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I investigate the empirical importance of infor-
mation revelation in the pricing of block trades.
In particular, I examine whether block prices are
correlated with the unexpected part of firms’ quar-
terly earnings. For my sample of block trades,
information revelation does indeed appear to be
a significant factor shortly before earnings
announcements.
Do block trade price changes reflect the revelation
of investors’ private information?1 And if so, what role
does trade size play? Answering such questions is
complicated by the potential presence of a variety of
“price pressure” effects. These include market-maker
inventory control problems, intraday discounts or pre-
miums compensating for execution “immediacy,” and
also possibly longer-lived adjustments due to changes
in the price of risk or perhaps trading-induced fads.
This article is based on the third chapter of my dissertation from the Uni-
versity of Chicago. This research benefited greatly from the advice of my
dissertation committee: Douglas Diamond (chairman), Robert Holthausen,
Merton Miller, George Constantinides, Kenneth French, and Robert Vishny.
I also thank Elizabeth Cammack, Richard Green, David Mayers, Konduru
Sivaramakrishnan, Fallaw Sowell, Chester Spatt seminar participants at Yale
and Carnegie Mellon, and particularly Michael Gibbons (the editor) and
Michael Barclay (the referee) for many helpful suggestions. Address reprint
requests to Duane Seppi, Graduate School of Industrial Administration, Car-
negie Mellon University, Pittsburgh, PA 15213.

1 The linkage between information and prices via orders, referred to here as
“information revelation,” was initially proposed by Scholes (1972). Formal
models of information revelation through block trading can be found in
Easley and O’Hara (1987). Gammill (1985), and Seppi (1990).
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Beginning with Scholes (1972), previous attempts to distinguish
information revelation from price pressure have decomposed block
prices (and more recently transaction prices generally) into “per-
manent” and “transitory” components and then interpreted the “per-
manent” part as information revelation.2 Unfortunately, the intraday
(price) time-series properties of “permanent” price changes due to
information revelation are observationally indistinguishable from those
of interday noninformational price pressure. Thus, tests based on
price data alone will have low power in distinguishing between these
two hypotheses.

A more direct test of information revelation involves explicitly iden-
tifying variables about which blocks are informative. If block trades
reveal private information about a variable, then (under fairly weak
conditions) block price changes will be correlated with the (pre-
block) unexpected component of that variable. In contrast, price
pressure on liquidity-motivated trades will be uncorrelated with these
surprises.

Using this idea, we investigate the extent to which block price
changes around quarterly earnings announcements in 1982 are
explained by unexpected earnings. As a proxy for unexpected earn-
ings, we use forecast errors relative to the last Value Line forecast of
earnings-per-share. The strongest evidence in support of information
revelation is found in a sample of “large” blocks (over 0.5 percent
of shares outstanding) traded between days -6 and -2 before a
quarterly earnings announcement. Unexpected earnings explain
between 4.6 and 19.8 percent of the variance of different measures
of price change for these trades. The mean price increase is between
18 and 74 cents for each additional $1 of unforecasted earnings.

There is also evidence that information content is increasing in
block size. For “small” blocks (between 0.1 and 0.3 percent of shares
outstanding) the regression R2’s drop to between 0.3 and 2 percent.
The mean price increase falls to between 2 and 13 cents per dollar
of unforecasted earnings. Block trades executed earlier in event time
also have less earnings information content than do blocks closer to
the announcement.

This article is organized as follows: In Section 1, a test of the link
between block prices and private information is developed. In Section
2, the idea is illustrated in the context of a simple theoretical model.
In Section 3, advantages and disadvantages of the proposed tests are
considered. In Section 4, the earnings and block trade data are
described. The empirical results are presented in Sections 5 and 6.
A short summary is provided in Section 7.
2 For block trades, see Kraus and Stoll (1972) and Holthausen, Leftwich, and Mayers (1987, 1990).
For transactions in general, see Glosten and Harris (1988) and Hasbrouck (1991).
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1. A Test of Information Revelation

In a noisy securities market with asymmetric information, the price
 at which a block of shares in firm i trades at time t on day T

depends in general on the signed size of the block Bt(T, t) (i.e.,
where B < 0 for block sells). Block size is given in turn by a trading
correspondence mapping an investor’s private information and other
noninformational reasons for trade into orders. If block size is increas-
ing in good news and block prices are increasing in (signed) block
size, then block prices will be increasing in good news.

This relation between information and block prices provides a sim-
ple and direct way to test for information revelation. In this study,
quarterly earnings is our candidate information variable and scaled
forecast errors,

serve as our proxy for investors’ private information, where 
the next announced earnings-per-share after the block on day 
is the preceding Value Line forecast (i.e.,  is conditioned on
a preblock information set), and  is the closing price
from the day before the block.

Suppose both informed and uninformed investors trade blocks.
Investors who are informed about earnings should buy (sell) at the
ask (bid) when unexpected earnings are positive (negative). Hence,
if the forecast error FE,, is a good proxy for unexpected earnings,
prices on informed investors’ blocks should be positively correlated
with  Uninformed investors, however, trade blocks indepen-
dently of unexpected earnings. Thus, even if uninformed blocks are
ex ante indistinguishable from informed blocks (i.e., they face iden-
tical bid and ask quotes), the realized transaction prices on unin-
formed blocks will be uncorrelated with  Pooling informed and
uninformed trades, block prices and forecast errors should be posi-
tively correlated overall.3

This correlation can take a variety of functional forms. Block price
changes and forecast errors are tested here for sign consistency using
a x2 -statistic4 and for monotonicity using Spearman rank correlation.
If the relation is linear (e.g., as in Section 2), we can estimate regres-
sions:
3 For other applications of this idea, see French, Leftwich, and Uhrig (1985), Ofer and Siegel (1987).
and Pound (1986).

