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Earnings Expectations and Investor Clienteles

Abstract: Prior research suggests that theearnings expectations of some investors are systematically biased
toward seasonal randomwalk (SRW) predictions. Weprovide clear and direct evidence that the net buying
activity of small (large) traders around earnings announcements is significantly positively associated with
SRW (analyst) forecast errors. Further, the interpretations of earnings news by the smallest and largest
investorsappear to be completely unrelated. Finally, small trades at the time of earnings announcementsrun
counter to stock-price movements suggesting that small traders may impede stock prices from reflecting

earnings-related information and may, therefore, play arole in post-earnings-announcement drift.



L Introduction

This paper investigates whether different types of investors (i.e., those making large versus small
trades) base their buy and sell decisionson different information sets and whether some investor typeshdd
beliefs that arebiased in a systematically predictable way. Prior researchers speaulate that post-earnings-
announcement drift, thetendency for cumulative abnormal returnsfoll owing earningsannouncementsto drift
in the direction of the earnings surprise, may be caused by investors who hold naive earnings expectations.
Specifical ly, someresearchersbelievethat earnings expectationsreflectedin stock prices systematically fail
toreflect thetruetime-seriespropertiesof earnings, but rather mirror seasonal random walk (SRW) forecasts.
Thispaper presentsclear and direct evidenceonwhether certain typesof investorshd d earnings expectations
that are systematically biased in an ex ante predictable way.

Over the last several decades researchers have documented what appearsto be a slow response to
theinformationin earningsannouncements. (See,e.g., Ball and Brown 1968, Rendleman, Jones,and L atané
1982, Foster, Olsen, and Shevlin 1984, and Bernard and Thomas 1989.) The manifestation of this apparent
underreaction is significant post-announcement abnormal returnsin the direction of the earnings surprise.
In other words, when actual earnings exceed (fall short of) aproxy for the market’ s expectation of earnings,
researchers observe positive (negative) abnorma returns for many weeks following the earnings
announcement. After numerousattemptsin theliteratureto resolve the drift anomaly by examining possible
methodol ogi cal shortcomingsand variousformsof risk correction, post-earnings-announcementdriftremains
the “granddaddy of all underreaction events” (Fama1998, p.286).

After attemptingto exhaust efficient-market explanationsfor the drift (Bernardand Thomas 1989),
Bernard and Thomas (1990) propose aspecific inefficient-market explanation. They hypothesize that stock
pricesdo not reflect the true time-seriesproperties of earnings, but rather they reflect nai ve expectationsthat
resemble SRW forecasts. Under the SRW model, theearnings pred ction for thisquarter issimply earnings

for the same fiscal quarter of the prior year. One mativation for their hypothesis is that the news media



almost always compare announced earningsto earningsfor the same quarter of the precedingyear (the SRW
forecast) and in many cases seemto assign special significance to this comparison.

The SRW model seems obviously naive because its errors exhibit a grong autocorrel ation pattem
(Foster 1977). Bernard and Thomas hypothesize that if investors anchor on the SRW prediction, then stock
returns around earnings announcements will exhibit an autocorrelation pattern that mirrors that of the
model’s errors: positive and declining first, second, and third order and negative fourth order
autocorrelation. They present evidence that seems to strongly support their hypothesis.

Some papers have tried to address the issue of naive versus sophisticated earnings expectations
without directly examining the drift. Walther (1997) stratifies firms by variables she hypothesizes are
correlated with the probability that themarginal investor is sophisticated. Her “results are consistent with
market participants placing more weight on the analyst forecast relative to the SRW forecast asinstitutional
ownership and analysts following increase” (p.178).

Bhattacharya (2001) takes the examination of thisissue from the daily to the transaction level. He
cites prior research suggesting that trade size increases in investor wealth (e.g, Cready 1988) and
informedness (e.g., Easley and O’ Hara 1987) to form hypotheses regarding the trading activity of those
initiating small and large trades. He documents a positive correlation between the number of small trades
that take place around earnings announcements and the absol ute value of SRW errors, even after controlling
for analysts’ forecast errors. However, he dso finds the puzzling result that the number of large tradesin
thiswindow isnegatively correlated with the absol utevalue of andyst forecast errors. WhileBhattacharya
interprets his evidence as suggesting that small traders’ earnings expectations resemble SRW forecasts, he
does not show that smell traderstendto buy (sell) when the errors are positive (negative), only that they are
more active when the absolute magnitude of the error islarge. Indeed, Hirshleifer et. al. (2002) present
evidence suggesting that individual investors may exhibit more abnormal net buying after bad news

announcements than after good news announcements. We construct adifferent experiment and use recent



toolsfrom the market microstructure literature to better understand the rel ationship between forecast errors
and investor behavior.

Specifica ly, we extend prior research by showing tha small traders net buying activity is
significantly positively associated with signedSRW forecast errors. Whenthe SRWforecast error ispositive
(negative), we observe an abnormallylarge (small) number of buy ordersrel ativeto sell ordersfor thosewho
initiatesmall trades. Further we show that large trader’ s buyingactivity ispositively associatedwith signed
analysts' forecast errors. That is, the behavior that we document for small traders, with respect to the errors
of anaive time-series model, wedocument for large tradersfor analysts’ forecasts. Our results clearly show
that investors categorized by trade size basetheir buying and selling actions ondifferent sets of information.
In fact, the correlation between net buying activity around earnings announcements of the smallest and
largest trade-size categories is not significantly different than zero. These results clearly show that, on
average, investors who initiate small trades hold earnings expectations that resemble an inefficient and
inferior model of earnings while those who initiate large trades do not. Finally, we show tha small
transactions move against the direction of stock-price movements around eamings announcements. This
suggeststhat the trading of unsophisticated investors may bean impedi ment to price movementsat the time
of earnings announcements and may be related to post-earnings-announcement drift.

The rest of this paper is organized as follows. In the next section we motivate and state specific
testablehypotheses. Inthefollowing sectionwelay out the data, sample, and research methods. Inthenext-

to-last section presents the empirical resuts and the final section concludes.

