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Abstract

This paper develops a test for forecast bias that is robust to (a) correlated information
amongst analysts; (b) common unforecasted industry-wide earnings shocks; (c) information
arrival at different points of the forecast horizon; and (d) the possibility that the measure of
earnings that analysts forecast differs from that which the econometrician observes. Empirically,
we find that forecasts are biased, but that analysts do not herd. On the contrary, anti-herding
obtains: Analysts systematically issue biased contrarian forecasts that overshoot the publicly—
available consensus forecast in the direction of their private information. The forecast bias is
economically large and declines with the amount of information at an analyst’s disposal. The
magnitude of the bias, its systematic variation with analyst following, and the pattern of bias
in forecast revisions indicate that the bias is strategically chosen. In particular, the data cannot
be explained by any form of analyst overconfidence.
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1 Introduction

“Going against the consensus is the way an analyst makes his or her mark.”

— Steven Garmaise, Midland Walwyn Capital

Both the financial press and academic research regularly suggest that security analysts herd
toward the consensus forecast, issuing forecasts that under-weight their own information (Trueman
(1990, 1994), Hong, Kubik and Solomon (2000)) These herding stories have arisen because forecasts
seem “too clustered.” For example, Gallo, Granger and Jeon (2001) find that forecasts of GDP
converge as the date at which GDP is announced draws nearer, but that invariably final forecasts

are either uniformly too low or too high. The authors conclude that forecasters herd.

But, clustered forecasts need not imply that analysts herd. First, earlier forecasts may contain
information that subsequent analysts, as proper Bayesians, incorporate into their forecasts. Second,
analysts rely on common information sources. In particular, all earnings analysts rely heavily on a
company’s chief financial officer for information. If a CFO tells each analyst the same thing, their
forecasts will reflect this common (perhaps mis)information, so that their forecasts will tend all to
be too high or too low relative to announced earnings. Indeed, if analysts have identical information,
each unbiased analyst will make the same forecast, which will invariably differ from actual earnings.
Third, common unanticipated market-wide shocks can cause most, if not all, forecasts to be too
low or too high relative to earnings. For example, in 2000, most earnings forecasts for technology
stocks greatly exceeded earnings. However, the fact that the forecasts systematically differed from
earnings does not imply that the forecasts were biased; the huge decline in stock prices of technology
firms suggests that this earnings decline was also unanticipated by the entire market. Fourth, the
measure of earnings that analysts forecast may differ from the earnings that the econometrician
sees. For example, analysts may not seek to forecast some exceptional items that appear in reported
earnings (Abarbanell and Lehavy 2001). Finally, information arrival may cause forecasts to appear
“too scattered,” because analysts forecasting at later dates have access to more information, and

analysts who report earlier often do not revise their forecasts (Trueman 1990).

This paper tests for herding and bias in the forecasts of earnings analysts, extending a test
developed in Bernhardt and Kutsoati (2001). Our test for forecast bias is robust to each of the
concerns highlighted above. The key idea underlying the test is that if an analyst is unbiased, then
his forecast should be as likely to exceed realized earnings as fall short, both unconditionally, and
conditional on anything in his information set. If, instead, an analyst herds, biasing his forecast
toward the consensus given his information, then his forecast will be located between the consensus

and his private estimate of what earnings will be. Consequently, if an analyst herds, then when his



forecast exceeds the consensus, it should fall short of realized earnings more than half of the time.
So too, when a herding analyst’s forecast falls short of the consensus, it should exceed earnings
more than half of the time. The opposite outcome is predicted if an analyst seeks to issue forecasts
that distinguish him from other analysts. Then, an analyst will issue a forecast that will overshoot

his private estimate of what earnings will be in the direction away from the consensus.

The key feature that these observations share is that no assumptions are made about how an
analyst’s information set is formed. This implies that our tests for unbiasedness or herding are
unaffected by correlation in signals or information arrival. Essentially, we estimate two conditional
probabilities: the conditional probability that a forecast exceeds realized earnings given some con-
ditioning information, and the conditional probability that a forecast falls short of earnings (given
some other conditioning event). To control for possible unforecasted earnings shocks, our test
statistic averages these two conditional probabilities: under a null of unbiasedness, an unforecasted

earnings shock has off-setting impacts on the frequency with which each over-shooting event occurs.

Bernhardt and Kutsoati (2001) explore theoretically how relative performance compensation
affects analyst forecasts, so that analysts care about both absolute and relative forecast accuracy.
If the forecast industry uses relative forecast accuracy to gauge analyst ability, then relative forecast
compensation arises naturally.! If compensation is a convex function of relative forecast accuracy,
then analysts try to separate their forecasts from those of other analysts. As a result, analysts issue
forecasts that overshoot their best guess of earnings in the direction away from the consensus. In
contrast, concave relative performance compensation induces analysts to issue forecasts that are
closer to the consensus forecast than their information would suggest; i.e. analysts will herd so
that forecasts will be overly clustered. This theoretical analysis suggests likely variables on which
to condition in order to test for the unbiasedness of forecasts: (1) the amount by which a forecast
exceeds the consensus, (2) whether the forecast was a revision, (3) analyst coverage, (4) the number

of prior forecasts, and so on.

No matter where we search, we find overwhelming evidence against herding behavior. Rather,
brokerage houses and money management funds appear to employ only the Thomas Kurlaks of
the world to do their forecasting. Of Kurlak, Merrill Lynch’s semiconductor analyst, it is said
that “When Kurlak likes a company, his estimates tend to be much higher than everyone else’s;
when he is down on a company, they’re much lower” ( “Who Really Moves The Market”, FORTUNE,

October, 1997). Analysts systematically issue biased contrarian forecasts that overshoot the con-

!The intense competition in the forecasting industry to win clients gives rise to intense competition to identify
able analysts. There is ample evidence that analysts with better forecasting record are seen as more skilled, and, as
the subjects of robust competition, receive large wage increases and bonuses.



sensus forecast in the direction of their private information. The conditional probability that an
analyst’s forecast overshoots actual earnings per share (EPS) in the direction away the consensus
is 0.60. A forecast that falls short of the consensus falls short of EPS 62% of the time; and when
it exceeds the consensus, it exceeds EPS 58% of the time. Further, the probability an analyst’s
forecast overshoots EPS away from the consensus rises rapidly with the magnitude by which an
analyst’s forecast differs from consensus. We find similar results for all analysts — the second,
third, next-to-last, last, and so on. Our test statistic is remarkably stable, varying by less than
five percentage points across all years and analyst-coverage, despite large variations in common

earnings shocks. These findings are the opposite of those predicted by herding.