4 Such a restriction arises in its starkest form in Easley and O’Hara (1987) and in Seppi (1990). Our
test statistic is the sum   are the actual and the expected number
of observations in a 2 × 2 sign contingency table for nonzero price changes and forecast errors. It
is distributed x2 with 1 degree of freedom. See Daniel (1978), pages 163-169.
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where t - 1 is the index for the trade preceding block trade t. Price
changes and forecast errors throughout this article are “weighted”
by Pt( T - 1, tc) as a partial control for heteroskedasticity.

The slope coefficient a, gives the mean dollar price change per $1
of unforecasted earnings. The error  includes, first, the price impact
of any new public (nonearnings) information arriving between trades
t - 1 and t; second, the price impact of “trading noise” if some blocks
are liquidity motivated; third, measurement error since  proxies
only imperfectly for actual private earnings information; and, fourth,
any information revealed by blocks about variables uncorrelated with
current earnings.

Positive correlation between block prices and forecast errors, while
consistent with information revelation, should be interpreted cau-
tiously, however, as evidence only that informed block trades were
executed. The systematic execution of informed block sells at the bid
and buys at the ask still induces positive correlation even if the bid-
ask spread is unchanging over time (i.e., if the market is inefficient).
In this case, although informed blocks are traded, no new information
is impounded in postblock prices. Thus, we would like to distinguish
between “correlation due to the execution of information-based
trades” and “correlation due to the impounding of private informa-
tion.”

Given positive correlation in (2), we test if postblock prices reflect
new earnings information in the following regression (and the cor-
responding nonparametric tests):5

where Pt( T, tc) is the closing price on day T and t - 1 is the index
of the trade preceding the block trade t. The dependent variable
includes the “permanent” component, but excludes any intraday
“temporary” component in the block price change.6 If no new infor-
mation is impounded in postblock prices, then (in the absence of
other postblock public earningsnews, which would also be reflected
in the closing price) the slope coefficient a'i should be zero.

The R2 -statistics for regressions (2) and (3) have an interesting
economic interpretation in that they measure how much of block
5 This presupposes, of course, that the block trade t is not also the closing trade tc. See note 18.
6 Prices rebound from “temporary” price pressure on blocks within 15 minutes in Dann, Mayers,

and Raab (1977) and within three trades in Holthausen, Leftwich, and Mayers (1990).
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price variance is statistically related to current earnings information.
Thus, they can be used to assess claims from some practitioners that
block trading causes prices to be “too” volatile compared to the flow
of information about firms’ underlying cash flows. Of course, these
R2's are only a rough measure since (i) without an explicit model of
market equilibrium it is not possible to test if the information content
of block trades is properly impounded in stock prices; and (ii) current
earnings are only one (albeit significant) piece of fundamental infor-
mation.

2. A Simple Model

Equations (2) and (3) are “reduced-form” regressions in that their
coefficients depend both on the correspondence between information
and orders and on the relation between orders and prices. It may thus
be useful to consider a simple model in which Equation (2) has an
explicit “structural” interpretation. This is, however, only an illus-
tration.

Let earning-per-share be A = µ + η, where µ is the expected EPS
and η is an earnings surprise that is distributed  For simplicity,
assume that the postannouncement stock price is  where
γ is an expected “local” price/earnings ratio7 and where the price
impact of other public information ξ has a mean of zero. Thus, in a
risk-neutral market with zero interest rates, the ex ante (preblock)
price 

Suppose an investor wishes to trade a block with a risk-neutral
competitive dealer before earnings are announced. Since blocks are
executed individually, it is unrealistic to introduce trading “noise”
via a Kyle (1985) trading protocol in which orders are anonymously
“batched.”8 As an alternative, assume the investor knows the earnings
surprise η), but is also subject to an exogenous liquidity shock u
distributed  The block size B is picked strategically (with B
> 0 for buys and B < 0 for sells) to maximize expected profits from
the private information η less a quadratic penalty for deviating from
the shock u. In particular, if  is the block pricing rule,
then the investor’s objective is
7 To avoid confusion, note that the p/e ratio γ applies only for some “window” around the earnings
announcement (i.e., this does not imply a constant p/e ratio γ at all times). Furthermore, the model
is easily modified to accommodate different p/e ratios for expected versus unexpected earnings.

8 Hughson (1990) makes this same point with regard to intraday transactions in general.
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If the price rule is linear,  the first-order condition
from (4) gives, as the optimal block order,

where the second-order condition is satisfied if 
Dealers are assumed to know the p/e ratio γ and (because of past

experience) the parameters φ and  of the investor’s problem (4),
although not the realizations η and u motivating the trade B. Since η
and u are jointly normal, conditional expectations given Bare indeed
linear. Solving for the linear projection gives the price rule

(6)

The price parameter  is positive (and thus greater than −φ) provided
that, analogously to Glosten (1989) and Madhavan (1987), the liquid-
ity shock is sufficiently noisy with 

Substituting for  in (5) gives the optimal block order to be

B = (7)

The reduced-form equation corresponding to (2) is obtained by using
(7) to substitute out for B in (6), which gives

where

(8b)

Thus, the slope coefficient a, can be interpreted here as an estimate
of the p/e ratio  biased downward by the presence of liquidity shocks
in block trading. However, far from being a nuisance, this “bias” is
of independent interest since from (7) it equals the fraction of the
variance of the block size σ2 (B) due to earnings information η.

