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1. Introduction
This paper studies the short-term dynamics behind
analysts’ forecasts. We find that analysts who fore-
cast earnings more accurately than the median ana-
lyst in the previous four quarters tend to be relatively
less accurate and further from the consensus forecast
in their subsequent earnings prediction. This result
is consistent with analysts becoming overconfident in
their ability to forecast future earnings after experi-
encing a short series of successful predictions.
Analysts are one of the key pillars of financial

markets. Further, researchers often use analysts’ fore-
casts as proxies for market expectations and dif-
ferences in opinion. In addition, analysts’ forecasts
are one of the rare settings for which researchers
have a large natural data set of individuals’ actual
decisions. Not surprisingly, the activities of analysts
have been a fertile ground for behavioral research.
In particular, prior literature suggests that analysts
(1) make upwardly biased forecasts (e.g., DeBondt
and Thaler 1990), (2) overreact to positive informa-
tion, and (3) underreact to negative information (e.g.,
Easterwood and Nutt 1999). Yet, these findings have
been challenged on several grounds. For example, Gu
and Wu (2003) claim that some apparent irrational-
ity in analysts’ behavior may be due to skewed data.
Whether analysts’ forecasts are significantly affected
by cognitive biases remains an important but unre-
solved question.
In this paper, we study from a new perspective the

accuracy of individual predictions and its relation to
deviations from consensus. Existing empirical liter-
ature has studied these two characteristics, but not

in a unified framework. In addition, we focus on
short-term cyclical variations whereas past research
has mainly considered either analysts’ fixed charac-
teristics or long-term trends. For example, Sinha et al.
(1997) find systematic differences in forecast accuracy
across analysts. Yet, they consider analysts’ skills as
a fixed parameter that varies cross-sectionally but not
over time. Other empirical studies have considered
the evolution of analysts’ characteristics over time.
One stream of literature (e.g., Mikhail et al. 1997,
Jacob et al. 1999) looks at the effect of experience on
forecast accuracy and finds mixed results. Another
stream considers the effect of experience on “herd-
ing” (i.e., the willingness to deviate from the consen-
sus). Hong et al. (2000) find that analysts deviate more
from the consensus as they gain experience. Phillips
and Zuckerman (2001) find that analysts are more
likely to conform to the norm in the middle of their
careers. We depart from these papers by focusing on
short-term dynamics rather than long-term trends.1

Our results indicate that after making a short series
of accurate predictions, analysts are more likely to
be inaccurate than their skill and environment would
predict. They also take additional risk by deviating
from the consensus forecast on their subsequent pre-
diction. This phenomenon is both statistically and
economically meaningful. The results are robust to the
use of different econometric techniques and to numer-
ous control variables.

1 One exception, though in a different context, is Richardson et al.
(2004). They consider the evolution of accuracy over the 12 months
preceding annual earnings announcements.
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These joint results are consistent with our research
hypothesis that analysts are subject to overconfidence.
An individual is said to exhibit overconfidence if he
or she overestimates the precision of his or her own
information relative to public signals. Prior results
indicate that overconfident subjects put too much
emphasis on their private information (see Kraemer
et al. 2006 for an experimental study and Barber
and Odean 2001 for an example of a large-sample
test). The combination of the two cognitive princi-
ples yields the dynamic notion of overconfidence.
In our setting, after analysts have made a series of
good predictions, they become overconfident in their
ability to predict future earnings. This leads them
to put excessive weight on their private information
and to discount public signals, such as market reac-
tions and other analysts’ forecasts. As a consequence,
their next prediction is likely to be more inaccurate
and to deviate more from the consensus compared to
what it would have been without this cognitive bias.
This reduces the likelihood for their next forecast to
be superior to the ones from other analysts and, in
turn, the prediction may trigger a negative feedback
mechanism that reduces overconfidence. Thus, this
short-term phenomenon may recurrently appear and
disappear. It follows a cyclical pattern in which the
intensity varies with the analyst’s performance. Ran-
dom past success creates overconfidence, which, then
increases the probability of poor subsequent fore-
casts and thereby reduces overconfidence. A similar
analytical framework has been suggested by Gervais
and Odean (2001) but, to our knowledge, no large-
sample empirical research has been conducted to
investigate this question. Note, however, that ana-
lysts acting under this form of overconfidence do
not necessarily underperform relative to other ana-
lysts but rather they underperform compared to their
own expected performance. If the effect of overcon-
fidence is small relative to other characteristics such
as skill, it is possible that overconfident analysts con-
sistently outperform analysts who do not suffer from
this bias. The analyst would remain “locked” in part
of the cycle and permanently exhibit some degree of
overconfidence.
This paper contributes to the literature in three

