Finally, testing hypothesis 4 will reveal
price sensitivity to order flow before scheduled and unscheduled announce-
ments.

A. Information Asymmetry and Trading Volume before Announcements

Inow turn to analyzing the cause for decreased trading volume prior to sched-
uled earnings announcements. The intuition from most theoretical models is
that greater information asymmetry results in less trading. I regress abnor-
mal trading volume on information asymmetry proxies and control variables.
Abnormally low trading volume is strongest between ¢t = —10 and ¢ = -3, so
I define the dependent variable as the cumulative abnormal trading volume
over this period. Testing different periods (from ¢ = —10 to ¢t = —2, etc.) as the
dependent variable yields similar results, though the analysis using ¢t = —10 to
t = —3 most clearly illustrates this relation. In a later section, analyses on trad-
ing volume from ¢ = —2 to ¢t = +2 and from ¢ = +3 to ¢ = +10 will complement
the analysis in this section.

To account for clustered data and obtain a more conservative econometric re-
sult, I implement Fama and MacBeth (1973) type regressions. Since earnings
announcements are quarterly, each cross-sectional Fama/MacBeth type regres-
sion is done by quarter. However, there is a large variation in the number of
observations in each quarter, so the usual procedure of using simple time se-
ries averages of the coefficients will provide inefficient estimations. Therefore,
I use weighted averages of the coefficients in quarterly cross-sectional regres-
sions (Table V). The weight used is the number of observations in each quarter.
The regression specification for each quarterly cross-sectional regression is

§i,q = g + PgInfoAsym; , + y,RiskO; ; + 8, PrcChg; , +&; 4. (4)
The notation £;, is the average daily abnormal log turnover between ¢ = —10
and ¢ = —3 at quarter g for company i; InfoAsym,; , is each proxy for information

asymmetry at quarter g for company i; RiskO; 4 is a control variable for risk on
the announcement day; and PrcChg;, is another control variable defined as
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the difference between average absolute return and average absolute value-
weighted market index return from ¢ = —10 and ¢ = —3.

Because there is no direct measure for information asymmetry, I use several
proxies (firm size, analyst coverage, average bid—ask spread, and industry dum-
mies) for robustness. In this study, size is defined as the logarithm of the market
capitalization; analyst coverage as the number of analysts for each company
in the I/B/E/S database; average bid—ask spread as the average of percentage
bid-ask spreads between ¢t = —70 and ¢ = —41; and industry dummies as the 13
different categories used in Lewellen (1999). Each proxy is widely used in ac-
counting and finance literature and has been shown to have intuitive economic
relations with information asymmetry.

The use of firm size as a proxy can be justified by referring to Atiase (1985),
Freeman (1987), Bamber (1987), Llorente et al. (2002), etc. For example, Atiase
(1985) argues and empirically verifies that the amount of private pre-disclosure
information dissemination is an increasing function of firm size; hence larger
firms will have less information asymmetry before announcements. Hypothesis
2 implies that the larger the ex ante information asymmetry, the less trading
activity will occur before scheduled announcements, so we should observe a pos-
itive statistical relation between firm size and trading volume before scheduled
announcements.

Hong, Lim, and Stein (2000) show that holding all else equal, the more ana-
lysts covering a company, the more firm-specific information will be produced
and the faster that information will be transmitted. Given that more analysts
imply less information asymmetry, hypothesis 2 predicts that we should observe
a positive relation between the number of analysts and the trading volume be-
fore scheduled announcements.

Copeland and Galai (1983), Glosten and Milgrom (1985), Venkatesh and
Chiang (1986), etc., show that market makers should widen their bid-ask
spreads when they suspect a high level of information asymmetry. Since high
bid—ask spreads are associated with high information asymmetry, hypothesis 2
implies that there should be a negative relation between bid—ask spread mag-
nitudes and volume before scheduled announcements.