In practice, however, available proxies for private earnings infor-
mation are also likely-for reasons discussed in Section 3-to include
measurement error. Thus, the estimated coefficient  is itself a biased
estimate of a1. As will be seen, the combined effect of these two
sources of bias is substantial since the estimates of  reported in
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Section 5 are all under 1, which is much smaller than typical p/e
ratios.

3. Econometric Issues

The chief advantage of “reduced-form” tests of information revelation
is that it is not necessary to specify the exact mechanism (i.e., trade
characteristics such as size, urgency, broker/investor reputation)
through which information is revealed. In particular, unsigned vol-
ume data do not need to be “signed” by identifying trades as buys or
sells. The question is whether information is revealed, not how it is
revealed.

There are, however, still some potential econometric problems,
two of which are discussed here along with corrective steps and
checks on robustness. The first problem is that OLS regressions of
(2) and (3) almost surely misspecify the relation between prices and
earnings. For example, even if individual blocks are generated as in
Section 2, most samples used in practice to estimate (2) and (3) are
likely to include trades from different types of investors-some who
are highly informed, others who are purely liquidity-motivated, and
others with “noisy” (rather than perfect) information. Thus, our sam-
ple will inevitably pool data generated by different “models” (e.g.,
different values of  -a problem that is worsened by cross-
sectional heterogeneity in firms’ “information structures” (e.g., earn-
ings uncertainty  and p/e ratio  as well as possible dealer uncer-
tainty about φ and  and differences in the size of any noninfor-
mational component of the bid-ask spread in richer models. Hence,
it is important to check regression results against the more robust
comparatively “model-free” nonparametric tests.

The second problem, for both the regression and nonparametric
tests, is measurement error when earnings forecast errors proxy for
private information. In particular,  can be decomposed into the
desired private information component plus three uncorrelated errors:
(i) a prediction error due to the fact that (unlike in Section 2) even
informed traders may not know the actual earnings; (ii) misestimation
of the market’s preblock expectation due to the intervening arrival
of new public information between the previous trade t - 1 and the
block t (or subsequent close tc); and (iii) misestimation of preblock
expectations due to the arrival of information between the analyst
forecast date and the previous trade t - 1.

The prediction error (i) leads to a standard errors-in-variable prob-
lem biasing the estimated slope coefficients in regressions (2) and
(3) toward zero (i.e., against information revelation). In contrast, the
forecast error (ii) due to the intratrade arrival of public information
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will be positively correlated with observed price changes. The result-
ing positive bias in the estimated slope coefficient reduces the power
of the proposed tests to reject the information revelation hypothesis.

Foster (1977) and Foster, Olsen, and Shevlin (1984) document a
positive correlation between forecast errors and preannouncement
price changes. Although perfectly consistent with (trade-based) infor-
mation revelation, it is important to guard against the danger that
prices on any preannouncement transactions may be positively asso-
ciated with forecast errors even if the trades themselves revealed no
new information. Consequently, “matched” samples of small trades
are formed below and used to check whether the association for small
trades is weaker than for block trades. In addition, this bias might be
expected to decrease as the price observation interval (during which
new information can arrive) is shortened. Hence, in analyzing regres-
sion results, greater weight is placed on inferences made with respect
to narrower price changes measured over shorter observation inter-
vals.

The last forecast error (iii) also leads to a standard errors-in-vari-
ables problem, unless block-trading decisions are made in reaction
to (or are triggered by) information arriving after the analyst’s forecast.
For example, “reactive” trades from “stop-loss” strategies (e.g., port-
folio insurance), “window dressing,” and “filter” rules can lead to a
positive or negative bias in the slope coefficient depending on the
direction of the dependence between orders and past information.
For example, Beebower and Priest (1980) find that block trades are
negatively correlated with lagged price residuals. Dependence of this
type would lead to a negative bias in the estimated slope coefficient.

One check for a “reactive trading” bias is to repeat the analysis for
a sample of postannouncement block trades. Once earnings are known,
forecast errors, when used as a measure of (now nonexistent) private
information about past reported earnings, consist entirely of mea-
surement error due to the use  an outdated forecast as a proxy for
the market’s expectation. Thus, one can test whether these later blocks
are traded “reactively” in response to the earnings announcement
itself. If postannouncement blocks are not positively correlated with
forecast errors, this would tend to cast doubt on the significance of
a “reactive trading” bias in the preannouncement tests.

In coping with measurement error in  one alternative to the
regressions specified here in (2) and (3) is to reverse the dependent
and independent variables. This is not done here, however, for the
following reasons: first, one objective of this study is to measure “how
much” of block price changes are explained by information revelation
about current earnings. No such. R2 is available in the “reverse regres-
sion.” Second, price changes themselves measure the block’s price
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impact with “error” because of (i) randomness in the bid-ask spread
reflected in our proxies for preblock and postblock price levels Pi(T,
t - 1) and Pi(T, tc), (ii) the arrival of other public news which also
affects prices, and (iii) “leakage” of the block price impact in pre-
block prices (see Section 4). Thus, a “reverse regression” replaces
earnings measurement error with price impact measurement error.
Third, correlation between earnings measurement error and prices
(e.g., due to the intratrade arrival of public news or to “reactive
trading”) still biases the slope coefficient even in the “reverse regres-
sion.”