The other contribution of this paper is to quantify the magnitude of the forecast bias, and to
distinguish between strategic contrarian and overconfidence explanations of the data. An overconfi-
dent analyst places excessive weight on his private signal, so that if his signal exceeds those of other
analysts, then his forecast will tend to overshoot earnings in the direction of his signal (Ehrbeck
and Waldmann 1996). What makes distinguishing between strategic contrarian and overconfidence
explanations such a challenge is that there is a wide range of overconfidence alternatives reflecting
different magnitudes of over-weighting of the private signal in the forecast: we have to show that

no overconfidence alternative alone can be consistent with the data.

Distinguishing between these explanations has important policy and modeling implications.
With regard to policy, there is considerable evidence that private investors may be overconfident
and behave in predictable suboptimal ways (Odean (1999)). However, the actions of experts work-
ing for large institutions likely have far greater impacts on aggregate market outcomes, rendering
the presence of myopic private investors less important. With regard to modeling, the economics
profession has a stake in rejecting overconfidence explanations in the following sense: it is hard
to imagine environments where the assumption that agents behave rationally in accord with their
incentives is more appropriate than that here. Analysts are trained and experienced, and compen-
sation is highly sensitive to performance. If trained analysts with so much on the line did not act

rationally, then it would suggest that behavioral models must be almost universally considered.

To see why and how we reject overconfidence alternatives, consider the overshooting implications
of the most extreme formulation of overconfidence possible. To be specific, suppose that signals
are independently and identically drawn from a normal distribution, and analysts report unbiased
forecasts given only their own signals, ignoring all information contained in earlier forecasts. Then,
for every one percent of price by which the second analyst overshoots the consensus (the first
forecast), he would overshoot earnings on average by one-half of a percent, as the best estimate of

earnings given the two forecasts is their average. More generally, the ¢ analyst would overshoot



on average by 1 — % of a percent, so that overshooting magnitudes should rise for later analysts.

Next note that overconfident analysts should overshoot earnings by less if either (a) in addition
to being overconfident, they herd; (b) signals are positively correlated; (c) later analysts have better
information; or (d) analysts are overconfident, but not excessively so. To see this, first note that
herding effectively raises the forecast weight on the consensus. Second, if signals are positively
correlated or if later analysts have better information, then there is less incremental information
in earlier forecasts. Finally, less overconfident analysts place greater weight on earlier forecasts.
Each of these possibilities implies reduced overshooting magnitudes. Since correlated information
and information arrival are both important, and extreme overconfidence is unreasonable, this 1 — %
bound grossly overstates the overshooting that could be consistent with overconfidence. We then
show that the forecast bias is oo large to be explained by overconfidence. For example, for every one
percent of price that the second analyst overshoots the consensus, he overshoots earnings by 0.73 of

a percent, significantly exceeding the upper bound on overshooting consistent with overconfidence.

Under the assumption that analysts choose forecast biases that are linear functions of the
expected error in the consensus forecast, we derive estimates of both the strategic bias and its
expected dollar impact. The overshooting magnitudes imply a strategic bias of 1.7 times the
difference between the analyst’s (unobserved) true estimate of earnings and the consensus forecast
if he were the 2"? to report; and if he reports last (20*"), the strategic bias falls to 0.44 times
the difference. Thus, the forecast bias falls rather than rises with the information at an analyst’s
disposal, but it always remains economically significant. Using reasonable bounds on correlation,
information arrival and overconfidence, our findings indicate that analysts overshoot by too much
to be explained by overconfidence alone. That is, strategic contrarian behavior is necessary to
explain the data: we can reject unbiasedness and herding explanations in combination with all

forms of overconfidence.

We also find bias in revised forecasts that is inconsistent with overconfidence. If analysts revise
their forecasts toward the consensus, overshooting frequencies are quite high; but if a forecast
revision moves away from the consensus, the revised forecast is essentially unbiased. Overconfidence
predicts the opposite. That is, forecasts that move further away from the consensus should be
more likely to overshoot. Strategic contrarian behavior can reconcile these findings: analysts who
move toward the consensus do so reluctantly because they want to preserve separation from other
forecasts; whereas analysts who move away from the consensus are confident that their forecasts
are more accurate, so that they do not bias their forecasts. In sum, our paper provides evidence

that strategic contrarian considerations and not overconfidence or herding underlie forecast choices.



Most earlier attempts at detecting herding did so by estimating the deviation of each forecast
from the mean of all forecasts reported in that forecast period. With this approach, Hong, Kubik
and Solomon (2000) find young and inexperience analysts are more likely to herd toward the
consensus, and are more likely to lose their jobs for making forecasts that deviate away. Lamont
(1995) offers similar findings for forecasters of GNP and other macroeconomic indicators.? A
concern with this testing strategy, however, is that it does not account for either correlation in
information or information arrival. Welch (2000) takes a different approach. Using a dataset of
analysts’ recommendations, he finds that the prevailing consensus and the two most recent revisions
have a positive influence on the next analyst who makes a recommendation. Although Welch
interprets his results as evidence of herding, they may also reflect the fact that recent revisions

contain useful information that analysts incorporate into their own forecasts.

Our results contrast sharply with those of Keane and Runkle (1998), who claim that “profes-
sional stock market analysts make unbiased forecasts of earnings.” As in our paper, Keane and
Runkle try to control for correlated signals. However, they restrict their analysis to 21 very heavily-
followed firms. We find that forecasts biases are smallest for such firms, and conjecture that sample
selection may explain their failure to uncover the contrarian bias. Indeed, our findings provide
strong support for the theory that convex relative performance compensation drives forecasts. In
particular, Bernhardt and Kutsoati (2001) show that convex relative performance compensation
causes analysts to issue contrarian forecasts, and that the strategic forecast bias should fall when
analysts have more information. These results complement those of Zitzewitz (2001), who finds

that analysts issue forecasts that exaggerate their information.

The rest of the paper is organized as follows. Section 2 develops our testable hypotheses, and
presents our estimation approach. Section 3 explains our sample selection procedure, presents our

empirical findings, and explores their economic significance. Section 4 concludes.