ways. First, it investigates whether dynamic over-
confidence, a consequence of two major behavioral
principles, affects the decision-making process of
individuals in an important economic setting. This
large sample test complements previous research that
was largely based on small sample experimental
work. Although the approach focuses on analyst fore-
casts to take advantage of a particularly rich data set,
we expect the results to generalize to other settings
as well. Second, the paper also provides new under-
standing of analyst behavior. Departing from prior

analyst literature, we examine the short-term dynam-
ics behind analyst forecasts by considering the influ-
ence of past success on current forecasts. Although
theoretical papers have considered this issue, to the
best of our knowledge, it has not been tested empir-
ically. Previous empirical research, instead, mainly
considered either static biases or long-term evolu-
tion due, for example, to experience. We contribute to
the literature by documenting a phenomenon that is
distinct from known biases and robust to extant
methodological criticisms. Third, the results suggest
a counterintuitive implication for practitioners in the
financial markets. If two analysts are believed to
possess identical skills and experience but only one
of them had a recent series of superior predictions,
investors may want to rely more on the subsequent
forecast of the less-accurate analyst. In other words,
investors may want to downplay the predictions of
analysts who have experienced short-term success.
The rest of this paper is organized as follows. In the

next section, we discuss the theoretical foundations
of our analysis and develop the research hypothesis.
In §3, we present the empirical design followed by
the estimation in §4. We explore alternative interpre-
tations of the findings in §5. We conclude in §6.

2. Description of the Framework
In this section, we present a theoretical motivation
for studying the short-term dynamics of forecasts. We
first describe the underlying theoretical foundations
using two main principles, self-attribution and over-
confidence, before describing their interaction in a
unified framework.

2.1. Theoretical Foundations
In a review article, Kunda (1990, p. 480) notes that
“there is considerable evidence that people are more
likely to arrive at the conclusions that they want to
arrive at, but their ability to do so is constrained by
their ability to construct seemingly reasonable jus-
tifications for these conclusions.” Two psychological
principles (self-serving attribution and “static” over-
confidence) may lead them to do so.

Self-Serving Attribution. Research indicates that
individuals employ different causal explanations to
account for their successes and failures (e.g., Fitch
1970, Weiner and Kukla 1970, Kukla 1972). According
to the self-attribution theory, individuals too strongly
attribute events that confirm the validity of their own
actions to their ability while attributing events that
disconfirm their actions to external noise (Hastorf
et al. 1970). For example, Johnson et al. (1964) and
Beckman (1970) show that teachers tend to claim
responsibility for a student’s performance when there
is improvement but attribute the blame to various
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external causes, such as the child’s motivation or situ-
ational factors, when students perform poorly. Miller
(1976) finds that tendencies toward self-attribution are
stronger when the task is important (“ego-involving”)
for the subject.

Overconfidence. A conventional definition for
“static” overconfidence implies either extreme beliefs
relative to some objective standard (e.g., estimating
90% probability for events that occur less often) or
confidence intervals that are too tight (e.g., setting
90% confidence intervals such that “surprises” occur
more than 10% of the time). Klayman et al. (1999,
p. 216) note that “many studies have reported that the
confidence people have in their judgments exceeds
their accuracy and that overconfidence increases with
the difficulty of the task.”2 The literature offers two
main categories of explanations for overconfidence:
(a) biases in information processes, and (b) effects
of unbiased judgmental errors. The first explana-
tion hypothesizes that individuals search their memo-
ries for relevant information and reach a preliminary
conclusion. They then proceed to search selectively
for more evidence confirming this initial conclusion.
The second explanation stresses the possible role of
unbiased judgmental error in producing overconfi-
dence. For example, Erev et al. (1994) show that overt
responses representing perfectly calibrated true judg-
ments perturbed by random errors can replicate typ-
ical patterns observed in empirical studies. Koehler
et al. (2002, p. 713), however, remark that “it is not
entirely clear what it means to argue that a judge’s
confidence assessments are not systematically biased
but instead merely fail to account for the uncertainty
associated with a prediction based on the actual evi-
dence.”
A variant of overconfidence applies to the use of