4. The Data

In this study, I use earnings and block trade data from 1982. The
earnings data were collected from the Value Line Investment Survey
and the Wall Street Journal Index. The Investment Survey is the
source for actual and forecasted quarterly earnings-per-share for a set
of approximately 1700 firms regularly followed by Value Line. The
last forecast prior to the earnings announcement date proxies for the
market’s expectation.9 Nonoperational gains and losses due to tax
benefit sales, subsidiary sales, asset write-offs, and changes in account-
ing rules10 were excluded from actual earnings unless Value Line
specifically stated that estimates of these nonoperational items were
included in their forecast.

The Wall Street Journal Index was used to identify the publication
date of the earliest report that appeared to entail a significant reso-
lution of uncertainty about quarterly earnings relative to the Value
Line forecast. Typically, this was the publication date of the earnings
announcement itself. In 75 instances, however, unofficial notices in
advance of official announcements, preliminary management fore-
casts, or earlier reports about an important subsidiary’s earnings
appeared to resolve most of the uncertainty. In these cases, the earlier
date was treated as the relevant publication date in order to reduce
the measurement error in Value Line forecast errors due to the arrival
of new public information.

Earnings data were collected for all firms for all fiscal quarters
announced during 1982 (i.e., the fourth quarter of 1981 through the
third quarter of 1982), which satisfied the following criteria:
9 Analyst forecasts were used rather than time-series predictions because of evidence that analyst
forecasts (and Value Line’s in particular) are superior predictors. See Brown and Rozeff (1978).
Fried and Givoly (1982). and Givoly and Lakonishok (1984).

10 For example, switches from FIFO to LIFO. changes in pension fund accounting, and changes in
the treatment of gains and losses from foreign currency transactions due to the adoption of FASB
52 in place of FASB 8. Value Line was the source of information about such nonoperational items.
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1. A forecast of earnings-per-share was available in the last Value
Line report before the earnings announcement and actual earnings-
per-share could be obtained from subsequent reports. Firms with
reports in the third and fourth weeks of the 13-week Value Line
reporting cycle were excluded along with firms listed as “Unassigned
Stocks,” “Foreign Stocks,” “Utilities,” and passenger airlines listed
in the “Air Transport Industry.” American Depository Receipts (ADRs),
Real Estate Investment Trusts (REITs), and Share Beneficial Interests
(SBIs) were also excluded.11

2. The firm’s stock was traded on the NYSE.
3. The firm’s fiscal year ended in December or January.
4. Actual earnings data were available for all previous quarters on

the date of the last forecast.
5. Fully diluted shares outstanding (as reported in Value Line)

did not change by more than 1 percent between the issues containing
the last forecast and the announced earnings. One exception was
changes due to stock splits and stock dividends. In such cases, earn-
ings-per-share were adjusted to be consistent.

6. Sufficient data were reported to net out nonoperational items
from actual earnings when such items were not explicitly included
in the last Value Line forecast.

7. The publication date of the firm’s earnings announcement (or
a prior announcement significantly reducing earnings uncertainty)
could be obtained from the Wall Street Journal Index.

An initial sample of 1779 announcements satisfied these criteria.
These earnings data were then compared with block trade data for
1982 to identify firms with block trades around earnings announce-
ments.

The block trade data used in this study are a subset of the data
used in Holthausen, Leftwich, and Mayers (1987).12 The database
derives from two sources, Francis Emory Fitch, Inc. and the Center
11 All decisions about sample composition were made before looking at the price data. The difficulty
with reports in the third and fourth weeks is that many quarterly earnings announcements are also
made during that time. Consequently, the last forecast may be almost 13 weeks old. These old
forecasts are also often disqualified by criterion 4 if the firm was slow in reporting earnings for the
previous quarter. In addition, these Value Line forecasts may postdate the earnings announcement
because the announcement was made while the report was being printed or mailed. Hence,
identifying the last forecast before the announcement can be a time-consuming process. “Unas-
signed Stocks” were excluded because these are typically first reports for firms that Value Line is
adding to its roster. “Foreign Stocks” were excluded because the “information structure” for those
stocks is likely to be different than for domestic stocks. “Utilities” were excluded because of
possible differences in earnings induced by the regulatory process. Passenger airlines were excluded
because structural changes in the airline industry appeared to be showing up in earnings in the
form of onetime gains and losses (i.e., a gain from the sale of a significant portion of an airline’s
Beet). ADRs, REITs. and SBIs were excluded because block trade data were not available.

12 I thank Robert Holthausen, Richard Leftwich, and David Mayers for making their data available
to me.
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for Research in Security Prices at the University of Chicago (CRSP).
For all trades of 5000 shares or more executed on the New York Stock
Exchange in 1982, the Fitch file contains the following information:
the time and date of the trade, the price at which the trade was
executed, and the number of shares traded.13 It also contains the same
information for the previous transaction regardless of the number of
shares involved. The CRSP Daily Master file is the source of two
additional pieces of information: the adjacent closing prices before
and after each trade on the Fitch tape, and the number of shares
outstanding. These data were then screened to exclude trades for
which any of the following were true:

1. The closing price from CRSP for the day before the trade or for
the day of the trade was an average of bid and ask quotes.