II. Hypotheses
Asstated intheintroduction, prior literature suggeststhat different types of investorsmay basetheir
buy and sell decisionson different information ses. Smaller investorswho are less wealthy and less well

informed may rely on less sophidicated signds than larger investors. We investigate this issue for a



particular case. Specifically, we examine investors' net buying activity around earnings surprise signals
generated by two models. One model is the seasond random wak (SRW) whose prediction is simply last
year’s earnings for the same fiscal quarter. The SRW mode is clearly inefficient in that its consecutive
errors are significantly correlated. Further itis significantly less accurate than the other model—analysts
forecasts. Itisnot surprising tha analysts' forecastsare more accuraethan timeseries models since anal ysts
have at their disposal all such time-series modelsas well as other information. Further analysts can update
their forecasts any time prior to the earnings announcement. The information inthe SRW forecast is one
year old.

Since investors initiating small trades arebelieved to be less wealthy and less well informed than
thoseinitiating larger trades, foll owing other researcherswe hypothes zethat their earnings expectationswill
more closely resemble SRW predictions than analysts' forecasts. We choose to test this by examining the
net buying activity of these investors in response to the two earnings signals. Net buyingactivity is defined
formally in the next section, but generally it is a measure of the buy-sell imbalance around an earnings
announcement for a particula order-size category (e.g., less than 500 shares). If small traders earnings
expectations resemble SRW forecasts, then it should be SRW forecast errors rather than analyst forecast
errors that trigger trading among this group. Specifically, positive (negative) SRW forecast errors should

stimulate these investors to initiate buy (sell) orders. Thefirst hypothesis thereforeis:

H.,»:  The net buying activity of smell traders at the time of an earnings announcement is more

highly associated with the SRW forecast error than with the analyst forecast error.

Similarly, investors who placelarge ordersare believed to be wealthier and better infomed. We
therefore hypothesize that their expectations should more closely resemble the predictions of the most

accuratemodel available, analysts forecads, rather than those of anaivetimeseriesmodel such asthe SRW.



By the samelog c as above, positive (negative) andyst forecast errors shouldtrigger buy (sell) orderson the

part of largetraders. The second hypothesisis.

H,,:  The net buying activity of large traders at the time of an ear nings announcement is more

highly associated with theanalyst forecast error than with the SRW forecast error.

We summarize the predictions of the first two hypothesesin the figure below:

Figure 1. Empirical predictions of the first two hypotheses

Positive Analyst Forecast Error ~ Negative Analyst Forecast Error

Positive Seasonal Random Large Traders Buy Large Traders Sell
Walk Forecast Error Small Traders Buy Small Traders Buy

Negative Seasonal Random Large Traders Buy Large Traders Sell
Walk Forecast Error Small TradersSell Small TradersSell

If wefind that small traders use anaive signal, the next logical questioniswhether their trades run
opposite to stock-price movements. Bernard and Thomes (1990) suggest that it may be investors whose
earnings expectations resemble SRW forecastswho give rise to post-earnings-announcement drift. If this
istrue, the trades of these investors must move counter to stock price movements at the time of earnings
announcements. That is, the trades of these investors must impede stack prices frommovingto where they
would be absent these investors. We therefore examine whether the trades of these investors move with or

counter to prevailing stock price movements. The third hypothesisis:

H.,:  Transactions of small traders run counter to price movements that occur at the time of

earni ngs announcements.



III. Description of the Variables and Sample

Our sample begins with al earnings announcements in Nasdaq stocks between April 1, 1993 and
December 31, 1996 available in Compustat. We compute analysts' forecast error (AFE) as the difference
between actual earnings and the mean of analysts' earnings forecasts immediately prior to the earnings
announcement, deflated by share price. Thus, if the earnings announcement date, the actual reported
earnings figure, the associated stock price, or at |east one analyst forecast (not more than 90 daysold) is not
availablefrom IBES, we eliminate the earnings announcement from our sample. We calculate the seasonal
random walk forecast error (SRWFE) as the difference between actual earnings and the actual earnings of
the samefiscal quarter of the prior year, deflated by share price. So, if the earnings announcement date, the
actual reported ear nings figure, the actua reported earni ngs of the same fiscal quarter in the prior year, or
the associated stock price is not available from Compustat, we eliminate the earnings announcement from
our sample. Since we usethe Compustat earnings announcement date as the event date in our anaysi s, we
eliminateearnings announcements fromour sampleif the IBESand Compustat announcement datesare not
within two days of each other.*

To investigate the relationship between trading by different investor clienteles and returns around
earnings announcements, werequiredaily return datafrom CRSP. Weinvestigatetwo return variables. The
first, ANCAR, isthethree-day cumulated stock return minusthe equally-weighted returnfor the same period
for the Nasdag market-capitalization decile assigned by CRSP. The second, POSTCUM, isthe security’s
compound return beginning the second day following the earnings announcement through the day of the

subsequent earnings announcement minus the compound return o the equally-weighted return f or the same

!Both the Compustat and I BES data setsadjust for sock splits over time. To be absolutely sure that earnings,
forecasts, and stock prices are properly aligned in time, we take each item from the same data set. That is,when forming
SRW (analyst) forecast error, we take actud earnings, forecasted earnings, and the stock price from Compustat (IBES).
To be sure that the SRW and analyst forecast errors are aligned with each other (and with the transactions and returns
data), we require that the earnings announcement dates from the two sources to be within two days of each other.
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period of the firm’'s Nasdag market-capitalization decile assigned by CRSP. Earnings amnouncementsfor
which the dataneeded to compute ANCAR or POSTCUM are not available are eliminated fromour sample.

We examine earnings announcements for Nasdag-listed stocksrat her than NY SE-li sted stocks prior
t0 1997 for two reasons. First, the NY SE usesasingle price call auction that transforms multiple tradesinto
a single reported transaction to open and close trading. Nasdag market participants, on the other hand,
simply begin executing and reporting trades when the market opens and stop when it closes. Since
researchers cannot decomposethe results of the NY SE call auction into its component trades, the opening
and closing auctions on the NY SE cannot be used. Madhavan and Panchapagesan (2000) document the
importance of the opening auction using the NY SE's TORQ database, which contains detailed order data
(including abuy/sell indicator) for 144 NY SE-listed securitiesfor thethree months November 1990 through
January 1991. They find anaverage of 5.4% (25.8%) of the average daily ddlar trading volumeis executed
at the open for their sampl e stocksinthelowest (highest) market capitalization decile. Given the correlation
between the size of the opening call auction and a stock’s market capitalization as well as potential for
strategictrading at the open (see Brooks and Su (1997)), the exclusion of trades participatinginthe NY SE's
opening and closing call auctions may lead to biased inferences.