private vs. public information. In this setting, over-
confident subjects believe that their private informa-
tion is more accurate than it is and hence “put too
much weight on their private information” (Kraemer
et al. 2006, p. 424). The existence of this form of over-
confidence is consistent with extant experimental lit-
erature. Hung and Plott (2001) report that participants
in their experimental setting put too much weight
on their free private information. In a similar set-
ting, Huck and Oechssler (2000, p. 661) report that
the heuristic “follow your (private) signal” explains
the observed behavior better than does Bayes’ law.
In a setting where subjects incurred a cost to acquire
private information, Kraemer et al. (2006, p. 424) con-
clude that “about one-half of the individuals act ratio-
nally, whereas the other participants overestimate the
private signal value.” Bloomfield et al. (2000) report

2 Klayman et al. (1999) discuss methodological issues with the ini-
tial research but show that, even after controlling for these issues,
overconfidence still appears to exist in an experimental setting.

experimental evidence that people are overconfident
in their ability to interpret data (relative to the abil-
ity of a disciplined trading strategy) and underper-
form as a result. Larrick and Soll (2004) indicate peo-
ple tend to combine multiple signals in an inefficient
manner by choosing what is perceived as the most
informative instead of averaging them. The literature
(e.g., Harvey et al. 2000, Yaniv 2004) has also showed
that people do not weight advice optimally. For exam-
ple, Yaniv (2004) reports that people place a higher
weight on their own opinion than on an adviser’s
opinion, even though the use of advice improved
accuracy. In addition, more knowledgeable individu-
als discounted the advice more.

2.2. Framework
The combination of the two cognitive biases yields a
dynamic notion of overconfidence and a framework in
which an analyst becomes overconfident in her ability
to predict future earnings after a series of good predic-
tions. This model is germane to the one developed by
Gervais and Odean (2001) or Daniel et al. (1998).3 The
self-attribution principle predicts that analysts who
have successfully forecasted earnings in previous peri-
ods attribute too much of their success to superior
ability and too little of it to chance. The resulting over-
confidence in their abilities yields nonoptimal behav-
ior, whereby analysts overweight their private infor-
mation and rely less on public signals, such as other
analysts’ forecasts. As a consequence, their next fore-
cast is more likely to be simultaneously further from
the consensus forecast and more inaccurate (compared
to what it would have been without this cognitive
bias). This reduces the likelihood that their next fore-
cast will be superior to the forecasts of other analysts.
This, in turn, may trigger a negative feedback mech-
anism. This inferior performance (relative to the per-
formance expected by the analyst) leads her to revise
downward her prior distribution of her skills, which
in turn reduces her overconfidence in her skill. Over-
confidence, in this case, is not a fixed characteristic
but rather a recurring phenomenon whose intensity is
dynamic in nature. Under this notion, overconfident
analysts do not necessarily underperform other ana-
lysts unconditionally but rather they underperform
compared to their expected performance if they did
not suffer from any cognitive biases. In fact, if the
effect of overconfidence is smaller than the effect from
other factors such as skill, it is possible that overcon-
fident analysts consistently outperform analysts who
do not suffer from this bias and thus remain “locked”
in part of the cycle.