2. The number of shares outstanding was not available from CRSP.
3. A change of over 2.5 percent in the number of shares outstanding

occurred (for any reason) within either 21 days before or 5 days after
the block trade.

4. The block trade was the first trade of the day and thus no previous
transaction price was available from Fitch.

5. There appeared to be an error in the trade times reported by
Fitch (i.e., the “previous” transaction was time-stamped after the
block trade).

6. The block trade predated the corresponding last Value Line
earnings forecast.

Trades were then sorted into six samples based on size and timing
relative to the earnings announcement. This allows us to focus on
trades for which information revelation about earnings is a priori more
likely to be important. In particular, we can then test if empirically
it is important. Also, while recognizing our ignorance of exact func-
tional forms, sorting does provide a robust way of investigating the
information content of block size as well as the timing of earnings
information revelation. The role of size is then studied further in
Section 6.

Block size is measured by the percentage of shares outstanding
traded. “Small” blocks are trades of between 0.1 and 0.3 percent of
shares outstanding and “large” blocks involved over 0.5 percent of
shares outstanding. Although ad hoc, Holthausen, Leftwich, and May-
ers (1987) find “large” blocks (by this definition) did have significant
price changes. In addition, there are theoretical predictions in Easley
and O’Hara (1987) and Seppi (1990) that the frequency of informa-
tion-based blocks increases in size.
13 There is a lacuna in the Fitch file from May 10 through June 15 due to a lost tape.
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Blocks were also grouped into three “event time” weeks [-11, -7],
[-6, -2], and [0, +4], where day 0 is the Wall Street Journal publi-
cation date. The prediction is that block trades just before a quarterly
earnings announcement should be more informative than earlier
blocks. This will occur if the frequency of informed blocks increases
(e.g., perhaps because of “leaks”) and the frequency of “uninformed”
blocks does not increase.

Four price variables were constructed on each day for each firm
with a qualifying block trade. The first variable ∆ P (Prv, Blk) is the
dependent variable from Equation (2), calculated for the first block
tl for firm i that satisfied the sample selection criterion for size on
day T

(9)

Because the time between price observations is minimized, the prob-
ability of false rejection of the null hypothesis (i.e., no informed
trading a1 = 0) due to the intervening arrival of public information
is minimized. First trades alone are used to avoid possible differences
in the predictability of first and any subsequent block trades.

The second variable ∆ P (Prv, Clo) is the dependent variable from
regression (3),

(10)

which includes the permanent component in ∆ P (Prv, Blk). However,
because more time elapses between price observations, the proba-
bility of false rejection of the null (i.e., no impounding a1 = 0) is
greater.

A problem common to both ∆ P (Prv, Blk) and ∆ P (Prv, Clo) is the
use of previous transaction prices to measure preblock price levels.
For institutional reasons, the previous transaction price may already
reflect much of the price impact of a block trade. Under NYSE Rule
127, a block trade negotiated off the exchange floor can be crossed
on the floor only after any outstanding limit orders at prices between
the current price and the block price are executed.14 In addition, the
time a block is officially crossed may lag the time that knowledge of
an impending block trade becomes public (e.g., if the broker “shops”
the block).

“Leakage” of block price impact into previous transaction prices
is problematic because it biases both the slope coefficients a, and

 in regressions (2) and (3) downward. One correction
is to measure price changes relative to the closing price from the
14 Under Rule 127, intervening limit orders should be executed at the block price. However, from
conversations with practitioners it appears that sometimes the limit order book is cleared out in
advance of the block at the limit prices.
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preceding day. The variable ∆ P (Pclo, Blk), a broader measure of the
total block price change, is the scaled difference between the price
on block trade t1, and the previous closing price:

The corresponding measure of the permanent price change ∆ P (Pclo,
Clo) is the scaled difference between closing prices:

Again, however, the problem of possible false rejections due to the
arrival of public information is more serious for these broader mea-
sures than for their narrower counterparts.

For each qualifying block observation, the scaled Value Line earn-
ings forecast error  is calculated as in (1).

5. Results

Summary statistics on prices and earnings over the full pooled interval
are reported in Table 1. Qualitatively similar values (not reported)
were found in the three subperiods. First, as might be expected, the
standard deviations of ∆ P (Prv, Clo), ∆ P (Pclo, Blk), and ∆ P (Pclo, Clo)
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are consistently greater than those of the narrower measure ∆ P (Prv,
Blk). This reflects both the arrival of nonblock information and any
precrossing “leakage” of block information.

Second, the mean of the forecast error  should not be compared
with its standard deviation as a check on the unbiasedness of the
Value Line forecasts. Contemporaneous forecast errors are likely to
be cross-sectionally correlated, causing the true standard deviation
to be underestimated. In addition, these samples suffer from a selec-
tion bias. If some block trades are based on private information and
if blocks are more easily sold than bought,15 then these samples may
be biased toward firms for which the forecast, although ex ante unbi-
ased, was ex post too high. Evidence on the accuracy of the Value
Line forecasts is better sought in time-series studies such as Brown
and Rozeff (1978), which shows that Value Line forecasts have smaller
prediction errors than several alternative time-series models of earn-
ings.