The second feature of Nasdag that makes it conducive for our experiment is Nasdaq's Small Order
Execution System (SOES), a computerized system for routing orders from retail investors (via brokerage
firms) to Nasdag market makers for automatic execution. After the market crash of 1987, Nasdaq officials
made market maker participation in SOES mandatory. Prior to the implementation of the Securities and

Exchange mandated Order HandlingRulesin January of 1997, Nasdag market makerswere required to post



and honor bid and ask prices far a preset number of shares (typically 1000).>* These rule changes made it
difficult for market makers to back away from their quotes and they guaranteed investors the chance to
automatically execute their orders (viatheir brokers) at posted prices. Harris and Schultz (1997) note that
these features made SOES a popul ar trading mechanism for investors with information.*

In this environment, why would a wealthy investor who has o thinks he has value relevant
information ever, say, buy 900 shares and earn 900(E[vfnformation] - ask) when he could ean
1000(E[v|information] - ask)? Conversely, since Nasdag market makers are not obligated to transact at
quoted prices for orders larger than the SOES minimum, why would our wealthy investor buy 1100 shares
at apricethat isunknown, but presumably higher thanthe quoted ask, and earn 1100( E[v|infor mation] - # )
when he could place an order to buy 1000 shares and earn 1000(E[v|information]-ask)? Obviously, as
suggested by Easley and O’ Hara (1987) and others, there will beinstancesi n which wealthy investors have
information that justifies bearing the execution price risk assodated with acquiringpositionswell in excess
of 1000 shares. Alternatively, it is hard to imagine circumstances in which these investors would place
ordersfor lessthan 500 shares. Using thislogic, we examine the six groups of trades based on size: 100 to
400 shares, 500 shares, 600 to 900, 1000 shares, 1100 to4900 shares, and 5000 and more shares. Wereason
that the smallest trades correspond to the trading interests of naive, unsophisticated investorswith little
information and the largest tradescorrespond to the trading i nterests of weal thy, sgphisticated investorswith

access to superior information.

2For stocks averaging three or more transactions per day, market makerswere required to honor their quoted
pricesfor up to 1000 shares between January 1, 1993 and January 31, 1994, 500 shares between February 1, 1994 and
March 27, 1995, and 1000 shares from March 28, 1995 through the passage of the Order Handling Rules, which were
phased in throughout 1997. See Harris and Schultz (1997, 1998) and Battalio, Hatch and Jennings (1997) for more
information on SOE S and its affect on trading in the N asdag market.

3For more information on the Order Handling Rules, see Barclay, Christie, Harris, and Kandel (1999).
“Although SOES was intended for ‘non-professional’ use, NASD (1993) estimates that 84% of SOES trades

inthe early ninetieswere from professionals attempting to identify price trends and trade with market makers who were
slow to revise their quotes.



In contrast to Nasdag, investors trading on the NY SE i n the 1990's could expect their orders to be
executed at the posted price as long as the order did not exceed the current depth at that quote (which may
have changed while the order wasin transit). Since NY SE specialists are not required to offer more than a
100 sharesat their quotes, there are no natural trade size binsthat isolate the trading interest of sophisticated
and naive investors. For this reason, theNY SE’ strading environment provides a less powerful test of our
hypotheses.

We obtain the microstructure data for thisstudy fromthe New Y ork Stock Exchange’s Trade and
Quote (TAQ) database, which containsintraday trades and quotes for all securitieslisted on theNew Y ork
Stock Exchange (NY SE), the American Stock Exchange (AMEX), and theNasdag National Market System
and SmallCap issues. Each quoterecord indicates the underlying stock, the trading venue from which the
guote emanates, the date and time of the quote, the bid and ask prices and quantities, and a quote condition
code. Each trade record indicat es the underl ying stock, the date and time the trade was reported, the venue
reporting the trade, the transaction size and price, and codes ind cating whether the trade is subsequently
cancelled or is made with other ‘special’ conditions.® Because the TAQ database is unavailable prior to
January 1, 1993, the use of trading activity several days prior to sample earnings announcements requires
usto start our sample after February 1, 1993. We start our sample on April 1, 1993 because there are very
few earnings announcements in February and March of 1993. We end our sample on December 31, 1996
toavoid complicationsassoci ated withthe commencement of theOrder Handling Ruleson January 20, 1997.

Our analysisuses tradestyped asbuys or sells. Sincethetrade dataprovided by TAQ do not identify

transactions as buys or sells, we use the Leeand Ready (1991) algorithm to infer whether atrade was a buy

SIn April of 2001, the N Y SE began offering immediate executionsat theNBB Oin all of its securitiesviaNY SE
Direct+.

See the NYSE’s TAQ2 User’s Guidefor an in-depth description of the TAQ database.
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orasell.” TheLeeand Ready (LR) algorithm first attemptstoclassify atrade asabuy or asell by comparing
thetrade’ sexecution pricetothe prevailing quotes. Tradeswith execution pricesabove (bel ow) the midpoint
of the execution-time bid and offer are classified asbuys(sells). To classify trades executed at the midpoint
of the execution-time quotes, theL. R algorithm looksto priortrades. If the execution priceof the prior trade
islower (higher) than the current trade’ sexecution price, the currenttradeis classified asabuy (sell). If the
prior trade has the same execution price asthecurrent trade, the L R algorithmmoves backwardsin time until
it findsaprior tradewith adifferent price and follows similar logic. Thus,the LR algorithm cannot classify
opening trades executed at the midpoint of theexecution-time National Best Bid or Offer (NBBO) nor can
it classify the trades that follow these opening trades until the NBBO changes or atradeis executed at a
different price.

Toimplement the LR algarithm, we must first createaNBBO for each stock inour sample and find
benchmark execution-time NBBOs far each trade in our sample. At each moment in the trading day, a
stock’ sSNBBO iscreated by taking the highest bid and thelowest offer (i.e., the best prices) quoted by venues
onwhichthestock istraded. FollowingEllis, Michaely, and O’ Hara (2000), we then use the executi on-time

NBBO with no lag as our benchmark quotes.?