3 In their model, Daniel et al. (1998) propose a theory of securities-
market under- and overreactions based on investors’ confidence
about the precision of their private information and biased self-
attribution causing symmetric shifts in investors’ confidence as a
function of their investment outcomes.
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3. Empirical Design
3.1. Data
The analyst forecast data are retrieved from the Zacks
database and cover the period from the last quarter of
1980 to the last quarter of 1997. To increase the consis-
tency of the data, we focus on quarterly predictions
made one quarter ahead. We only include the first
forecast of the analyst for the company in the quarter.
Following Francis and Philbrick (1993, among others),
we delete firms that do not have a December year-
end report. If an analyst makes more than one fore-
cast in a given quarter, only the first one is considered
because the later predictions may be drawn from a
different distribution. To obtain a meaningful measure
of the consensus, we also require that at least four
analysts cover the firm in a particular quarter (e.g.,
Easterwood and Nutt 1999). To be included in our
sample, an analyst needs to have made at least four
predictions for a given firm in the preceding quar-
ters. We match the forecast data to the corresponding
records of Compustat reported earnings.4 Abarbanell
and Lehavy (2003, p. 105) stress that “a relatively
small number of observations can have a dispropor-
tionate effect” with noncentral distributions and thus
create the appearance of bias. To avoid this issue, we
remove outliers by deleting observations in which the
difference between the prediction and the realization
(scaled by price) is in the top or bottom one percent of
the sample. This procedure also mitigates any errors
in the data. These data requirements yield a sample
of 46,909 quarterly observations.

3.2. Definition of Dependent Variables
Our framework yields two distinct predictions about
the effect of short-term past success on both devia-
tion from the consensus and error of the forecast. To
test these predictions, we define two dependent vari-
ables. DEV, the deviation from the consensus, is the
absolute value of the difference between the analysts’
forecasts and the consensus forecast. We calculate the
consensus as the median forecast for a given firm
and for the quarter.5 We interpret DEV as a proxy
for the likelihood of an analyst to discount public
information. ERROR, the forecast error, is the absolute
value of the difference between actual and forecasted

4 Both forecasts and realized earnings per share are adjusted on the
same basis.
5 To avoid biases from extreme observations, we use the median
instead of the mean. We use all observations available within a
quarter to ensure a sufficiently large number of data points to
estimate the consensus. The downside of this approach is that it
assumes that analysts have complete information of all forecasts
that will be made in that quarter. To mitigate the concern, we
include control variables that proxy for the amount of information
analysts have at the time of the forecast.

earnings. The realized earnings are computed using
either diluted or nondiluted earnings per share (EPS)
before extraordinary items (Compustat items 9 or 19),
depending on what the analyst targeted in the fore-
cast (as reported in the Zacks database).

3.3. Methodology
In our framework, analysts become more overconfi-
dent after a short-term sequence of good predictions.
To capture this notion, we define FREQ as the number
of superior predictions in the preceding four quar-
ters.6 A superior prediction is a forecast whose error
is below the median error in absolute value of all ana-
lysts’ errors who cover the same firm in that partic-
ular quarter. Alternatively, we define STREAK as the
number of consecutive superior predictions before the
current prediction is made.7 FREQ proxies for the fre-
quency of good predictions, whereas STREAK proxies
for the length of the series of superior predictions. We
expect both variables to be significantly and positively
associated with both DEV and ERROR. This spec-
ification implicitly assumes that analysts treat each
stock independently, assuming this form of mental
accounting is not without precedent. For example,
Barberis and Huang (2001) propose a model in which
investors are loss averse with respect of each stock
in their portfolio as opposed to the overall portfolio.
This does not mean that there cannot be any feed-
back between the analysts’ performance across differ-
ent firms. However, we do not have a strong theory
suggesting the exact nature of the relation between
the different tasks. We therefore prefer to use a sim-
pler model in our main test but we revisit the issue
in our robustness tests.
To test our two predictions, we estimate two sets

of regressions: one for DEV on FREQ (alternatively
STREAK) and the other for ERROR on FREQ (alterna-
tively STREAK) where we control for different poten-
tially confounding factors.

DEV i
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6 We choose four quarters as a compromise between reducing the
period too much (which would not let us capture the sequence of
the forecasts) and extending the period too much (which would
represent the long-run dynamics subsumed by control variables,
such as ACCURACY). We perform a robustness check on this
assumption in §4.5.
7 Psychologists (e.g., Fiske and Taylor 1991) find that people not
only overweight their successes and underweight their failures but
also that they overweight successes more than they underweight
failures. Therefore, we consider above median performance and not
the below median performance. This issue is further studied in §4.4.
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where i is an analyst indicator.
We provide controls for earnings surprises and the