Third, price changes and earnings are somewhat kurtotic, as evi-
denced by their high studentized ranges (SR). Sample deviations from
normality are another reason to include the nonparametric rank cor-
relation and x2 -tests.

The time elapsed between blocks and previous transactions, the
age of the Value Line forecasts, other measures of trade size, and firm
equity market value are reported in Table 2. The median time elapsed
between block trades and previous transactions is very short (about
10 minutes). Consequently, given the widespread “shopping” of
blocks, together with the temptation to circumvent NYSE Rule 127,
15 Holthausen, Leftwich, and Mayers (1987) find that for “large” blocks the frequency of sells exceeds
that of buys.
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it is likely that previous transaction prices already reflect information
about subsequent block trades. Also, the short time lag makes less
likely correlation between ∆ P (Prv, Blk) and forecast errors due to
the intervening arrival of public information. The median forecast
age is about seven weeks on the day of the block trade. Consequently,
the unexpected earnings proxy  is likely to contain a substantial
amount of measurement error.

The regression results are presented in Tables 3-6. T-statistics are
reported using both OLS standard errors (in parentheses) and White
(1980) heteroskedasticity-corrected standard errors (in brackets).16
6 Heteroskedasticity also makes the interpretation of the regression R2's problematic. However,
because of the lack of alternatives, they are reported to provide some measure of goodness of fit.
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The two nonparametric statistics, the Spearman rank correlation and
the x2 -test for independence, are also reported.

Results for block trades executed during the second-to-last “trading
week” before a quarterly earnings announcement are reported in
Table 3. All but one of the estimated slope coefficients are positive,
as predicted by the information revelation hypothesis. However, only
for price changes measured over longer observation intervals [i.e.,
∆ P (Pclo, Blk) and ∆ P (Pclo, Clo)] are any coefficients statistically
large. The regression R2’s are also small. Forecast errors explain less
than 1 percent of the variance of any measure of block price change.
The nonparametric tests are also consistent with this pattern. Given
the weakness of the association between the narrow measure ∆ P (Prv,
Blk) and  it is reasonable to attribute any weak correlation between
the longer price change variables and earnings to the arrival of new
public information.

Results for block trades during the last “trading week” before a
quarterly earnings announcement are reported in Table 4. Over this
interval, all of the estimated slope coefficients are positive. Compared
with the slope coefficients for the prior “week,” these estimates are
[with the exception of ∆ P (Pclo, Blk) for “small” blocks] larger both
in absolute magnitude and relative to their respective standard errors.17

In particular, both the regression and nonparametric tests confirm a
positive relation between  and the narrow price change ∆ P (Prv,
Blk) on “large” blocks.

Not only does it appear that “large” information-based blocks are
traded, but “the market” also appears to learn from these blocks. The
estimated slope coefficients in the ∆ P (Prv, Clo) and ∆ P (Pclo, Clo)
regressions (which measure new earnings information impounded
in postblock prices) are equal to the slope coefficients in the corre-
sponding ∆ P (Prv, Blk) and ∆ P (Pclo, Blk) regressions (which test for
the execution of information-based blocks).18

Using previous closing prices rather than previous transaction prices
17 To test formally whether the slope coefficients differ across the two weeks, we estimated the
regression

where     For “large” blocks (using a r-test based
on White standard errors), the null a2 = 0 is rejected at the 5 percent level for ∆ P (Pclo, Blk) and
∆ P (Pclo, Clo) but not for ∆ P (Prv, Blk) and ∆ P (Prv, Clo). However, the standard errors are so large
(from Table 3) that we also cannot reject that the slopes in [-11, -7] are 0.

18 Unfortunately, given our limited data, it is not possible to tell when the block trade is also the
closing trade. As a conservative test for robustness to this problem, the analysis was repeated for
77 “large” blocks in [-6, -2], where the block and closing prices were not equal. Significance
levels are lower, but the slope coefficients for ∆ P (Pclo, Blk) and ∆ P (Pclo, Clo) are still roughly
equal (i.e.. about 8) as are the point estimates for ∆ P (Prv, Blk) and ∆ P (Prv, Clo) [although the
t -statistics in the ∆ P (Prv, Clo) regression are less than 2].
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to measure the preblock price level makes a dramatic difference in
the magnitude of the information revelation price effects. For exam-
ple, when the previous day’s closing price is used in the “large” block
regressions, the slope coefficients jump by about .55 (i.e., 55 cents
per dollar unforecasted earnings) and the R2’s indicate an extra 15
percent of price variation is explained. This jump is consistent with
the “leakage” of information about impending block trades into pre-
vious transaction prices as well as the alternate “reactive” trading
explanation.19
19 As further evidence of “leakage” or “reactive” trading, the preblock price change ∆ P (Pclo, Blk)
- ∆ P (Prv, Blk) and ∆ P (Prv, Blk) are strongly associated. For “large” blocks in [-6, -2], the
correlation is .319 and the rank correlation is .304, although the x2 -statistic is only 3.19. For “small”
blocks, the correlation is only ,023, but the rank correlation is .122 and the x2 -statistic is 15.46.
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Comparing results across block size samples also supports predic-
tions that information revelation increases in block size. One inter-
pretation of this prediction is that the magnitude of the associated
revision in expectations should increase with size. A second inter-
pretation is that the informational component of block prices should
explain a greater proportion of block price change variance. Both
interpretations are supported. First, the slope coefficients for each
price variable are increasing in block size.20 For example, the price
of a “small” block is on average only 2 cents higher than the previous
transaction price per dollar unforecasted earnings. The price of a
“large” block is 18 cents higher. Second, the regression R2’s are also
increasing. Forecast errors explain only 0.3 percent of the variance
of the difference between “small” block and previous transaction
prices versus 4.6 percent for “large” block trades.