Because of the nature of each company’s business, earnings announcements
from companies in different industries release different amounts of new infor-
mation. For example, earnings announcements from clothing companies release
much more pricing information than do announcements from petroleum com-
panies. The performance of oil companies depends heavily on the market price
of oil, which is readily available public information. The performance of cloth-
ing companies is driven largely by retail sales, which are certainly not publicly
available and are extremely difficult to predict.!* We may therefore predict that
trading volume before scheduled announcements should be relatively higher for

14 This is one reason why the average price impact of oil company earnings announcements is
much smaller than clothing company earnings announcements. In fact, the average absolute return
on earnings announcement days in the oil industry is 1.32%, the lowest level among all 13 industry

groups.
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the oil industry than the clothing industry; that is, we should see a positive co-
efficient for the dummy variables of specific industries, such as oil, mineral,
etc.

Since trading volume is obviously driven by factors other than the level of
asymmetric information, we must control for the most relevant factor. Contem-
poraneous price change is intuitively the most important, since high absolute
price changes are often associated with high volume. This intuition is con-
firmed in theoretical studies (e.g., Wang (1994)) that show that trading volume
is highly correlated with contemporaneous price volatility. As a result, I include
the absolute price change in the period between ¢ = —~10 and ¢ = —3.

Additionally, various empirical results show that volatility increases around
earnings announcements (e.g., Donders and Vorst (1996)), implying that chang-
ing risk levels might also help determine trading volume. In a world with no
information asymmetry, changing the risk of a security would induce trading
demand as long as agents have differential risk aversion. For example, if a util-
ity company acquires a high-risk biotech company, highly risk-averse agents
should supply shares to the market and less risk-averse agents should demand
shares. This volume would be induced at least partially because of changing
risk, even if prices remain unchanged.

Since there is no universally accepted risk measure, I choose the two mea-
sures most relevant for this regression. The first is a total volatility measure:
the price change on an announcement day (¢ = 0). In principle, this is an ideal
measure of risk caused by the announcement, but it has a clear endogeneity
problem. Specifically, high turnover prior to an announcement could lead to a
small price effect on the day of the announcement. To account for this endo-
geneity problem, I use the price change from the announcement prior to the
current announcement. This measure is a particularly good proxy for the price
change around the current earnings announcement because of the low varia-
tion between the performance in adjacent quarters.!® The second is a systematic
risk measure: the change in market beta between pre- and post-announcement
periods. I define the change in beta as the percentage change from the pre-
announcement period (i.e., £ = —70 to ¢ = —1) to the post-announcement pe-
riod (.e., ¢t =+1 to t = +70). Since nonsynchronous trading in daily data
may affect estimates of beta, I use the estimation method used in Dimson
(1979).

Table V reports the results from the analysis with the first risk measure,
absolute price change from the previous announcement. The results using the
other control variable are very similar and available upon request.

Table V reports the results from the Fama and MacBeth (1973) type regres-
sions of abnormal trading volume before announcements on proxies of ex ante
information asymmetry. The reported coefficients are time series averages from
cross-sectional regressions using quarterly data. The time series averages are
weighted by the number of observations in each cross-sectional regression, and

15 The correlation between the absolute price change of this quarter’s earnings announcement
and the previous quarter’s is 23.9%.
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t-statistics are calculated with the standard errors of these time-series weighted
averages.

As expected, we only notice the hypothesized relation between information
asymmetry and trading volume before earnings announcements (Table V). The
coefficients of size are statistically significant across different specifications.
With two control variables, the coefficient for size is 1.89 with a ¢-statistic of
6.37. Conversely, size does not seem positively related to trading volume be-
fore either of the unscheduled announcements. If we accept the argument that
information asymmetry is greater for smaller companies, then these results im-
ply that information asymmetry affects trading behavior only before scheduled
announcements.