"Lee and Radhakrishna (1996), Odders-White (2000), and Finucane (2000) use the NY SE’s TORQ database
to test the Lee and Ready algorithm and document a success rate in excess of 85%. Ellis, Michaely, and O’ Hara (2000)
use a proprietary sample of trades that include a buy/sell indicator in 313 Nasdaq stocks traded between September 27,
1996 and September 29, 1997 to testthe Lee and Ready algorithm and find a success rate of 81%. They find that the
algorithm’s successrate is‘ somewhatlower’ &ter the implementation of the Order Handling Rules, which incorporated
the quotes and trades of ECNs (Electronic Communication Networks) into the trade and quote broadcasts for Nasdaq
stocksin staggered waves throughout 1997. Ellis, Michaely, and O’ Hara propose a modified trade typing algorithm to
handle the different market structure on Nasdag. Since this algorithm only improves the trade typing success rate by
0.9% in their sample and since our sample ends before the initiation of the Order Handling Rules, we use the more
standard Lee and Ready algorithm to type trades.

8Since most trades on the NY SE are reported manually, the times at which trades in NY SE-listed securities
actually occur precede the times reported on the TAQ database. For this reason, Lee and Ready (1991), Blume and
Goldstein (1997), and others suggest lagging the execution times reported in TAQ by five to fifteen seconds before
matching trades and quotes. However, Ellis, Michaely, and O’ Hara (2000) note that most trades in Nasdaq stocks are
reported electronically and find there is no need to use alag when matching trades and quotes for Nasdaq stocks.
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The typing of buys and sells necessitates the elimination of trades reported late or out of sequence
since they cannot reliably be matched with execution-time NBBOs.® We also eliminate any trade with a
transaction price more than $5.00 away from the previous price on that day and trades with no reported
quantitiesas ‘obvious dataerrors.® We eliminate trades for which the benchmark NBBO isinvalid (i.e.,
the trade is reported during a trading halt) and trades that cannot be classified by the Lee and Ready
algorithmfrom our analysis. Finally, we only consider trades executed between 9:30:00 and 16:00:00 since
the time-stamps for trades (needed for the LR algorithm) become less reliable outside of normal market
hours.

From our sample of trades classified as buys and sells, we construct our measure of abnormal net
buying activity for each of the six trade size categories. For each category, we begin by subtracting the
number of sell trades during the three trading days centered on the earnings announcement datefrom the
number of buy trades over the same time period. If an earnings announcement occurs on a day when
financial markets are closed, we use the next trading day as our event date. After computing the net buying
activity for theith trade size category in the event window (NetEventBuy,), we compute similar statisticsfor
the three-day trading window centered ten days prior to the earnings announcement date (NetPreBuy,) and
for thethree-day trading window centered ten daysfoll owing theearningsannouncement date (NetPostBuy,).

Finally, we define the abnormal net buying activity in theith trade size category, NETBUY ,, as follows:

NetFPreBuy, + Né‘fPﬂSﬁBHyi]
5 :

NETBUY, = MNetBventBuy, - [

To ensure our measure of dbnormal netbuying activity isreasonabl e, we require each earning announcement

in our sample to have an average of ten trades per day in each of the three day trading windows.

Specifically, we eliminate trades with a Condition Code of *Z’ or ‘G’ and trades that have a Correction Code
that is not equal to zero or one.

198 essembinder and Kaufman (1997) is one of many papers that uses data screenssimilar to those employed
in this paper.
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To alow for outliers and non-linearities in the relationship between forecast errors and trading
activity and to enhance the interpretaion of our regression coeffidents, each cdendar quarter we rank all
observations of AFE, SRWFE, and NETBUY and partition them into percentiles coded from0to 99. The
percentile scores are then divided by 99 and 0.5 is subtracted. We test our hypotheses using these coded

variables.

IV. Empirical Results

Descriptive Statistics

Table 1 provides descriptive statistics for thesample firms. Thefirst variable, SIZE, is the market
capitaization of the firm in thousands of dollars at the beginning of the calendar year of the earnings
announcement. Perhaps more informative regarding market capitalization isthe next variable, DECILE
DECILEisdefined asthe market-capitalization decile of the firm within Nasdaqg for the calendar year of the
earnings announcement. Note that our sample criteriaresult in a sanple of firmsthat tend to belarger than
the median Nasdaq firm. Specifically, the average (median) size decile is 8.44 (9.00). The next variable,
PRICE, isthe actual share price twenty days prior to the earnings announcement. Themean (median) value
for PRICE is21.64 (18.25). INST isthefraction of sharesheld, in the calendar quarter pri or to the earnings
announcement quarter, by institutions required to file Form 13f with the Securities and Exchange
Commission. The mean (median) value of INST is0.41 (0.39) indicaing that institutions hold about 40%
of the shares of the typical sample firm. ANUM is a measure of analyst following and is defined as the
number of analysts reporting quarterly earnings forecasts to IBES in the 90 days prior to the earnings
announcement. Since ameasure of analyst earnings expectation isrequired for the hypotheses, the sample
is constrained to firm-quarters for which at least one analyst reports to IBES. The mean (median) number
of analystsreporting forecastsis3.93(3.00). Finally, TRADESIisthe average number of tradesper day over

the three-day interval centered on the earnings announcement day. We require an average of tentrades per
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day for the earnings announcement period andfor two non-announcement benchmark periodstoensure that
our test statisticsare meaningful. During the three-day earnings announcement period, the mean (median)
firm averages 248.1 (78.7) trades per day.

(Insert Table 1 about here)

Correlations

Table2 presentscorrel ationsamong the net buyi ng activity measur esfor thesix trade-size categories
and the two measures of earningssurprise. NETBUY , isthe net buying activity (or the buying versus selling
imbalance) at the time of the earnings announcement for trading-sizeclassi. AFE isthe analysts' forecast
error and SRWFE is the seasoral random walk forecast aror.