2 Do analysts herd?

An analyst is said to issue an unbiased forecast if and only if the forecast is equal to the analyst’s
posterior estimate of the median earnings per share given the information at the analyst’s disposal.?
An analyst’s information includes both the information uncovered through his own analysis, as well
as public information released by the firm, and forecasts by earlier analysts. Herding is a choice by

an analyst to announce a forecast of earnings that is closer to the publicly known consensus than

%See also Laster, Bennett and Geoum (1999), and Ehrbeck and Waldmann (1996).
3The median corresponds to the mean if an analyst’s posterior distribution over earnings is symmetric.



his information suggests, so that his forecast is located between the consensus and his posterior
estimate of the median of earnings. This is the appropriate notion of herding in an environment in
which earlier forecasts contain information about earnings and/or reflect new information arrival,

and analysts update their beliefs about earnings following forecast observations.

Formally, for the ¥ analyst to report an earnings forecast for firm j in quarter k, let E’ijk
be the median of his posterior distribution Gjj;i(-) over earnings per share given his information.
Also, let Fjj be his forecast, and let Fijk be the outstanding consensus (average) forecast at the
moment analyst ¢ issues his forecast. Then 4 reports an unbiased forecast if and only if Fj;, = EZ]k
While we do not observe Ez-jk, if 2’s forecast is unbiased, it should be as likely to exceed earnings as
fall short, both unconditionally, and conditional on anything in ¢’s information set. In particular,
the likelihood with which 4’s forecast exceeds actual earnings should not vary with the amount by

which ¢’s forecast exceeded or fell short of the consensus.

If, instead, analyst ¢ herds toward the consensus, then his reported forecast is between his private
estimate of earnings and the consensus, so that either Fijk < Fijp < E’ijk or Fijk > Fijp > EZ]k
As a result, given that a forecast exceeds the consensus, it should fall short of realized earnings
more than half of the time; and given that a forecast is less than the consensus, it should exceed

realized earnings more than half of the time.

Finally, if analyst ¢ tries to distinguish himself from the others, then when his private estimate
of earnings exceeds the consensus, his forecast will also exceed his private estimate. That is, if
Fijr < Eyp then Fyp < Eyj < Fyg; and if Fyjy, > Eijg then Fijp > Eyj, > Fyjp. Such “anti-
herding” behavior gives rise to overshooting: if i’s forecast exceeds the consensus, then his forecast
should exceed realized earnings more than half of the time; and if his forecast is less than the

consensus, it should fall short of realized earnings more than half of the time.

Let 7 be an index for a generic forecast by an analyst in some firm-quarter. We first select
conditioning events 2 and z;, where 2" implies that the analyst’s forecast exceeds the outstanding
consensus; and z, implies that the forecast fell short of the consensus. For example, 2~ might be
the event that (a) forecast F, exceeded the consensus, F,, by at least = percent of the stock price
at the end of the previous quarter, i.e. % > z, (b) the analyst was the third analyst to report,
and (c) the analyst had issued a prior forecast, so that F. represented a revised forecast. Similarly,

z; might be the event that pr—ilff > z, and F; was a revised forecast issued by the third analyst.
Next, define conditioning indicator functions, v~ and ~-, where

vt =1if 2} occurred; 47 = 0 if 27 did not occur,

v =1if z~ occurred; v~ = 0 if 2z~ did not occur.



Similarly, define overshooting indicator functions, § and J-, where:

6F =1if F; > E; and 7 = 1; and 0} = 0 otherwise,
07 =11if F; < E; and 77 = 1; and 07 = 0 otherwise,

and F; is the actual earnings in firm-quarter 7. Thus, E[d |y;" = 1] is the probability that F, > E;
given that event 2 occurred; and E[0- |y = 1] is the probability that F, < E. given that event

z; occurred. Under the null hypothesis that analysts issue unbiased forecasts
B! lyf =1]= Elé; |y, =1] =0.5.

If, instead, analysts herd, then because z = 1 indicates that F, > F,, herding implies that
E.>F, >F,. Consequently, with herding,

E[0f |y =1] < 0.5.
Similarly, with herding, z~ = 1 implies that E. < F. < F. so that

E[67 |y =1] <0.5.
Conversely, if analysts anti-herd,

E[6f|yi=1>05 and  E[0; |y, =1] > 0.5.

Figure 1 illustrates the events 6 and d7. If an analyst’s forecast is median-unbiased, then
independently of anything in his information set, including the location of the consensus, F. should
correspond to his estimate of the median earnings per share, E.. If, instead, an analyst biases his
forecast toward the consensus, then his forecast will be located between E. and F,, making the
conditional probability of overshooting (i.e., the frequency of events 6 and ) less likely; while if
the analyst biases his forecast away from the consensus, this raises the likelihood of events §} and
0, . This central insight regarding how different forms of bias affect the probabilities of overshooting

forms the crux of our test for forecast bias.

Under the null that forecasts are unbiased, both 3. 61 and Y- 4~ are binomially distributed

with mean 0.5. We use sample averages to estimate the population overshooting probabilities:
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%T " is our estimate of the conditional probability of overshooting earnings given z™; while 2
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is our estimate of the conditional probability of falling short of earnings given z~. Our test statistic

is the average of our estimates of the two conditional overshooting probabilities:
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Figure 1: Realization of actual EPS relative to F, and F,

Crucially, the properties of S do not depend on how analysts form their posteriors over earnings,
G, (+). In particular, the posterior could reflect correlated signals amongst analysts for a given firm

quarter and/or information arrival over time; neither affects our test of median unbiasedness.

Also, S has the property that its distribution is well-behaved asymptotically if the number of
firm quarters is large, even if there are common unforecasted earnings shocks across firms in a given
time period, and there are few time periods. Suppose earnings per share for firm ¢ in quarter ¢
contain an unforecasted market shock to earnings common to all firms in period ¢, wy:

Ey = By + w; + €,
where €;; is independently distributed across time and firms, and w; is unforecasted by the analyst.
The unforecasted earnings shocks may be large. For instance, in 1999, the last analyst’s forecast fell

short of earnings 73% of the time, presumably due to large positive unforecasted earnings shocks.

Suppose first that w; = w,V7, and that analysts’ posteriors about earnings realizations for
different firms are identically distributed about their medians, G (E; —E Q) =G (B —E, |2,1),
V7, 7’. Under the null hypothesis that forecasts are unbiased, "4 has a binomial distribution,
B(X, v, G(E +w)); and Y2, 67 has a binomial distribution, B(Y, 77,1 — G(E + w)). Under the
null, S has mean,

~

1 . 1 1
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independently of w and ¢(-), and variance
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Thus, under the null of median unbiasedness, asymptotically,

1 GE4+w)(1-GE+w)] 1 1
2’ 4 ZT%*JFZTVF '

s~

, which does not depend on w or

The variance of S is bounded from above by 1—16 [ﬁ + ﬁ
g(+). Since neither the mean of S nor this variance bound are affected by variations in w, and g, (-)
across firm quarters, if the null hypothesis of unbiasedness is rejected using the upper bound on
the variance, then it can always be rejected. In sum, if forecasts are unbiased, then S = 0.5. The

alternative of herding implies that S < 0.5; and anti-herding implies that S > 0.5.