Since analysts post their forecasts in various public and private media outlets,
individual investors can obtain this information more easily if there are more
analysts. If investors cannot easily find information, they are more likely to be
uninformed. As uninformed investors, they should consider potential adverse
selection costs and trade less when high information asymmetry is predictable.
As shown in Table V, trading volume before earnings announcements is posi-
tively related with the number of analysts covering the company (0.41 with a
t-statistic of 4.98). However, there is almost no relation between the number
of analysts and trading volume before acquisition or target announcements.
This suggests that uninformed investors know about their disadvantage before
scheduled announcements, but not before unscheduled announcements.

Market makers are also considered to be uninformed with respect to inside
corporate information (e.g., Kyle (1985), Venkatesh and Chiang (1986), etc.).
Since the bid-ask spread is the primary method by which market makers pro-
tect themselves against adverse selection, it is commonly used as a proxy for
information asymmetry (e.g., Llorente et al. (2002)). Table V shows the results
from the regression using average bid-ask spread as an information asymme-
try proxy. The coefficient has a statistically significant value (—303.05 with a
t-statistic of —11.99) in the earnings announcement sample. However, unlike
the results from the last two proxies, the coefficient of average bid—ask spread
is statistically significant even in the acquisition and target samples (—366.59
with a ¢-statistic of —7.85 and —416.01 with a ¢-statistic of —7.40, respectively).
One interpretation of this result follows from Stoll (1989). Stoll argues that the
bid-ask spread has three components: order-processing costs, inventory hold-
ing costs, and adverse selection costs. The relation between abnormal trading
volume and any of these three components may drive the negative relation. For
example, high trading before acquisition and target announcements can be neg-
atively related to inventory holding costs in the bid—ask spread cross sectionally.
In this case, even if trading volume is not related to information asymmetry,
we would still observe a negative relation (Panels B and C of Table V).

I show the effect of information asymmetry on trading volume using indus-
try dummy variables in Table V. Prior to earnings announcements from firms
in raw material industries (such as petroleum, logging, or mining), all traders
have access to publicly available raw materials prices. Uninformed investors
do not worry as much about their information disadvantage because most
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Table VI
Wald Test: Comparison of Coefficients before Different
Announcements

This table implements the Wald test to compare the coefficients of information asymmetry proxies
for scheduled earnings announcements to those for unscheduled announcements. The 95% signifi-
cance level for Chi-square with degree of freedom = 1 is 3.84.

Number Average Agriculture Logging
of Spread Fishing Paper
Log Cap Analysts [-70, —41] Mining Printing Petroleum

Panel A: Comparison between Earnings and Acquisition

13.04 17.44 1.43 0.40 1.98 1.03

Panel B: Comparison between Earnings and Target

8.43 11.36 3.36 6.99 0.00 3.73

relevant pricing information is public. Corporate announcements have a rela-
tively low price impact in these industries, so they can continue to trade before
scheduled earnings announcements. Again, statistically significant positive co-
efficients for our raw materials groupings (e.g., 4.96 with a ¢-statistic of 2.75 for
the oil industry dummy) are observed only for scheduled earnings announce-
ments.

To test the statistical differences between regression coefficients for sched-
uled earnings announcements and unscheduled announcements, I implement
the Wald test. Table VI reports the results. Most of the information asymme-
try proxies in the unscheduled announcements sample are statistically dif-
ferent from the proxies in the scheduled earnings announcements sample.
For example, the Wald statistic for the size coefficients from earnings and
acquisition announcements is 13.04 with a p-value of 0.0006. This provides
evidence that information asymmetry influences trading volume before un-
scheduled announcements in a very different way than before scheduled an-
nouncements. Without timing information, uninformed investors do not seem
able to realize high information asymmetry, and thus do not optimize their
trading.

B. Information Asymmetry and Trading Volume on/after Announcements'®

In the previous section, I tested the relation between trading volume before
scheduled earnings announcements and ex ante information asymmetry. In this
section, I analyze trading volume on and after earnings announcements (as in
hypothesis 3).