(Insert Table 2 about here)

While Table 2 doesnot present formal hypothesi stests, some results displayed strongly suggest the
dataare consistent with our expectations. Notethat for the three smallest-trade categories, thosetrading less
than 1000 shares, the correlations between net buying activity and SRW errors are higher than between net
buying activity and analyst forecast errors. On the other hand, for the three largest-trade categories, net
buying activity is more highly correlated with analyst forecast errors than with SRW errors**

Specifica ly, for those initiating the smallest trades (less than 500 shares) thecorrel ation with SRW
forecast errors is 0.078 and is significantly greater than zero at the 0.01 level, while the corresponding
correlation with analyst forecast errorsis only 0.022 (significant at the 0.05level). For thoseinitiating the
largest trades, the direction isreversed and the correlation between net buying activity and analyst forecast
errorsis0.055 andissignificant at the 0.01level, whilethe corresponding correlation with SRW erorisonly

0.026 (significant at the 0.05) level. Taken alone, these results suggest that both the smallest and largest

" For thetwo smal lest trade-si ze categories and for thelargest trade-s ze category, the differencesin correlations
(analyst forecast error versus SRW forecast error) are significant at the 0.01 level. For the other trade-size categories,
the difference is not significant at traditional levels.
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traders respond to both signals, but small (large) traders expectations more closely resemble the SRW
(analyst) forecast errors.

Means Tests with Consistent and Contradictory Earnings Signals

Table 3 presents results of means tests of net buying activity for the different trade-size categories
as afunction of the signs of the two earnings signals. Positive (neggtive) t-statistics on net buying activity
indicate more (less) earnings-announcement period buying relative to selling than normal. Specificaly,
Panel A provides two types of t-statistics, traditional and timeseries, for the hypothesis that net buying
activity for the different trade-size categoriesiszero, when both earnings signal s (analyst and SRW forecast
errors) are negative. The time=series t-statistic treats the mean net buying activity within a trade-size
category for each of the 15 calendar quarters as an indgpendent observation (see Famaand MacBeth 1973).
The time-seriest-statistic is for thetest that the mean of the 15 quarterly meansis zero. Panels B through
D present corresponding statistics for other possible cases: both errors are positive; analyst errors are
negative and SRW errors are positive; and analyst errars are positive and SRW are negative, respectively.
Figure 1 summarizesour predictions for Table 3.

(Insert Table 3 about here)

Notethat in Panel A and Panel B the signs for net buying activity for all trade-size categoriesis as
expected. When both signals are negative (see Panel A), the t-statigics for each trade size category is
negative, indicating investors place fewer buy ordersrelative to sell ordersthanusual. Panel B, where both
signalsare positive, shows exactly the opposite. In thispanel, the positive signsindicate that, for all trade-
size categories, investors place morebuy ordersrelativeto sell orderswhenthe earningssignalsare positive.
Whilethe results presented in Panels A and B may not be surprising, they provide support for the empirical
procedures. That is, interpretation of our results depend on information traders initiatingtrading (see Lee
1992) and on our ability to type trades as buy or sells. The results presented in Panels A and B of Table 3

suggest that these procedures are effective.
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Panel C presents the case where analyst forecast errors are negative and SRW forecast errors are
positive. Inthese casesthoseinvestorswhose expectationsmareclosely reeembleanalysts' (SRW) forecasts
should view the announcement as bad (goad) news and tend to initiate fewer (more) buy orders than usual
relative to sell orders. So, we hypothesize that the sign of net buying activity should be negative (positive)
for small (large) traders. When we examine thesmallest andlargest trade's, the resultsare consistent with
our hypothesis. Those trading fewer than 500 sharestend to buy when the SRW error ispositive (indicated
by the positive sign), even when the analyst forecast error isnegative. For the largest traders, theopposite
istrue. They tend to sell when the analyst forecast error negative even when the SRW error is positive.
Results for all intermediate size categaries are indeterminate.

Resultsfor Panel D of Table 3 mirror those of Panel C. When the analyst signal is paositive and the
SRW signal isnegative, thelargest traderstend toinitiate more buysrelative to sellsand the smallest traders
tend to initiate fewer buys relative to sells. In this case, results for the second amallest trade-size category
isalso significant in the expected direction. So far the results of univariate correlations and comparisons of
means are consistent with our hypotheses that small traders’ beliefs more closely resemble SRW farecasts
and large traders' beliefs more closely resemble analysts’ forecasts. We present one final test of these
hypotheses.

Regression Tests of Net Buying Activity on Earnings Signals

Table 4 presentsreaults of regression tests of net buying activity for each trade-size category on the
two earnings signals: analyst and SRW forecast errors. Consider thefirst columnof resultsfor thosetrading
fewer than 500 shares. The coefficient onthe analyst forecast error (AFE) isnot significantly different from
zero (standard t-statistic = -1.11, time-seriest-statistic = -1.21). Thisresultindicatesthat, when controlling
for SRW forecast error, the smallest traders do not respond at al to analyst forecast errors. Hence, the
significantly positive correlation between analyst forecast error and net buying activity for this group (see

Table?2) isattributable to the correl ation between analyst and SRW forecast errors (041 for thissample, not
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tabulated). The coefficienton the SRW forecast error, on the other hand, is significantly positive. Both the
standard t-statistic (7.28) and the time-series t-statistic (5.58) indicate the relation is significant at the 0.01
level. The coefficient of 0.083 for the SRW forecast error may be interpreted as indicating an expected
increase of 1 percentilein sample rank of net buying activity for every 12 percentile (1/ 0.083) increasein
samplerank of SRW error. The second column, for those who trade 500 shares, provides results that are
similar but alittle weaker than those for the smallest traders.

(Insert Table 4 about here)

At the other end of the spectrum the net buying activity of the larged traders, those who initiate
tradesfor 5000 sharesor more, issignificantly positively related to anal yst forecast errors (standardt-statistic
= 4.62, time-series t-statistic = 4.48). Unlike the smallest traders, the largest traders respond to analyst
forecast errors, but appear to completely ignore SRW errors (standard t-statistic = 0.40, time-seriest-statistic
=0.20). Resultsregarding thesecond largest traders, those trading 1100 to 4900 shares, are mixed. Both
t-statistics suggest their expectations donot resemble SRW forecasts (standard t-statistic = 1.02, time-series
t-statistic= 1.01). But the standardt-statistic (t = 2.12) indicates asignifi cantly positive (at the 0.05 level)
relationship with analyst forecast errors while the time-series t-statistic (t = 1.25) fails to indcate
significance.