Importantly, a similar analysis reveals that our S test for median unbiasedness is robust to the
possibility that analysts are not trying to forecast the earnings reported by I/B/E/S, but rather
seek to forecast some other measure of earnings, E; + ¢, that is unobserved by the econometrician.
For example, it may be that analysts do not try to forecast large negative earnings accruals that
some firms take (Abarbanell and Lehavy 2001), but which are included in the earnings reported by
I/B/E/S. As long as ¢, is distributed independently from F, — F, (this would hold, for example,
if ¢, is the same for all analysts), then under the null hypothesis that analysts report the posterior
median of the distribution over the earnings variable that they seek to forecast, the mean of S
remains equal to 0.5 and the variance of S is reduced, so that the same upper bound on the

variance can be used to reject the null of unbiasedness.

Finally, note that outliers do not have disproportionate effects on frequencies. Consequently,
the tests are robust to failing to exclude data entry errors, or unusual “one-time” events such as
large discretionary write-downs of assets that analysts do not seek to predict (see the concerns
detailed in Keane and Runkle (1998) and Lim (2001)).

3 Empirical Analysis
3.1 Data and Sample Selection

Data on individual analysts’ quarterly forecasts of earnings from 1989 to 1999 were taken from
the Institutional Brokers Estimate System (I/B/E/S) Detail tapes. Each observation includes the
company ticker, forecast horizon, codes that identify each analyst and brokerage house, the analyst’s
earnings estimate for the period-end and the date that the forecast was reported to I/B/E/S. We do
not consider forecasts prior to 1989 because of the lag between the date of an analyst’s forecast and
the date the forecast was entered in the I/B/E/S database during this period.* After 1988, forecasts

“O’Brien (1988) reported an average publication lag of 34 trading days over the period 1975-1982.



were disseminated by I/B/E/S within 24 hours. Our sample selection ensures that publication dates
are close to the actual dates that analysts released their forecasts and, more importantly, the analyst

reporting observes earlier forecasts.

Actual earnings per share data, reported on the same basis (primary or diluted) as the corre-
sponding forecasts, are also taken from the I/B/E/S database. Share prices and the number of
shares outstanding at the end of each quarter are extracted from the Center for Research on Secu-
rity Prices (CRSP) files. We filter the data for likely data entry errors, deleting any forecast with
an absolute error value exceeding $10.> Some forecasts are dated over 360 days before the actual
earnings report, and could be data entry errors (entries for the wrong firm quarter). To deal with
this, we include only the forecasts reported within 120 days of the actual earnings announcement.
Then, for each firm-quarter, we count the number of analysts reporting forecasts (cover), and the
order in which a forecast was reported in the sequence (order). We also track total forecasts,

including revisions, reported each firm-quarter.

Analysts sometimes revise their old forecasts. Consequently, we only use the most recent forecast
reported by each analyst when processing the consensus forecast. For every firm-quarter, we order
forecasts by the date of release. We then define a forecast reported at time 7 by F; and the mean
of all other forecasts reported at least ¢ days before time 7 as F,_;. F,_; is then the outstanding

consensus mean forecast of those reported at least £ days before date .

The procedure is illustrated with a hypothetical example in Table 1. The table presents a
sequence of release of forecasts by five distinct analysts for a given firm-quarter. The total number

of forecasts is 8. The data is sorted by the date of publication.

Table 1: Example of the sequence of forecasts and the processing of the consensus forecast

Analyst Date of publication Order of forecast
Obs. # identity Forecast (yy/mm/dd) (for consensus estimation)
1. 1 0.75 92/04/17 1
2. 1 0.70 92/04/20 1
3. 2 0.72 92/04/27 2
4. 3 0.82 92/05/03 3
5. 4 0.82 92/05/03 3
6. 5 0.80 92/05/15 5
7. 3 0.84 92/05/15 4
8. 1 0.83 92/06/10 5

®O’Brien (1988) and Lim (2001) used a similar rule in deleting suspected data-entry errors.
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If we require a lag of one day in calculating the outstanding consensus, then the last column will
represent our notion of the order of release of the forecasts. For example, since the same analyst
makes the first two forecasts, he is still the only analyst, so the order is 1. This means that the
consensus forecast at the time analyst 2 reports his forecast on April 27 (see the 3rd observation)

will be given by $0.70, the most recent forecast of analyst 1.

Also, since the 4th and 5th forecasts were made by different analysts on the same day, they
are both 3rd in the order of release of forecasts. That is, both of them have knowledge of only
two (distinct) analysts who have reported before them. Hence, they will both be facing the same
consensus, which will be the average of the 2nd and 3rd forecasts. Notice that the 7th forecast
(release by analyst 3) has an order of 4. This is because his forecast was made on the same day as
the 6th observation (reported by analyst 5) and 3 distinct analysts had reported forecasts before
May 15. Similarly, the 8th observation, reported by analyst 1 will be 5th in the order of release.
The outstanding consensus at that point will then be the average of the most recent forecasts

reported by all except analyst 1; that is, the mean of the 7th, 6th, 5th, and 3rd forecasts.

An important question is what analysts see or know about other forecasts when they release
their own forecasts. The date of publication of an analyst’s forecast in the I/B/E/S database could
be later than the actual release date of his forecast to the market. Since it is unclear whether an
analyst making a forecast will know of recent forecasts, we choose a lag of £ = 3 days. Alternative

lag choices of 1, 5 or 7 days yield qualitatively identical findings.

Table 2: Sample Statistics: # of obs = 320, 311

Percentiles
min max 25 50 75 Mean Std. dev

Number of analysts (cover) 2 38 6 9 14 10.12 5.75
Forecasts-Analysts ratio 1 4 1.14 1.33 1.57 1.39 0.34
Consensus error (as a percent -48.5 160.4 -0.07 0.001 0.18 0.23 2.0

of stock price)

Forecast error (as a percent -72.6 1594 -0.09 0 0.11 0.14 1.87
of stock price)

Forecast minus consensus -100.58 59.80 -0.10 -0.01 0.04 -0.08 0.94
(as a percent of stock price)

Days between any two forecasts 0 116 1 6 13 9.58 12.46
Days between own forecasts 0 117 21 36 56 38.59 22.08

(revised forecasts only)

Table 2 gives the distribution of analyst coverage and the average number of forecasts per
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analyst. An average of about 10 analysts follow a firm in a given quarter in our sample, but some
firm-quarters have as many as 38 analysts reporting at least one forecast. The average number of
forecasts per analyst is about 1.4, indicating that one-quarter ahead forecasts are not revised too

often. On average, there are about 12 days between the release dates of successive forecasts.