Explanations about trading volume patterns on and after public announce-
ments may be found in Kim and Verrecchia (1991) and Atiase and Bamber

16T am indebted to anonymous referees for revisions to this section.
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(1994). Kim and Verrecchia build a model of trading volume in which public
announcements are positively related to the price change and the degree of
pre-disclosure information asymmetry. Following this theoretical prediction,
Atiase and Bamber provide empirical evidence that trading volume increases
on annual earnings announcements dates. According to these two papers, pre-
disclosure information asymmetry causes differential pre-disclosure expecta-
tions. Upon public announcements, the revision of these expectations generates
abnormally high trading volume.

On the other hand, George et al. (1994) argue that the increase in trading
volume on announcements can be explained by lower adverse selection costs
after announcements. Though George et al. do not directly state that trading
volume should decrease before announcements (when adverse selection costs
are still high), such a pattern follows as a reasonable extension of their argu-
ment. Though I verified this extension in previous sections, a more direct test of
their prediction would determine whether the relation between trading volume
and information asymmetry reverses from before to on/after announcements.
Any negative abnormal trades that are delayed before scheduled announce-
ments should be submitted after the announcement. Evidence from this test
will reconfirm the results in previous sections.

These two explanations for high trading volume on/after public announce-
ments are different in their specific reasoning, but both originate from pre-
disclosure information asymmetry. Both predict that trading volume on/after
announcements should be positively correlated with the level of pre-disclosure
information asymmetry. Based on this prediction and on hypothesis 3, I report
the relation between trading volume on/after earnings announcements and the
level of pre-disclosure information asymmetry in Table VII.

The regressions in this section have the same specifications as in the last sec-
tion, except that the dependent variable is now abnormal turnover on and after
(instead of before) announcements (see Table VII). The dependent variable in
Panel A is abnormal turnover on an earnings announcement (from ¢ = —2 to
t = +2), and the dependent variable in Panel B is abnormal turnover after an
earnings announcement (from ¢ = +3 to ¢ = +10). As in hypothesis 3, the coef-
ficients for information asymmetry proxies change sign (or at least are much
smaller in magnitude) when comparing regressions of ex post volume to ex ante
volume. For example, the coefficient for firm size (log cap) changes from 0.68
in Panel A of Table V to —1.66 in Panel A of Table VII. This change in sign
means that the negative relation between trading volume before earnings an-
nouncements and ex ante information asymmetry has reversed into a positive
relation between trading volume on/after earnings announcements and ex ante
information asymmetry.

In Table VIII, I also implement the Wald test to see how statistically different
the coefficients are. Most coefficients for information asymmetry proxies are
significantly different. The Wald statistics are much larger than 3.84, which is
the critical value of 95% in the Chi-square distribution. Generally, these results
confirm the predictions of Kim and Verrecchia (1991), George et al. (1994), and
hypothesis 3. In summary, the level of ex ante information asymmetry appears
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Table VIII
Wald Test: Comparison of Coefficients

This table implements the Wald test to compare the coefficients of information asymmetry proxies
for earnings announcements with different dependent variables. Panel A compares the multivari-
ate Fama/MacBeth type coefficients of information asymmetry proxies for log turnover prior to
earnings announcements (¢t = [-10, —3]) and those on earnings announcements (¢ = [~2, +2]). In
Panel B, it compares the multivariate Fama/MacBeth type coefficients of information asymmetry
proxies for log turnover prior to earnings announcements (¢ = [-10, —3]) and those after earnings
announcements (¢ = [+3, +10]). The 95% significance level for Chi-square with degree of freedom =
1is 3.84.

Average Agriculture Logging
Number of Spread Fishing Paper
Log Cap Analysts [-70,—41] Mining Printing Petroleum

Panel A: Comparison with “On Earnings Announcements [—2, +2]”

12.70 5.77 4.68 10.42 0.10 8.95

Panel B: Comparison with “After Earnings Announcements [+3, +10]”

7.90 11.06 20.66 2.68 0.01 8.91

to drive the levels of abnormal turnover before and after scheduled earnings
announcements in different directions.