Finally, notice that the1000 sharetradersrespond positively to bath earnings dgnals. It ispossible
that thislevel of trade size, for most of our sample period the smal lest trade size for which the posted quote
isguaranteed, attr acts some sophisticated investors and some unsophisticated traders. Theresults presented
in Tables 2, 3, and 4 consistently show that at |east one subset of investors, those who initiate the smallest
trades, holds earnings expectationsthat resemble SRW forecasts. These expedations are clealy naivein
the sense that they are less accurate than analysts' forecasts. Theresultsalso consistently show that those
investorswho initiate the largest trades base their buy and sell decisions on expectations that more closely

resembleanalysts forecasts. We concludethat different classesof investors, categorized by trade size, base
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their buy and sell decisions on significantly different information sets. Our results clearly support our
aternati ve statements of the first and second hypotheses. The next subsection examines which trades are
responsiblefor the cumulative price movements in the three-day window around earnings announcements.

Barclay-Warner Cumulative Price Change Analysis

Following Barclay and Warner (1993), we attribute the fraction of the stock’s three-day
announcement-period cumulative price change to trades of the different size classes. We do this primarily
to determineif trades of any sizecategories move opposite to thecumulative price change over theinterval.
Some researcher s believe that investars who hold nave beliefstrade opposite to the direction pricesshould
move and this gives rise to post-earnings-announcement drift. Thisisour third hypothesis: Transactions of
small traders run counter to price movements that occur at the timeof earnings announcements.

Table5 displays the results of the Barclay-Warner andysis. The most salient point from Teble5is
that the smallest traders, thoseinitiating trades of less than 500 shares, tend to move prices in the wrong
direction. That is, saythat in aparticular case a stock price moved up atotal of 4% in the three days around
an earnings announcement. Onaverage, the cumulative price change occuring on transactionsinitiated by
the smallest traders (compared to the prices of the precedingtrades) would bedown about 1% (-26.2% x 4%
=-1.048%). Whilethisdoesnot provethat small traders actually impede sock pricesfrom moving to where
they should be, it at |east |eaves the door open tothat possibility.

(Insert Table 5 about here)

Also note that it is the 1000 share trades that move prices the most. 1000 share trades make up
29.5% of all transactions and ar e responsibl e for 80.7 % of thetotal three-day cumulative price movement.
Thisresultis consistent with Harrisand Schultz (1997). Notethat the largest trades make up 8.1% of all
transactions but are responsible for only 3.9% of the tatal cumulative price movement. These results seem

inconsi stent with thethoseof the prior teststhat show thelargest tradershave earnings expectati onsthat most
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closely resemble analysts forecasts. One possibility is that many of thesetrades are negotiated beforehand
so that market makershave time to arrange for offsetting trades, thereby reducing price impact.

Regression Tests of Association Between Net Buying Activity and Stock Returns

Table6 presentstheresults of simpl e regressions of abnormal stockreturnsonthenet buyingactivity
of different trade-size categories. Panel A of Table 6 presents results with ANCAR, the three-day
announcement-period size-adjusted return, as the dependent variable. These tests show whether the net
buyingactivity of thedifferent trade-size categoriesisassociated with theoverall announcement period price
movement. Although these tests are not identical to the Barclay-Warner cumulative price change analysis,
the results are completely consistent. Theassociation between the announcement-period abnormal returns
and net buying activity is (significantly) positive for all trade-size categories except for the smallest. This
indicates that on average investors using each of the five larger order sizes initiate trades that are in the
direction of the overall announcement-period price movement. Resultsfor the smallest groupindicate that
those initiating trades of less than 500 shares tend to do more net buying when the return is lower and less
net buying whenthereturnishigher. Condstent with theBarclay-Warner analys's, the smallest traderstend
to act in the wrong direction.

(Insert Table 6 about here)

A natural question is how do the stocks which the different groups buy tend to perform after the
three-day announcement period over which net buying activity is measured. Panel B of Table 6 examines
thisissue. For thispanel the dependent variable isthe size-adjusted return beginning the third day after the

announcement and ending onthe day of the subsequent announcement.*” Resultsfor f our of thesix trade-size

12 Net buying activity is measured using days -1, 0, and +1 relative to the Compustat announcement date. The
post-announcement retums skip day +2 and begin on day +3 in order to avoid any bias from bid-ask bounce. That is,
forafirmwith ahigh level of buying activity over the three day announcement period, thereis agreaterthan even chance
that thelast transaction priceof day +1 is at (or near) the ask price. If the last transaction on day +2 is at (or near) the
bid and ask pricewith equal probability,then the firms return on day +2 isbiased downward. Omittingday +2 avoids
this potential bias. Results are very similar and inferences are unaltered if the end of the cumulation period is defined
as 63 trading days (ap proximately one quarter) after its beginning.
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categoriesareinsignificant. Stocksfor which there was abnormally high buying activity for thoseinitiating
trades of 500 or 1000 shares, however, performed worse than average over the subsequent quarter. For
example, the coefficient of -2.00 for 500 share traders may be interpreted as follows. Stocks in the top
percentile, in terms of 500-share net buying activity during the announcement period, exhibit an estimated
abnormal return over the following quarter of 200% less than those in the bottom percentile. The other
trade-size category with significant results, those initiati ng trades of 1000 shares, also exhibits negative
performance.

Theresults of Table 6 indicate that the smallestinvestorstrade opposite to overall price movements
around earnings announcements. But those stocks purchased the most by those whose trading has highest
association with announcement-period price movements, 1000-share traders, perform the worst over the
following quarter. It is difficult to interpret these results in terms of their i mplications for post-earni ngs

announcement drift.

V. Conclusion

In this paper we present reaultsindicating that different types of investors (identified by trade size)
use different information sets when making their buy and sell decisions. Thoseinvestors whoinitiate smdl
trades seem to base their decisions on more naive or less sophisticated information than those who initiate
large trades. Specifically, we find that small traders tend to ignore earnings signals based on analysts
forecastswhile respondng to signals of aless accurate time-series model. Large traders on the other hand
ignore the naive time-series signals and respond to analysts' forecast errors.