We also report the distribution of error in individual forecasts as a percent of the stock’s price as
at the end of the previous quarter, and the difference between the last and consensus forecasts. To
remove the effects of outliers in percentage errors and differences, we drop observations with stock
price less than $5.00 (see Lim 2001). The mean stock price in the resulting sample is about $35.00,
suggesting that analysts on average overshot earnings in the direction away from the consensus
by about $0.05. The summary statistics show that the distribution of the percentage forecasts
error has extremely fat tails. Such outliers may have excessive impact on estimates using mean

regressions. We address this problem in section 3.3.

3.2 Results of Frequency Tests

Let S(z) be our test statistic when 2z is the event that FT};iIiTl"

% > z. The results, reported in Table 3, show that S(0) equals 0.60. That is, 60% of the

time, analysts overshoot earnings in the direction away from the consensus. Figure 2 shows that

> z, and 2z~ is the event that

S(x) rises rapidly with z: larger deviations from the consensus substantially raise the likelihood of
overshooting. Thus, we overwhelmingly reject both the null of unbiasedness and the alternative of

herding. Rather, analysts issue forecasts that overemphasize their private information.

Analysts’ forecasts exhibit a contrarian bias both when they have positive information and when
they have negative private information relative to the consensus (see the last 3 columns). Even
though unconditionally, forecasts exceed earnings only 46% of the time, if a forecast exceeds the
consensus, it exceeds earnings 58% of the time. So, too, if a forecast is less than the consensus,
it falls short of earnings 62% of the time. The difference in overshooting rates (62% vs 58%)
almost certainly reflects the fact that, unconditionally, forecasts tend to undershoot earnings (see
also Abarbanell and Lehavy 2001). Note, however, that if analysts issued unbiased forecasts that
corresponded to their posterior beliefs about the m-th percentile of earnings (m arbitrary), then
this has offsetting impacts on our two estimates of the conditional overshooting frequencies, leaving
the mean of our test statistic S under the null unchanged at 0.5, but with a reduced variance.

Thus, pessimism cannot explain our results.

In short, our tests are robust to the features of the data highlighted by Abarbanell and Lehavy.

Indeed, to the extent that (a) forecasts are more likely to be pessimistic, or (b) analysts are
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Table 3: Frequency Test of Bias in Analysts’s Forecasts

Average conditional probability, S, in different sub-samples. z; is the event that the forecast exceeds the consensus,

and z7 is the event that the forecast is less than the consensus. 95% confidence intervals in square brackets.

Freq. Test Statistic Conditional Frequencies
Sample # obs. S(0) Pr(F, > E) Pr(F, > E|z}Y) Pr(F- < E|z;)
Total sample 272,872 0.60 0.464 0.579 0.622
[0.599, 0.602)]
1989 — 1992 88,890 0.607 0.551 0.673 0.542
[0.604, 0.611]
1993 — 1995 82,180 0.603 0.440 0.555 0.650
[0.599, 0.606)
1996 — 1999 101,802 0.590 0.406 0.514 0.667
[0.587, 0.593)]
Segmented by Analysts following (cover)
cover <5 60,672 0.605 0.450 0.571 0.639
[0.601, 0.609)
6 < cover < 14 150,248 0.605 0.470 0.590 0.620
[0.602, 0.607)
cover > 15 61,952 0.586 0.459 0.561 0.611
[0.581, 0.590]
Segmented by timing of forecast (order)
order = 3 34, 864 0.609 0.479 0.599 0.619
[0.603, 0.614]
order = 2nd-to-last 49,855 0.593 0.431 0.541 0.648
[0.589, 0.598]
order = last 58,339 0.592 0.421 0.528 0.657
[0.588, 0.596]
Segmented by timing order in small/large group cover
order = 2 if cover < 5 23,889 0.617 0.480 0.608 0.626
[0.611, 0.623]
order = last if cover < 5 29,875 0.598 0.438 0.550 0.648
[0.592, 0.604]
order = 2 if 6 < cover < 14 11,965 0.613 0.544 0.661 0.564
[0.604, 0.622)
order = last if 6 < cover < 14 24,045 0.587 0.407 0.509 0.664
[0.581, 0.593)]
order = 2 if cover > 15 1,949 0.581 0.567 0.652 0.509
[0.559, 0.603)
order = last if cover > 15 4,419 0.581 0.377 0.469 0.685
[0.565, 0.596)
Segmented by days between forecasts (days)
3<days <7 80,525 0.611 0.467 0.591 0.631
[0.607, 0.614]
days > 8 99,074 0.609 0.448 0.569 0.648
[0.606, 0.612]
Segmented by days prior to earnings announcement (to-ann)
to-ann < 15 41,981 0.583 0.385 0.484 0.683
[0.579, 0.588)
15 < to-ann < 30 46,582 0.570 0.412 0.497 0.642
[0.565, 0.574]
30 < to-ann < 60 86,254 0.595 0.477 0.588 0.601
[0.591, 0.598]
to-ann > 60 98,055 0.621 13 0511 0.640 0.602

[0.618, 0.624]




forecasting a variable other than what we observe, or (c) there are unforecasted earnings shocks,
the power of our test is reduced, making it harder to reject the null of unbiasedness. This renders

the magnitude of overshooting bias that we uncover all the more remarkable.

Table 3 also reveals how the likelihood of overshooting varies with conditioning variables:

e The probability of overshooting is slightly higher for firms followed by fewer analysts. For
example, the S statistic equals 0.61 for firms followed by 5 analysts or less, while it equals

0.59, for firms followed by at least 15 analysts.

e Earlier analysts are slightly more likely to overshoot. For example, the third analyst over-
shoots 61% of the time, while the last analyst overshoots 59% of the time.

e The second analyst is less likely to overshoot if the firm is covered by more analysts; but

overshooting rates by the last analyst are not significantly affected by analyst coverage.

e There is almost no variation in overshooting rates across forecast-year, or as a function the
number of days between forecasts. However, the overshooting bias is slightly higher for

forecasts that are reported over 60 days prior to the earnings announcement.

e S varies little with the order of release for firms followed by many analysts, even though the

unconditional probability that a forecast exceeds earnings falls for later forecasts.

e The conditional probability that a forecast falls short of earnings when it falls short of the
consensus varies from a high of 66% in the late 1990s, when earnings were unexpectedly high,
to a low of 54% in 1989 and early 1990s, when the economy was in an unexpected downturn.
These results document both the importance of designing a test statistic that is robust to

common unforecasted shocks, and our success in doing so.