As a check on whether these results are simply statistical artifacts
of using transactions taken from a time when the probability of new
public information arriving is high, the same regressions and non-
parametric tests were reestimated for samples of “matched” small
trades which were constructed as follows. For each qualifying “large”
block trade observation, the corresponding “matched” sample
includes the smallest trade21 from the same week [-6, -2] that sat-
isfied the following criteria:

1. The small trade satisfied the conditions previously given for
inclusion in the block trade sample.

2. The trade involved less than 0.1 percent of shares outstanding.
3. No trade executed on the same day was included in the corre-

sponding block trade sample for this firm.

A similar process was used to obtain a “matched” sample for “small”
blocks. The variables ∆ P (Prv, Match), ∆ P (Prv, Clo), ∆ P (Pclo, Match),
∆ P (Pclo, Clo), and  are defined analogously to their block trade
counterparts.

The “matched” sample results are reported in Table 5. In contrast
to the block trade results, there is little evidence of positive corre-
lation between “matched” price changes and unforecasted earnings.
The estimated slope coefficients are sometimes negative, although
their t -statistics are all less than 2. In addition, none of the nonpara-
metric tests reject the independence of “matched” price changes and
20 Using a t -test, the null hypothesis of equal slope coefficients for “large” and “small” blocks during
the week [-6, -2] is rejected at the 5 percent level for all four price variables.

21 In the event of “ties” for the smallest trade, the last such trade is used. Typically, ties occurred
because of the 5000 share floor. At most one “matched” trade is found per interval in which a firm
has a block trade. Only about half of the “large” blocks could be matched-with fewer matches
found for smaller firms as is reflected in the median market value of firms in the two samples (e.g.,
$230 million for “large” blocks versus $363 million for the corresponding “matched” trades).
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earnings at the 5 percent level. The weakness of the association
between earnings and the “matched” price changes (and, in partic-
ular, those measured over longer time periods) further supports the
information revelation interpretation of the block trade results.22
2 Using a t -test. the null of equal slope coefficients for “large” blocks and “matched’ small trades
during [-6, -2] is rejected at the 5 percent level for ∆ P (Prv, Blk) and at the 10 percent level for
∆ P (Pclo, Blk).



Results for block trades executed during the first “trading week”
after a quarterly earnings announcement (including the publication
date itself) are reported in Table 6. This postannouncement sample
is used to test an alternate explanation for the preannouncement
results-namely, that block trades only appear to reveal information
because of “spurious” correlation between (i) blocks that were traded
“reactively” in response to past earnings information, and (ii) mea-
surement error in  due to the same information. In the postan-
nouncement period, true unexpected earnings (for the past quarter)
are identically zero because any uncertainty about reported earnings
has been resolved by the announcement itself. Thus, the forecast
error  when used to proxy for unexpected earnings, is pure mea-
surement error. Thus, an indirect way to assess the influence of “spu-
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rious” correlation on the preannouncement results is to reestimate
the tests over this postannouncement period.

In the OLS regressions,  is not significantly correlated with the
different price changes,23 although the x2 -test and rank correlation
test do reject independence at the 5 percent level for “large” blocks
using ∆ P (Pclo, Blk) and ∆ P (Prv, Blk). In the case of ∆ P (Pclo, Blk),
however, these nonparametric rejections are due more to observations
with  close to 0 than the extreme (i.e., potentially profitable) 
observations that lead to rejection in the preannouncement samples.

The ambiguous evidence for ∆ P (Prv, Blk) and earnings is more
problematic, preventing, as it does, definitive conclusions on the bias
contributed by “reactive” trading to the preannouncement results. In
future work with larger sample sizes, it may be possible to make
sharper inferences. In particular, it would be interesting to disentan-
gle the effects of any quick-response “reactive” trading on day 0 from
lagged “reactive” trading on days +1 through +4.

6. The Role of Block Size

The results in Section 5 can be viewed as “reduced-form” evidence
on the composite relation between block prices and information. In
this section, I present “structural” evidence on whether trade size
itself is a variable which reveals earnings information. If trade size
does convey information, then it is reasonable to expect (i) earnings
forecast errors and (ii) block prices each to be correlated with trade
size.

These predictions are tested nonparametrically using Spearman
rank correlations between unsigned measures of trade size and the
absolute values of scaled forecast errors and price changes. The chief
merit of this procedure is again that unsigned Fitch volume data does
not need to be signed. Furthermore, the x2 -tests from Table 4 already
indicate that the signs of block price changes and forecast errors are
correlated. Thus, the focus here is on magnitude rather than sign-
that is, whether extreme forecast errors are associated with extreme
block size and whether extreme block size is associated with extreme
price changes.