Bernard and Thomas (1990) hypothesize that post-earnings announcement drift is caused by
investorswhose beliefsresemble SRW forecasts. Otherresearchers, e.g., Walther (1997) and Bhattacharya
(2001), suggest that it is probably small investorswho hold these beliefs. Our results support and extend the

idea that small investors do indeed hold beliefs that resemble SRW forecasts. We show further that the
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trades of small investors around earnings announcements are opposite to the direction of stock price
movements. Whilethisresult is consistent with the ideathat small traders impede stock-price movements
at the time of earnings announcements and, therefore, play arole in causing post-earnings-announcement
drift, our analysis falls far short of provingthat to be thecase. Whilewe believe this paper contributes to
the discussion of the relative level of sophisticaion of investors, we also believe this remains afertile area

for future research.
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Table 1

Sample Descriptive Statistics, 1993-1996
SIZE is the market capitalization of the firmin thousands of dollars at the beginning of the calendar year.
DECILE isthe market capitalization decile of thefirm within Nasdaq as assigned by CRSP. PRICE isthe
stock price twenty days prior to the earnings announcement. INST isthe fraction of the firm’s sharesheld

by institutionsthat file Form 13f with the SECin the calendar quarter prior to the earnings surprise. ANUM

isthe number of analystsprovidi ng quarterly earnings forecaststo I/B/E/Sinthe 90 daysprior to theearnings
surprise. TRADES is the average number of trades per day over the three-day interval centered on the

earnings announcement day.

Standard

Variable Mean Deviation Quartile 1 Median Quartile 3
SIZE (*000's) 634,885 2,176,392 105,808 219,419 503,890
DECILE 8.44 171 7.00 9.00 10.00
PRICE 21.64 14.60 11.38 18.25 28.13
INST 0.41 0.21 0.25 0.39 0.57
ANUM 3.93 3.83 2.00 3.00 5.00
TRADES 248.1 720.9 37.0 78.7 190.0
N =9,426
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TABLE 2
Correlations between forecast errors and net buying activity for different trade-size categories.

AFE istheanalysts forecast error and is defined as actua earnings per share minus the average of all forecasts
reported to IBES in the 90 days prior to the earnings announcement deflated by price. SRWFE is the seasonal
random walk forecast error and is defined as actual earnings per share minus reported earnings per harefor the
same fiscal quarter of the prior year deflated by price. NETBUY, - NETBUY are adjusted net purchases for
different trade-size categoriesasnoted. NETBUY . is (average dai ly event-period purchases minusaverage daily
event-periodsalesfor category i) minus (averagedailynon-event period purchasesminusaveragedaily non-event
period sales for category i) divided by (average daily non-event period trades for category i). The event period
isthethree-day interval centered onthe earnings announcement date as reported on Compustat. The non-event
period is two three-days periods centered two weeks before and after the earnings announcement date.

1100-4900

<500 sh. 500 sh. 600-900 sh. 1000 sh. h. > 5000 sh.
Variable
NETBUY, NETBUY, NETBUY, NETBUY, NETBUY NETBUY
AFE 0.022' 0.011 0.004 0.054" 0.029” 0.055"
SRWFE 0.078" 0.040™ 0.006 0.042" 0.022 0.026
NETBUY, 1.000 0.406" 0.285" 0.203” 0.167" -0.015
NETBUY, 1.000 0.224" 0.311" 0.253" 0.058™"
NETBUY, 1.000 0.215° 0.254" 0.079"
NETBUY, 1.000 0.387" 0.149”
NETBUY 1.000 0.193"
NETBUY 1.000
N = 9,426

** and * indicate significantly different from zero at the .01 and .05 level, respecti vely.
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TABLE 3
Net buying activity for different trade size categories:
Confirmatory and contradictory earnings signals

AFE istheanalysts forecast error and is defined as actual earnings per shareminus the average of all forecasts
reported to IBESin the 90 days prior to the earnings announcement deflated by price. SRWFE is the seasonal
random walk forecast error and is defined as actual earnings per share minus reported earnings per sharefor the
same fiscal quarter of the prior year deflated by price. NETBUY, - NETBUY |, are adjusted net purchases for
different trade-size categoriesasnoted. NETBUY . is(average daily event-period purchases minus average daily
event-periodsalesfor category i) minus (averagedaily non-event period purchases minusaveragedaily non-event
period sales for category i) divided by (average daily non-event period trades for category i). The event period
isthe three-day interval centeredon the earnings announcement dateas reported on Compustat. The non-event
period is two three-days periods centered two weeks before and after the earnings announcement date.

Panel A: AFE Negative, SRWFE Negati ve

Time-series

Trade size t-statistic t-statistic Quarters positive
< 500 sh. NETBUY, -3.73° -3.37° 3/15
500sh. NETBUY, -1.69 -1.54 7/15
600-900 sh. NETBUY, -0.28 0.70 8/15
1000 sh. NETBUY, -3.42° -3.65" 3/15
1100-4900 sh. NETBUY, -2.68" -2.23 4/15
> 5000 sh. NETBUY -3.19” -3.78” 1/15

N =3,053
** and * indicate significantly different from zero at the .01 and .05 level, respecti vely.
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TABLE 3 (Continued)

Panel B: AFE Posi tive, SRWFE Positive

Tradesize t-statistic T:_n;t;?;rii? Quarters positive
< 500 sh. NETBUY, 3.70" 3.54" 13/15
500 sh. NETBUY, 271" 3.10” 11/15
600-900 sh. NETBUY, 0.35 -0.03 7/15
1000 sh. NETBUY, 5.08" 9.38" 15/15
1100-4900 sh. NETBUY 155 1.65 10/15
> 5000 sh. NETBUY 3.25" 4.43" 12/15

N =3, 053
** and * indicate significantly different from zero at the .01 and .05 level, respectively.