Next we explore the bias in revised forecasts. Analysts are far more likely to revise forecasts
down than up — 66.5% of the time, the revised forecast is lower than the original forecast, suggesting
that revised forecasts are strategically chosen. Bernhardt and Campello (2001) provide evidence
that these downward forecast revisions may be induced by firms seeking to reduce the consensus

forecast, in order to generate a ‘positive earnings surprise.’

We decompose revised forecasts in two ways. We first decompose revised forecasts according to
whether the original forecast-consensus difference is smaller or larger than the forecast-consensus

difference after the revision. We also decompose revised forecasts according whether the revised
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forecast, FT, is closer to the most recent consensus than the initial forecast, F?, was: i.e., according

to whether |F7 — F.| < |F° — F.|, where F.. is the revised consensus.

On first pass, Table 4 might suggest that revised forecasts are less biased — revised forecasts
overshoot earnings only 54% of the time, far less than the 60% rate at which all forecasts overshoot.
Importantly, revised forecasts are not less biased due to the fact they are issued later in the forecast
cycle: Table 3 indicates that the last analyst to report is only slightly less biased than earlier
analysts, overshooting 59% of the time. Inspection of the last panel reveals that (a) if a forecast
was revised, then the original forecast was awful, vastly overshooting earnings, and (b) revised

forecasts are significantly better. This suggests that analysts are reluctant to revise forecasts.

Table 4: Test of Bias when Analyst Revises Forecasts

This Table reports average conditional probability, S, that a revised forecast overshoots earnings, in different sub-
samples. 95% confidence intervals in square brackets.

Conditional Frequencies

Sample # obs. S Pr(F, > E) Pr(F. > E|z}) Pr(Fr < E|z;)

Revised forecasts 81,494 0.539 0.446 0.496 0.582
[0.535, 0.542]

Forecast-consensus difference after revisions

Difference smaller (than before) 44,871 0.549 0.442 0.498 0.599
(|Fr —=FL| < |F2 —F2|) [0.544, 0.553]
Difference larger (than before) 36,623 0.528 0.452 0.492 0.564
(|Fr —F.| > |Fe —F2|) [0.522, 0.535]

“Location” of old & revised forecast, relative to current consensus

Revision closer to current consensus: 39,979 0.568 0.450 0.525 0.611
(|Fr —F.| < |Fe —FL|) [0.563, 0.573]

original forecast 0.845 0.562 0.853 0.837
[0.841, 0.850]

Revision further from current consensus 41,515 0.505 0.443 0.451 0.560
(|Fr —=FL|>|F2 -F.|) [0.500, 0.511]

original forecast 0.571 0.609 0.724 0.417
[0.566, 0.575]

The results when we decompose forecast revisions further reveal that the bias characterization
is more subtle than that suggested by the fact that, on average, revised forecasts are less likely
to overshoot. The second panel shows that revisions that raise the difference between the consen-

sus forecast and the analyst’s forecast are less likely to overshoot than revisions that reduce the
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forecast—consensus difference. Analyst overconfidence predicts the opposite.

Most startlingly, the last panel of Table 4 reveals that forecast revisions that move toward the
consensus do not move nearly far enough, so that they still overshoot frequently. In sharp contrast,
forecast revisions that move away from the consensus are essentially unbiased. The result that, in
aggregate, revised forecasts overshoot less reflects the averaging of these opposing results. Most
importantly, the fact that revisions toward the consensus are more biased than those that move

further away strongly suggests that analyst overconfidence does not underlie the forecast bias.

How might one interpret these results? One possibility is that analysts care about both absolute
forecast accuracy, and forecast accuracy relative to the consensus. Consider the finding that revised
forecasts which move away from the consensus are unbiased. If the consensus is sufficiently inaccu-
rate given an analyst’s updated information, then he may not want to bias his forecast further in
order to separate away from the consensus. The revised forecast moves away from the consensus,
but is unbiased. This is consistent with the possibility that after some point, there are decreasing
returns to outperforming the consensus by more. Now consider the extreme overshooting bias in
forecasts that move toward the consensus. An analyst who revises his forecast toward the consensus
only does so when his original forecast is far ‘too’ extreme given his updated information. The fact
that the analyst’s revised forecast does not go far enough toward the consensus suggests a desire

to distinguish his forecast from others.

3.3 Economic Significance of Forecast Bias

Our frequency results demonstrate that analysts, rather than herd towards the consensus forecast,
systematically attempt to distinguish themselves from other analysts by reporting biased contrarian
forecasts. However, these findings reveal limited information about the magnitude of the forecast

bias. We now estimate the size of the forecast bias.

We first estimate the relationship between forecast error and the difference between the forecast
and outstanding consensus. Since earnings are reported on a per share basis, we express the error
and difference as a percent of share price at the end of the previous quarter. Using the previous
quarter share price removes the contemporaneous effect of recent forecasts on the stock’s price.

The forecast error is then
F.—FE.

PT—I

The difference between the forecast and the consensus is

Error, =

FT - thl,T

SEFD, = P,
.
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Our analysis uses the following empirical model:

Error, = ap+ Z firm; + «; SFD; + a2(lord) + as(lcov) + as(lord) x (lcov)
i

+ a5(lord)xSFD, + ag(lcov) x SFD; + ar(lord) x (1cov) x SFD, + €, (2)

Under the null hypothesis that an analyst’s forecast is unbiased, one can interpret the dependent
variable Error, = % as a price-normalized forecast error if the analyst ran a regression using
all available information to obtain his best forecast. Were forecasts unbiased, then all coefficient
estimates should be zero, since the forecast error would be orthogonal to everything in the analyst’s
information set, including the independent variables included in this regression. To see whether
the forecast error, and hence forecast bias, varies with analyst-coverage and/or information at an
analyst’s disposal, we include proxies for the timing of forecasts, using the log of order, lord, and
the log of the number of analysts following the firm, lcov. To understand why we do this, notice that
if the consensus contains more information, but an analyst ignores this when making his forecast,
then his error will be larger for every percentage deviation from the consensus. Then, provided that
a greater analyst following implies a more precise consensus, the average forecast error should rise
with lord, lcov, and lordx lcov. In contrast, strategic agents who care about relative forecast
performance will introduce a smaller bias to their forecast if there is less uncertainty about earnings,

so that the average forecast error should fall with lord, 1cov and lordx lcov.