level of uncertainty, which affect all analysts cover-
ing a given company. Incorporating these controls
allows us to focus on the performance of the ana-
lyst relative to her peers even though our dependent
variables, ERROR and DEV, are measured in abso-
lute terms. Therefore, the marginal effect of STREAK
and FREQ captures the deviation relative to other
analysts. Current Median Error (CME) is the median
error of all analysts who follow a given company
for the current quarter. This variable captures earn-
ings surprises and other firm-level shocks. Similarly,
Current Median Deviation (CMD) is the median DEV
of the analysts who follow a given company for the
current quarter. This variable measures the hetero-
geneity in analyst beliefs about earnings outcomes.
We expect CME to be positive in the ERROR regres-
sions and CMD to be positive in the DEV regres-
sions. In addition, we employ two variables to proxy
for the size of the information set available at the
time the prediction is made. T (TIME) is the num-
ber of days between the date of the forecast and the
end of the quarter. O (RANK ORDER) is the number
of forecasts published before the analyst issues the
prediction divided by the total number of forecasts
published over the quarter. We expect variables to be
negative in both the DEV and ERROR regressions.
Mikhail et al. (1997) find that experience may lead
to improvement in analysts’ forecasts. To control for
this possible effect, we calculate EXPERIENCE as the
number of quarters when analysts have made predic-
tions before the current forecast.8 Based on Mikhail
et al. (1997), we expect EXPERIENCE to be nega-
tive in the ERROR regressions. In addition, previous
literature (e.g., Abarbanell and Lehavy 2003) finds
that the consensus forecast is more upwardly biased
and more inaccurate for firms with negative earn-
ings and that losses may explain a considerable por-
tion of previously documented anomalies. To control
for this potential effect, we introduce a dummy vari-
able for a loss in the current quarter (LOSS) in the
regression. We expect LOSS to be positive in the

8 Results are very similar when we calculate EXPERIENCE as the
number of quarters when analysts have made predictions for a
given firm. Since the database does not extend prior to 1980, there is
a mechanical tendency for analysts to be more experienced towards
the end of our sample period. To control for this effect, we add
either a time trend or a time trend and its interaction with EXPE-
RIENCE. The results (not tabulated) are qualitatively similar to the
ones reported in the table.

ERROR regressions. Finally, past literature has shown
that firm size is correlated with numerous factors. To
proxy for possible correlated omitted variables, we
introduce MCAP as the natural logarithm of the mar-
ket value of the firm’s equity. For example, MCAP
could proxy for the amount of information avail-
able to the market for a particular firm. We expect
MCAP to be negative in both the DEV and ERROR
regressions.9

We use a panel (fixed-effect) technique to estimate
these equations. To do so, we subtract the mean (cal-
culated for each combination of analyst and firm)
for each variable before running the regressions. The
standard errors in the pooled and fixed-effect regres-
sions are groupwise heteroskedasticity-consistent (i.e.,
adjusted for clustering by quarter and by firm). This
procedure specifies that the observations are indepen-
dent across groups (“clusters”) but not necessarily
independent within groups. To mitigate a potential
heteroskedasticity problem, we deflate all variables
involving ERROR and DEV by the price at the begin-
ning of the quarter. Hence, all variables except FREQ,
STREAK, TIME, and RANK ORDER are scaled.10

The fixed-effect regression is particularly suitable to
test our hypotheses, which focus on the short-term
dynamics in analysts’ forecasts. It eliminates the cross-
sectional variations in the means yet it leaves the
time-series dynamics of the analyst forecasts intact.
The use of analyst/firm fixed effects provides a nat-
ural control for omitted variables. For example, con-
stant differences in analysts’ skill levels, prediction
biases, or willingness to deviate from the consen-
sus are all controlled for. However, the fixed-effect
regressions require estimating numerous parameters
because our procedure is equivalent to including
dummies for each analyst and forecasted firm combi-
nation in the regressions.
To alleviate this burden and to show that our results

are robust to different estimation techniques, we also
run pooled regressions. Since the skill of the ana-
lyst (Jacob et al. 1999) and the analyst’s willingness
to deviate from the consensus are two potentially
important characteristics, we include two additional
variables in our cross-sectional regressions. First, we
calculate the difference between the analyst error