Panel C: AFE Negative, SRWFE Positive

Time-series

Tradesize t-statistic t-statistic Quarters positive
< 500 sh. NETBUY, 3.44” 3.45° 12/15
500sh. NETBUY, 144 1.25 10/15
600-900 sh. NETBUY, 0.33 0.46 7115
1000 sh. NETBUY, -1.70 -1.92 5/15
1100-4900 sh. NETBUY, 0.49 0.37 8/15
> 5000 sh. NETBUY -2.55 -2.31 3/15

N =1,575
** and * indicate significantly different from zero at the .01 and .05 level, respectively.
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TABLE 3 (Continued)

Panel D: AFE Positive, SRWFE Negative

Tradesize t-statistic Tti_r;]&?;rii? Quarters positive
<500 sh. NETBUY, -3.60" -2.50 4/15
500sh. NETBUY, -2.76" -2.36 5/15
600-900 sh. NETBUY, -0.39 -1.20 6/15
1000 sh. NETBUY, -0.47 -1.59 4/15
1100-4900 sh. NETBUY, 1.13 0.83 9/15
> 5000 sh. NETBUY 2.60° 3.167 11/15

N = 1,565
** and * indicate significantly different from zero at the .01 and .05 level, respectively.
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TABLE 4
Regressions of net buying activity for different trade size categories on
analyst forecast errors and seasonal random walk forecast errors.

AFE istheanalysts forecast error and is defined asactual earnings per share minus the average of all forecasts
reported to IBES inthe 90 days prior to the earningsannouncement deflated by price. SRWFE is the seasonal
randomwalk forecast error and isdefined as actual earnings per share minusreported earnings per share for the
same fiscal quarter of the prior year deflated by price. NETBUY, - NETBUY |, are adjusted net purchases for
different trade-size categoriesasnoted. NETBUY , is(averagedaily evert-period purchases minus average daily
event-periodsalesfor category i) minus(averagedaily non-event period purchasesminusaveragedaily non-event
period sales for category i) divided by (average daily non-event period trades for category i). The event period
isthethree-day interval centered on the earnings announcement dateas reported on Compustat. Thenon-event
period is two three-days periods centered two weeks before and after the earnings announcement date.

<500sh.  500sh.  600-900sh.  1000sh.  1100-4900sh. > 5000 sh.
NETBUY, NETBUY, NETBUY, NETBUY, NETBUY. NETBUY,

AFE -0.013 -0.007 0.002 0.044 0.024 0.053
t-statistic -1.11 -0.57 0.18 3.83" 212 462"
time-series - -
t-statistic -1.21 -0.03 -0.51 411 1.25 4.48

Quarters +' ve 4/15 5/15 7/15 13/15 10/15 14/15
SRWFE 0.083 0.043 0.005 0.024 0.012 0.005
t-statistic 7.28" 3.73" 0.43 212" 1.02 0.40

time-series . " .
t-stafistic 5.58 2.83 0.29 2.68 1.01 0.20
Quarters +' ve 14/15 13/15 8/15 13/15 9/15 7/15
Adj. R-squae 0.60% 0.14% 0.00% 0.31% 0.01% 0.28%
N = 9,426

** and * indicate significantly different from zero at the .01 and .05 level, respectively.
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TABLE 5
Results of Barclay-Warner cumulative price change analysis

Mean percentage of cumulative stock-price change that occur on trades of each trade-size category and the
percentage of tradesin each trade-size category. NETBUY , - NETBUY , are adjusted net purchasesfor different
trade-size categoriesas noted. NETBUY, is (average daily event-period purchases minus average daily event-
period sales for category i) minus (average daily non-event period purchases minus average daily non-event
period sales for category i) divided by (average daily non-event period trades for category i). The event period
isthe three-day interval centeredon the earnings announcement dateas reported on Compustat. The non-event
period is two three-days periods centered two weeks before and after the earnings announcement date.

Statistic Percentage of cumulative pri ce change Percentage of Trades
< 500 sh. NETBUY, -26.2 294
500 sh. NETBUY, 14.5 10.9
600-900 sh. NETBUY, 25 5.0
1000 sh. NETBUY , 80.7 29.5
1100-4900 sh. NETBUY, 24.4 17.1
> 5000 sh. NETBUY 3.9 8.1

N = 9,426
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TABLE 6
Simple regressions of abnormal stock returns, at the time of
and following earnings announcements, on net buying activity for different trade-size categories.

ANCAR, the three-day abnormd return around the earningsannouncement. It isthe three-day cumulated firm
returnminusthe equal ly-wei ghted return for the same period for the Nasdag market-capitali zati on decil e assigned
by CRSP. POSTCUM istheabnormal return following the earningsannouncement. Itisfirm’scompoundreturn
three daysafter the earnings announcement through the day of the next earnings announcement minustheequally
weighted return for the same period for the Nasdagq market-capitalization decile assigned by CRSP. NETBUY , -
NETBUY , are adjusted net purchases for different trade-size categories as noted. NETBUY , is (average daily
event-period purchases minus average daily event-period sales for category i) minus(average daily non-event
period purchases minus average daly non-event period salesfar category i) divided by (average daily non-event
period trades for category i). The event period isthe three-day interval centered on the earnings announcement
date as reported on Compustat. The non-event period is two three-days periods center ed two weeks before and
after the earnings announcement date.

Panel A: Dependent Variable ANCAR, the announcement period abnormal return

Trade-Size Category Coefficient t-statistic Ti ns],gtsétr:f t
<500 sh. NETBUY, -0.72 -2.27 -2.00*
500 sh. NETBUY, 212 6.71** 2.33*
600-900 sh. NETBUY, 1.46 4.61** 5.01**
1000 sh. NETBUY, 10.47 35.14** 20.66**
1100-4900 sh. NETBUY, 4.70 15.00** 10.14**
>= 5000 sh. NETBUY, 4.98 15.90** 13.14**
Panel B: Dependent Variable POSTCUM, the announcement period abnormal return
Trade-Size Category Coefficient t-statistic T n;t(:t?ztr:f t
<500 sh. NETBUY, -0.47 -0.53 -1.03
500 sh. NETBUY, -2.00 -2.25* -3.41**
600-900 sh. NETBUY, -0.56 -0.63 -121
1000 sh. NETBUY, -2.28 -2.55* -2.10*
1100-4900 sh. NETBUY, -0.77 -0.86 -0.83
>= 5000 sh. NETBUY 0.79 0.89 141
N = 9,426

** and * indicate significantly different from zero at the .01 and .05 level, respecti vely.
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