A significant concern is the massively fat tails and left-skewness in the distribution of forecast
errors in the initial sample (Table 5): outliers in the tail, especially those in the left tail, will have
an excessive impact on estimates, giving rise to misleading results. It is also the case that most
of the extreme left tail observations reflect large writeoffs of asset values that analysts may not be

trying to predict, and hence should not be included in the sample (Abarbanell and Lehavy 2001).

We address these concerns in two ways. First, we drop observations in the extreme tails of
the distribution of the consensus error and check the degree of skewness after each trim. Ta-
ble 5 provides sample moments after successive trims of 0.5%, 1%, 2.5% and 5% of the tails in
the distribution of the consensus error. We then estimate OLS firm fixed-effects regressions using
the trimmed samples.® For these regressions we present both Huber-White’s robust standard er-
rors, which account for possible correlation of forecast errors within firms (Rogers 1993), and the
bootstrapped 95% confidence intervals for all coefficient estimates. The bootstrapping procedure
consists of repeating each of the regressions 100 times, with the sampling restricted to one obser-

vation per individual firm each time. These confidence bounds are, therefore, not influenced by

SInspection reveals that a small 0.5% trim of the tails leaves the distribution of forecast errors (the dependent
variable) relatively symmetric. We report results for all of the sub-samples, but only interpret results for the 0.5%
trim in the text. See Lim (2001) for a similar approach.
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standard arguments that within-firm error autocorrelation in panel regressions may ‘too often’ lead
to the rejection of the null hypothesis (Type I error). Finally, we estimate equation (2) with quan-
tile (i.e., median) regression using the entire sample. An advantage of median regression is that, in
contrast to ordinary least squares regression, its estimation procedure minimizes the mean absolute
value of deviations, thereby producing estimates that are less sensitive to outliers. A disadvantage
is that the large number of firms in our sample precludes us from allowing for fixed-firm effects in

our median regression (private correspondence with Roger Koenker).

Structural interpretations of the parameter estimates can be obtained under the assumption
that analysts choose to introduce a forecast bias that is a linear function of the difference between

his (unobserved) true posterior estimate of earnings and the consensus forecast, so that

F, = ET + a’TL,T(ET - FT)?
where E; is the analyst’s true posterior estimate of earnings in a firm-quarter 7, given all available
information at time ¢, the time that analyst issued his forecast. Here, E. corresponds to the median
of the analyst’s posterior distribution over earnings for our median regressions, and to the mean
of his posterior for our mean regressions. We index the bias (a, ) because it should rise with the
amount of uncertainty that the analyst faces about earnings (and hence fall with the number of

other forecasts/information at his disposal).

The difference between the forecast and consensus forecast, as a function of this bias, is

F.— FT = E‘I‘ + a"rL,T(ET - FT) FT)
_F,

= (1+an,7)(ET _)a

so that _
— Enl _FT_FT

(Br = Tp) = 77— (3)

We use this relationship to express the dependent variable in our regressions as the sum of a true

(unobserved) forecasting error for an analyst, EI;_‘?
=

= which should be orthogonal to everything in
the last analyst’s information set, plus a bias term that can be written in terms of the difference
between the forecast and the consensus:

E; - E; Qn, 1
E = : SFD,. 4
Hotr P‘rfl * (1 + an,'r) T ( )

Subtracting (li:;; T) SF D, from both sides of our regression, the left hand side becomes a nor-

malized regression error from the analyst’s forecasting regression which is orthogonal to everything
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Table 5: Distribution of Forecast Errors

This table reports the moments of distribution of forecast errors, after trimming tails to eliminate outliers and
skewness in initial sample

Percentiles | Sample moments
25 50 75 Mean Std. dev. Skewness Kurtosis

No trim: N = 320, 311
Consensus error (as a percent of  -0.07  0.001  0.18 0.23 2.0 24.48 1212
stock price)
Forecast error (as a percent of -0.09 0 0.11 0.14 1.87 24.59 1357
stock price)
Forecast minus consensus -0.10 -0.01 0.04 -0.08 0.94 -19.71 1320
(as a percent of stock price)

0.5% trim: N = 317,108
Consensus error (as a percent of  -0.07 0 0.18 0.16 0.63 4.37 33
stock price)
Forecast error (as a percent of -0.09 0 0.11 0.09 0.80 1.06 190
stock price)
Forecast minus consensus -0.10  -0.007 0.037 -0.07 0.59 -10.6 656.5
(as a percent of stock price)

1% trim: N = 313,904
Consensus error (as a percent of  -0.07 0 0.18 0.14 0.63 3.27 19.97
stock price)
Forecast error (as a percent of -0.09 0 0.11 0.07 0.66 -1.36 310.3
stock price)
Forecast minus consensus -0.10  -0.007 0.036 -0.07 0.52 -11.4 857.1
(as a percent of stock price)

2.5% trim: N = 304, 296
Consensus error (as a percent of -0.065 0 0.16 0.11 0.43 2.19 10.21
stock price)
Forecast error (as a percent of -0.085 0 0.10 0.05 0.50 -5.34 647.8
stock price)
Forecast minus consensus -0.09  -0.007 0.034 -0.06 0.42 -12.9 1310.6
(as a percent of stock price)

5% trim: N = 288,280
Consensus error (as a percent of -0.058 0 0.15 0.08 0.30 1.67 6.63
stock price)
Forecast error (as a percent of -0.078 0 0.09 0.037 0.40 -11.1 1487.4
stock price)
Forecast minus consensus -0.08 -0.006 0.032 -0.04 0.35 -18.4 2396.3

(as a percent of stock price)
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in the analyst’s information set. Since the sum of the coefficients on SF Dy -,

Bn,r = a1 + as(lord) + ag(lcov) + ar(lord) - (1cov)

Qn, T

1+an,‘r ?

provides an estimate of the bias an unbiased estimate of the strategic bias coefficient when

there are n analysts is
N Bn,r

a = .
T 1- 5n,7'

So, too, we can back out the expected dollar bias in the forecast as 8, +(Fr — F).