9 Results are unaffected when controlling for the number of ana-
lysts following a firm, the number of firms and sectors followed
by an analyst, the number of analysts working for the analyst’s
employer, or the number of sectors covered by the employer. In
addition, analysts making forecasts at the turn of year could be
affected differently than those early on during the year, owing
to compensation-related issues and because of news about annual
reports confirming or disconfirming performance. To control for
this possible effect, we add a dummy variable if the quarter ends
in December. Our results are not affected.
10 Similar results are obtained without deflating the variables.
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in absolute value and the median error of all ana-
lysts for a given quarter for a given company. We
define ACCURACY �A� as the median difference over
the entire period of coverage for a given analyst.
Since ACCURACY �A� proxies for the skill of the
analyst, we flip the sign of the variable (i.e., mul-
tiply the median by minus one) so that the vari-
able is positively correlated with accuracy. We expect
ACCURACY to be negative in the ERROR regres-
sions. Second, we also considered a measure of past
deviation from the consensus (the average DEV over
the last four predictions) in the DEV regressions.11

However, we do not tabulate the results including
this second additional control because the variable is
consistently nonsignificant and our results are oth-
erwise unchanged. In addition, to ensure that our
results are not driven by the inclusion of analyst-
specific variables such as ACCURACY, we reesti-
mate our cross-sectional regressions controlling only
for the variables related to the firms being followed
(MCAP and LOSS). Untabulated results are qualita-
tively similar to the ones reported. Finally, to pro-
vide an alternative adjustment for cross-correlation,
we also run Fama-MacBeth (1973) regressions (FM,
hereafter). However, since the results for the pooled
and FM regressions are qualitatively similar, we do
not tabulate the FM ones here.12

4. Empirical Results
4.1. Descriptive Statistics
We present general descriptive statistics in Table 1
(Panel A). The mean and median forecasted earnings
are greater than the realized ones. This is consis-
tent with previous studies and indicates that fore-
casts are lower than realized earnings on average.
A correlation matrix (Panel B) suggests a positive rela-
tion between deviation from consensus (DEV) and
ERROR. The correlation between FREQ or STREAK
and DEV or ERROR is also positive.13 In addition,
the correlation between the different control vari-
ables is reasonably low suggesting that multicollinear-
ity is not an issue. Table 2 stratifies the sample

11 We assume zero deviation when lagged values of DEV are not
defined.
12 As a robustness check, we run Seemingly Unrelated Regressions
(SUR). The statistical significance of our main results is materi-
ally improved. Wilks’ tests indicate joint significance of FREQ or
STREAK at the 0.01% level. We have also performed a path analysis
to investigate whether ERROR mediates DEV or vice versa. Results
indicate that FREQ and STREAK remain significant after control-
ling for the possible mediations. We believe this further supports
our understanding that overconfidence will lead analysts to jointly
make a bolder and more inaccurate prediction.
13 This is true with a Pearson, Spearman, and Kendall specification.
The Spearman and Kendall correlation are based on ranks and do
not impose the assumption of linearity.

based on the possible values of FREQ (Panel A)
and STREAK (Panel B), and reports key statistics
for the dependent variables. As the value of FREQ
or STREAK increases, the mean of DEV increases
monotonically. A similar pattern exists even after
deflating the value by the price at the beginning
of the quarter. In addition, the value of ERROR
also increases with FREQ (especially after deflating
ERROR by price). For example, the mean of DEV con-
ditional on the value of FREQ increases from 0.032
to 0.087. Results for STREAK are similar. A Sheffé
test and a Kruskal-Wallis test reject the hypothesis
of joint equality of means and median respectively
(p-values= 0�000). These results are consistent with
the proposed dynamics of overconfidence.