C. Price Sensitivity of Market Makers

According to Kyle (1985), market makers should increase price sensitivity
to order flow to protect themselves when they expect more informed trading.
Therefore, by comparing price sensitivity near announcements to “average”
periods, I should be able to make inferences about the level of information
asymmetry that market makers perceive. As discussed in the previous sec-
tions, uninformed traders behave differently depending on the availability of
timing information. Though they do not have inside information, market mak-
ers do have more information (order flow, order books, etc.) than uninformed
investors. An analysis of their behavior should indicate how their informa-
tion set affects their behavior around announcements with and without timing
information.

I use the Trade and Quote (TAQ) database for these tests. First, 1,100 obser-
vations are randomly selected from each of the initial earnings, acquisition, and
target data sets. After matching these with the TAQ database, there remain
1,068, 1,025, and 961 observations, respectively. Table IX reports price sensitiv-
ity to order flow across announcement types. The price sensitivity is measured
by regressing return on signed order flow.1” Since the number of trades is likely
related to ex ante information asymmetry and informed/uninformed investors’

17 The Lee and Ready (1991) tick test is used to determine the sign of each trade order.
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Table IX
Abnormal Price Sensitivity before Announcements

Price sensitivity (1) is estimated for the corresponding period, ¢ = —40 to —11 or ¢ = —10 to -3,
in random samples from the initial data sets of earnings, acquisition, and target announcements.
The numbers of observations in the initial data sets are 65,912 earnings announcements, 25,087
acquisition announcements, and 12,485 target announcements. From 1,100 randomly selected ob-
servations in each announcement data set, after matching with the Trade and Quote (TAQ) data
set and applying a number of observation filters, the final data sets have 1,068 earnings, 1,025
acquisition, and 961 target observations. To estimate price sensitivity, I regress return (in basis
points) on signed order flow (in hundreds, signed by the technique in Lee and Ready (1991)).

Average Number of
Trading per day in (—10, —3) (0, 10] (10, 100] (100, o0) Total

Panel A: Earnings Announcements

A(=10,-3) — A(-40,-11) 1.018 0.228 0.017 0.255
t-statistics (4.47) (6.27) (1.19) (6.96)
No. of obs. 140 538 390 1,068

Panel B: Acquisition Announcements

A(C10,-3) — M—40,-11) 0.879 0.173 0.052 0.211
t-statistics (3.26) (4.25) (1.59) (5.12)
No. of obs. 126 486 413 1,025

Panel C: Target Announcements

A(=10,-3) — M(—40,-11) 1.915 0.199 0.036 0.425
t-statistics (5.04) (5.06) (3.46) (6.22)
No. of obs. 156 491 314 961

trading in the market, I sort the companies in the data set by the total number
of trades in the testing period. After obtaining price sensitivities from the es-
timation and testing periods, I construct a measure of the difference between
these periods.

I find that market makers raise price sensitivity before all three types of an-
nouncements (see Table IX). Without any restriction on the number of trades
in the testing period, the differences in price sensitivities between the testing
and estimation period are 0.255, 0.211, and 0.425 from earnings announce-
ments, acquisition announcements, and target announcements, respectively.
All of these differences are statistically significant. Therefore, market makers
increase price sensitivity before all announcements, whether scheduled or not.

This result warrants further investigation. First of all, market makers in-
crease price sensitivity before scheduled announcements as expected. This can
be explained with the same argument as before, namely, that market mak-
ers know informed traders are in the market and increase price sensitivity to
protect themselves.

More interestingly, market makers also increase price sensitivity before un-
scheduled announcements. I propose the following explanation. Market makers
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have a special type of “non-inside but private” information in their order books.
The order book may somehow reflect timing information or informed limit or-
ders. If market makers can extract timing information or detect information-
based limit order trading, they can optimize their behavior (increase price sen-
sitivity) regardless of the existence of public timing information. This increased
price sensitivity would not be observed by uninformed investors since order-by-
order information is not instantly available.