Table 6 reports the findings. Note the high R? associated with our regressions, especially when
we increase the trim slightly to eliminate gross outliers. The coefficient estimates that we care
about are those on SFD, and its interactions with lord and 1cov. Note that lord is bounded from
above by lcov. Forecast bias clearly rises with SFD. However, the interactions make it difficult
to read off both the magnitude of the forecast bias, and how the estimated forecast error varies
with analyst order. Consequently, we consider the estimated impacts in the context of a firm
followed by 20 analysts. Using the estimates from the OLS fixed-effects regression where tails are
trimmed at 0.50%, we find that if 20 analysts follow a firm in a given quarter and the second
analyst reports a forecast that exceeds the first analyst’s by one standard deviation of the mean
forecast—consensus difference, then, on average, his forecast overshoots actual earnings by about
1.02% of the stock price, ez post.” However, for the same difference between the forecast and the
outstanding consensus, the 20" analyst to report a forecast, on average, overshoots earnings by
only 0.58% of the stock’s price.

Using our structural estimates, these imply an approximate bias of 1.7 times the difference
between the analyst’s (unobserved) true estimate of earnings and the consensus forecast if he were
the 2" to report (out of 20 analysts following the firm); while if he reports last (the 20%*), then
the implied bias is approximately 0.44 times. If we trim the tails of the consensus—forecast error
distribution by more, the predicted forecast bias rises, as does the forecast bias by analysts who
forecast earlier, relative to those who go later. The implied biases are somewhat smaller using our
median regression estimates, especially for analysts who report later: The implied bias from the

median regression is 0.62 when an analyst reports 2"¢, and 0.01 for the 20" analyst to report.

We now forcefully document that our results cannot be explained simply by analyst overconfi-
dence. Recall that, in its most extreme form, overconfidence by the j* analyst would imply average

overshooting magnitudes of the order of 1 — % of a percent; and that this extreme bound requires

"The mean forecast—consensus difference, SF D, in our sample is —0.08% (of stock price) and the standard deviation
is 0.94 (See Table 2).
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Table 7: Overshooting Magnitude and the Over—confidence Hypothesis

This table reports the coefficient on SFD returned from on OLS fixed effects (2.5regression
of Error on SFD conditional on the order of the analyst report. Standard errors are Huber-
White adjusted. We also report 95% confidence interval of parameter estimates obtained via

bootstrapping.

7t Analyst Coefficient on SFD, Std Error 95% conf. int.  R?

and 0.728 0.022 [0.685,0.771]  0.402
3rd 0.757 0.040 [0.686,0.827]  0.399
4th 0.780 0.047 [0.684,0.876] 0.421
5th 0.810 0.081 [0.645,0.974] 0.497
6th 0.678 0.029 [0.624,0.733]  0.390
Tth 0.779 0.044 [0.692,0.868] 0.470
gth 0.640 0.042 [0.566,0.714]  0.283
gth 0.708 0.052 [0.610,0.806] 0.336
10" and higher 0.576 0.036 [0.510,0.648] 0.254

that analysts ignore all information in other forecasts, that signals not be positively correlated,
and that analysts who forecast later in the forecasting cycle not have better information. For the
second analyst to report, this implies an upper bound on overshooting of 0.50%. We show that this
bound is exceeded by regressing Error; on SF D, for the second analyst to report. Because the
bound on overconfidences does not depend on analyst following, we can test it directly. As a result,
we do not have to worry about whether our findings are driven by functional form. This regression
reveals that for every one percent of price that the second forecast overshoots the first, it overshoots
earnings on average by 0.73%. This difference exceeds 0.50% at a better than 0.001% test level,
implying that we can confidently reject all overconfidence explanations. Table 7 reveals overshoot-
ing rates for analogous regressions for later analysts in the forecasting order. Overshooting rates
are so high that we can reject all overconfidence explanations for the third, fourth and fifth analyst
to report. For subsequent analysts, given any reasonable assumptions on signal correlation and the
timing of information arrival, overshooting rates are so high that it is implausible for them to be

consistent with any reasonable overconfidence hypothesis.

Summarizing our findings, analysts introduce substantial overshooting biases into their fore-
casts, the bias is less for later analysts, and it is less if analyst coverage is greater. The coefficient
estimates support the argument that analysts strategically issue contrarian forecasts, to try to dis-
tinguish themselves from others, especially in an uncertain forecasting environment. In particular,
the more by which a forecast overshoots the consensus, the more by which it is predicted to over-

shoot earnings, but the estimated amount by which the analyst overshoots falls with the amount
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of information at his disposal. The large magnitudes of the estimated overshooting forecast bias
also reveal that they are not due to overconfident analysts underweighting the information in the

forecasts of others.

4 Conclusion

This paper develops a robust frequency test for forecast bias. Detecting forecast bias in the securities
industry is difficult because analysts rely on similar sources of information and are surprised by
the same events. Our test is designed to be robust to correlated signals among analysts, common
unforecasted shocks to earnings, and information arrival. This test can also be usefully employed to
detect bias in the forecasts of macroeconomic variables. There, common data sources, and similar
econometric models again imply that correlated signals are a significant concern to overcome when

attempting to unravel forecast bias.

We find overwhelming evidence that earnings forecasts are biased. Analysts do not herd, but
rather seek to separate from other analysts by issuing forecasts that over-emphasize their private
information relative to the consensus. Analysts appear to issue strategically strongly contrarian
forecasts, biasing forecasts away from the consensus forecast — 60% of the time, a forecast over-

shoots actual EPS in the direction away from the outstanding mean forecast.

Our structural estimates reveal that the economic magnitude of the bias in forecasts is sig-
nificant. For example, on average, the second analyst (out of 20) biases his forecast by about 1.7
times the difference between the analyst’s (unobserved) true estimate of earnings and the consensus
forecast, while the last analyst to report has an implied bias of about 0.44 times the difference.

Thus, the bias falls as uncertainty around earnings is resolved, but its magnitude remains large.

Both our frequency results and our structural estimates are consistent with the hypothesis that
analysts strategically bias their forecasts to try to separate from the forecasts of others; and are
inconsistent with the premise that forecast biases are driven by analysts’ failure to incorporate

useful information into their forecasts.
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Figure 2: Average conditional probability that forecast overshoots earnings away from consensus,
S(x), given that it exceeds or falls short of the consensus by at least % of the stock’s price. To
avoid the impact of possible data entry errors, we drop observations for which a forecast exceeds
or falls short of the consensus by more than z = 20% of the stock’s price.
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