Rank correlations for week [-6, -2] before earnings announce-
ments (i.e., the period for which evidence of information revelation
is uncovered in Section 5 are reported in Table 7). Two measures of
trade size are used: (i) percent of shares outstanding traded, and (ii)
number of shares traded. The second measure is included as a robust-
23 Using a t -test. the null of equal slope coefficients for “large” blocks in [-6, -2] and [0, +4] is
rejected at the 5 percent level for ∆ P (Pclo, Blk) and ∆ P (Pclo, Clo).
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ness check. Unlike in Section 5 (where size is used only for a coarse
sorting), size here is hypothesized to have a more structured (mono-
tone) relation with price and earnings across the sample of firms.

When the sample is limited to “large” blocks of at least 0.5 percent
of shares outstanding, little correlation is detected between prices or
earnings and either size measure. When the range of trade sizes is
expanded to include both “large” and “small” blocks, the percentage
of shares traded is (rank) correlated with the absolute total price
change  However, surprisingly, the percentage of shares
traded is not (rank) correlated with either of the absolute “permanent”
price changes  or with the abso-
lute forecast error  Taken at face value, this lack of correlation
is inconsistent with the percentage of shares traded being a mecha-
nism revealing private information about the magnitude of unex-
pected earnings.

Size as measured by the number of shares traded is also an unlikely
candidate mechanism during the last week. The number of shares
traded is not significantly (rank) correlated with absolute price change
and is negatively correlated with earnings forecast errors.

There are several possible explanations for the weakness of the
“structural” versus the “reduced-form” evidence. First, since “large”
blocks do appear (from Table 4) to be more informative than “small”
blocks, it is possible that “large” blocks are informative only about
the sign and not the magnitude of unexpected earnings.24 Second,
trade size alone may be less informative than investor urgency, rep-
24 There is some empirical support for this first explanation. Calculating rank correlations between
 and each of the four absolute price changes, we found in this week that all were below the

.05 critical value except for  in the pooled “large” and “small” block sample.
However, caveats about cross-sectional heterogeneity also apply to these tests.
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utation, and other trade characteristics. However, if “large” size sig-
nals that dealers should condition on these other variables, then
“large” blocks will still be more informative about earnings even if
“size” itself is not directly informative. Third, heterogeneity across
firms (e.g., in the price impact of a given size trade) may confound
“structural” tests using cross-sectional data. Time-series data is clearly
preferable for this reason. However, the relative infrequency of block
trades around earnings announcements (i.e., 107 “large” blocks dur-
ing week [-6, -2] for 1779 quarterly announcements) may make the
use of cross-sectional data unavoidable.

As a final methodological comment, even with time-series data on
block trades, the “reduced form” evidence would not be redundant.
In particular, “structural” tests based on pairwise correlations (with
price changes and with forecast errors) may indicate that size (or
some other variable) is informative about earnings when actually it
is not.

For example, assume (i) all traders are uninformed about true
unexpected earnings, (ii) certain blocks are known by dealers (e.g.,
because of investor reputations) to be “reactive” trades in response
to lagged public earnings information, but (iii) no other blocks are
“reactive,” (iv) that forecast errors  include measurement error
due to this lagged public information, and lastly (v) some traders are
informed about a possible tender offer and that the market is aware
of this possibility. Under these conditions, “structural” tests will
incorrectly support earnings information revelation, while “reduced
form” tests will correctly reject it. In particular, assumptions (ii) and
(iv) induce positive correlation between trades and FE while assump-
tion (v) leads to positive correlation between trades and price changes
(i.e., as a result of information revelation about the tender offer, not
earnings). In contrast, given assumptions (i)-(iii), FE will be cor-
related with ∆ P (Prv, Blk) only if there is price pressure (i.e., on the
uninformed “reactive” trades) and will be uncorrelated with ∆ P (Prv,
Clo) (i.e., after the price pressure has abated).

7. Summary

Do block price changes reflect the revelation of private information
about unexpected quarterly earnings? From “reduced-form” tests of
the composite relation between earnings and prices, the answer
appears to be yes. In particular, prices on “large” blocks (of over 0.5
percent of share outstanding) shortly before earnings announcements
are positively correlated with Value Line forecast errors, our proxy
for unexpected earnings. However, the magnitude of these price effects
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depends dramatically on whether the preblock price level is mea-
sured by the preceding closing or the previous transaction price.

Turning to our second question, is block size itself (as one of many
descriptive characteristics of a trade) informative about earnings? Here
the answer is less clear. “Large” blocks do appear to be more infor-
mative than “small” blocks or randomly “matched” small trades.
However, we do not find significant (positive) Spearman rank cor-
relation between unsigned block size and the absolute values of
either earnings forecast errors or “permanent” price change. Hence,
blocks may be more informative about the sign than the magnitude
of unexpected earnings. However, a likely problem with these more
“structural” tests is that the “market” may interpret our two size
measures differently across sample firms. Another possibility is that,
although not directly informative about earnings, trade size may indi-
rectly signal dealers that they should condition prices on other trade
characteristics (e.g., investor urgency and reputation) that are infor-
mative.

This study suggests several avenues for future work. First, in the
regression analysis, information revelation about current earnings
explains at most 20 percent of block price variance for a sample
constructed a priori to maximize the importance of this effect. Thus,
there clearly is a need for further work identifying other variables
(e.g., earnings further in the future or the split of firm value between
stock and bond holders) about which block trades-and transactions
generally-are informative.

Second, there is a need for work-both theoretical and empirical-
on standardized ways to measure trade size so that its informational
interpretation is consistent in cross-sectional samples, and on the role
trade characteristics other than size (e.g., investor urgency, reputa-
tion) play in the process of information revelation.
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