Based on the results in this section, market makers generally behave in
an appropriate way to protect themselves. They find and react to abnormal
movements in order flow near announcements even without public timing in-
formation. Therefore, I conclude that decreased trading volume before earnings
announcements is consistent with market makers’ price-setting behavior.

D. Annual, Quarterly, and Combined Earnings Announcements'8

Recent empirical studies show that investors and analysts may have differ-
ent levels of consensus in their posterior beliefs after different types of earnings
announcements (annual, quarterly, and combined announcements). For exam-
ple, if investors and/or analysts have heterogeneous prior beliefs about annual
earnings forecasts, some of this heterogeneity should remain even after quar-
terly announcements. Only after the annual earnings announcements will the
heterogeneity be resolved. If annual earning forecasts are relevant to pricing,
then there should be differences in patterns of abnormal trading volume across
these three types of announcements.

Panel A in Table X reports the daily abnormal turnover around all three
types of earnings announcements. The rows labeled (—10, —3) and (3, 10) show
the summary measures of average daily abnormal trading volume. Abnormal
volume before quarterly announcements is negative, while abnormal volume
before annual and combined earnings announcements is positive. This confirms
that there are different volume patterns before quarterly announcements than
there are before other announcements, but conclusions drawn from Panel A
would be misleading without further analysis.

In Panel B, I estimate average abnormal turnover for subsamples of each
type of announcement, splitting first quarter announcement from “rest-of-year”
announcements. For all three types, abnormal trading volume is positive before
first quarter announcements and negative before rest-of-year announcements.
This pattern may be explained by again resorting to the information asymmetry
hypothesis. Since most annual earnings announcements are issued in the first
quarter of each year, we observe more analyst reports and media coverage of
corporate news during the first quarter. Since investors have more information
in the first quarter (or at least believe that more reporting is equivalent to
better information), they do not adjust their trading patterns. During the
rest of the year, the availability of information decreases and uninformed in-
vestors truly believe they are uninformed. Hence, they decrease trading before

18T thank the anonymous referees for their suggestion to do the analysis in this section.
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Table X

Abnormal Trading Volume around Annual, Quarterly, and Combined

Earnings Announcements

This table reports the daily abnormal turnover around annual, quarterly, and combined earnings
announcements. The abnormal turnover (from companies in the NYSE and the AMEX between 1986
and 2000) is reported as the difference between log turnover and average log turnover (estimated
from the benchmark period ¢ = —40 to ¢ = —11). The ¢-statistics are given in parentheses beneath
their corresponding figures. The rows (—10, —3) and (3, 10) report the average of daily abnormal
trading volume from ¢ = —10 to ¢ = —3 and from ¢ = 3 to ¢ = 10, respectively. Panel A reports full-
year estimates of abnormal turnover around earnings announcements. Panel B splits the full-year
sample into first quarter and rest-of-year subsamples.

Announcements Annual Only Quarterly Only Combined
Panel A: Full-Year Results
From Months 1-12 1-12 1-12
No. of obs. 9,050 53,906 8,286
(=10, -3) 0.266 —2.367 2.199
(0.456) (-10.719) (4.004)
-2 4.076 0.065 6.122
(4.044) (0.167) (6.441)
-1 17.305 11.675 19.318
(16.429) (29.372) (19.411)
0 34.167 39.875 49.383
(32.175) (96.651) (48.230)
1 29.764 36.507 44.188
(28.123) (89.293) (43.685)
2 21.237 21.324 29.393
(20.410) (53.535) (29.770)
(3, 10) 8.893 7.768 14.896
(13.401) (30.608) (23.869)
Panel B: First Quarter vs. Other Quarter Results
From Months 1-3 4-12 1-3 4-12 1-3 4-12
No. of Obs. 6,959 2,091 5,256 48,650 5,326 2,960
(=10, -3) 0.819 -1.573 1.642 —2.801 4.378 —1.723
(1.315) (-1.092) (2.235) (-12.102) (6.532) (—1.815)
-2 4.004 4.316 7.877 —0.779 8.230 2.330
(3.698) (1.755) (6.118) (-1.911) (7.284) (1.359)
-1 17.585 16.371 16.064 11.201 19.717 18.602
(15.451) (6.453) (12.208) (26.873) (16.483) (10.515)
0 34.765 32.179 52.807 38.478 48.080 51.727
(30.483) (12.415) (38.865) (88.975) (39.464) (28.021)
1 30.536 27.195 51.196 34.921 43.905 44.697
(27.044) (10.384) (38.064) (81.501) (36.327) (24.645)
2 22.571 16.797 30.922 20.287 28.687 30.662
(20.334) (6.526) (23.964) (48.476) (24.194) (17.450)
(3, 10) 9.656 6.354 16.757 6.797 16.178 12.590
(13.479) (3.970) (19.659) (25.616) (21.460) (11.447)
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scheduled announcements during the rest of the year. By observing the number
of observations of each type of announcement in the first quarter relative to
the rest-of-year, we see that quarterly announcements are concentrated in the
rest-of-year, while annual and combined announcements are concentrated in
the first quarter. This explains the differences noted earlier between quarterly
and annual/combined announcements.

IV. Other Implications

Based on the tests in this paper, I show that timing information alerts un-
informed investors to evaluate adverse selection costs and optimize the timing
of their trades. Without timing information, uninformed investors cannot re-
act to potential adverse selection costs. Another interpretation of these results
is that uninformed investors might be overconfident. As shown in takeover
(and especially in target) announcements, uninformed investors maintain par-
ticipation in the market day after day, even though abnormally high trading
volume is publicly observable on a daily basis. Although they know that in-
formed investors exist and that trading volume is high, uninformed investors
do not consider possible adverse selection unless there is an explicit scheduled
announcement. This phenomenon may be an example of the behavioral finance
argument that investors are overconfident.

Another point to reflect upon is the behavior of market makers. Market mak-
ers are also uninformed about the timing of announcements. However, they
react consistently whether or not there is timing information. I reason that
private observation of their order books and of order flow can help them de-
tect impending information issuances, and thereafter protect themselves by
increasing the price sensitivity. Therefore, it would also be interesting to see
if the same trading volume patterns exist when the order book and order flow
are public information, such as on the Paris Bourse.!® The results in this paper
contribute to understanding potential effects of information disclosure in the
stock market and optimal transparency of dealer-specific information.

V. Conclusion

Using I/B/E/S earnings announcement data, I find that cumulative trading
volume decreases by more than 15% before scheduled earnings announcements.
Before all investigated unscheduled announcements (SDC takeover, SDC tar-
get, and Moody’s bond rating change), cumulative trading volume increases. I
also show that cross sectionally, trading volume is negatively correlated with
levels of information asymmetry before scheduled announcements and posi-
tively correlated with information asymmetry after scheduled announcements.
Again, this pattern holds only for scheduled announcements.

All the results for scheduled announcements are consistent with theories of
asymmetric information, in which DLTs decrease trading volume when they

T appreciate Carl Hopman’s help in providing information about the Paris Bourse.
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perceive high adverse selection costs. However, I find that market makers act
appropriately by increasing price sensitivity before all announcements, includ-
ing unscheduled announcements. This may imply that market makers extract
timing information from their order books. On the other hand, liquidity traders
do not seem to correctly read information embedded in prices and volume before
unscheduled announcements. This suggests that uninformed liquidity traders
cannot behave according to theories of information asymmetry unless they have
timing information.

These results leave two open questions. First, what is the relationship be-
tween timing information and return/volatility? Second, what makes market
makers increase price sensitivity before all types of announcements? Studies
of these questions will yield further advances in our understanding of trading
under information asymmetry.
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