4.2. Overconfidence and Deviation from
the Consensus

We report the results of the DEV regressions using the
fixed effects and the pooled specifications in Tables 3
and 4, respectively. In each table, the first column
reports the results when FREQ is the treatment vari-
able and the second column when STREAK is used.
The results of the three specifications (fixed effect,
pooled, FM) support the overconfidence hypothesis.
The coefficients of FREQ and STREAK are positive
and statistically significant. The t-statistics are respec-
tively 3.03 and 2.19 in the pooled regressions. In the
fixed-effect regressions, the coefficient on FREQ and
STREAK are significantly positive at the 10% level.
This suggests that analysts increase their deviation
from the consensus after a series of successes. The
coefficients are also economically significant. Analysts
whom the present account predicts will be most over-
confident (FREQ = 4) have an expected DEV 13%
higher than the average deflated DEV.14

The control variables have the expected signs. The
coefficients on CMD and CME are positive, while
LOSS, ACCURACY, RANK ORDER �O�, TIME �T �,
and MCAP are negative. EXPERIENCE is not signifi-
cant in the pooled regressions but is significantly neg-
ative in the fixed-effect regressions.15 The R2 is around
36% in the fixed-effect regressions and it is about 39%
in the pooled ones.16

14 We multiply the value of the coefficient (0.074 from Table 4) by
�4−1�235�, that is, the maximum value of FREQ minus its expected
value, and divide the product by the average deflated deviation
from consensus (0.0016 from Table 1). The result for STREAK is
around 19%.
15 Results using FM regressions are very similar to the pooled
results. However, the coefficient on LOSS becomes only marginally
significant, and the coefficients on RANK ORDER �O� and TIME
�T � become nonsignificant in the FM regressions.
16 We also adjust the t-statistics in the FM regressions following the
procedure outlined by Fama and French (2000). Results still hold.
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Table 1 Descriptive Statistics

Panel A: Descriptive statistics

Variable Mean Median Std. dev. Q3 Q1

DEV 0.0433 0.0150 0.1584 0�0450 0�0000
DIFLDEV 0.0016 0.0006 0.0057 0�0017 0�0000
ERROR 0.1633 0.0600 0.3340 0�170 0�020
DIFLERR 0.0059 0.0024 0.0103 0�0067 0�0008
FORECAST 0.5263 0.4400 0.5850 0�700 0�250
EARN 0.4906 0.4300 0.6633 0�710 0�220
FREQ 1.2353 1.0000 1.0080 2�000 0�000
STREAK 0.4825 0.0000 0.8632 1�000 0�000

Panel B: Correlation table

RANK
DIFLDEV DIFLERR FREQ STREAK CME CMD TIME ORDER EXPERIENCE LOSS MCAP

DIFLERR 0�19 1�00
FREQ 0�05 0�04 1�00
STREAK 0�04 0�03 0�65 1�00
CME 0�49 0�87 0�05 0�04 1�00
CMD 0�52 0�23 0�08 0�05 0�37 1�00
TIME −0�03 0�02 −0�04 −0�04 −0�01 −0�03 1�00
RANK ORDER 0�02 −0�02 0�02 0�02 0�01 0�01 −0�76 1�00
EXPERIENCE −0�01 0�00 0�02 0�01 0�01 0�00 −0�00 0�01 1�00
LOSS 0�16 0�55 0�04 0�03 0�53 0�21 −0�01 0�00 0�03 1�00
MCAP −0�10 −0�13 0�03 0�02 −0�13 −0�13 0�03 −0�03 0�08 −0�17 1�00
ACCURACY −0�04 −0�08 0�22 0�16 0�00 −0�01 −0�01 0�03 0�02 −0�00 0�00

Notes. Panel A. DEV is the absolute value of the difference between the analyst forecast and the consensus (defined as the median of other analysts’ predictions).
ERROR is the absolute value of the difference between forecasted and realized earnings. DIFLDEV and DIFLERR are DEV and ERROR deflated by the price of
the stock at the beginning of the quarter. FORECAST is the forecast made by the analyst, and EARN is the realized earnings per share (Compustat items 19
and 9). FREQ is the number of above-median predictions in the last four predictions. STREAK is the number of above-median predictions in a row before the
current prediction. The mean, standard deviation, median, and all other statistics are computed for the entire sample that begins in the last quarter of 1980
and finishes in the last quarter of 1997. This yields 46,909 observations.

Panel B. DIFLDEV and DIFLERR are DEV and ERROR deflated by the price of the stock at the beginning of the quarter. FREQ is the number of above-average
predictions in the last four predictions. STREAK is the number of above-average predictions in a row before the current prediction. ACCURACY �A� is minus
the median (over the entire period of coverage) of the difference between the analyst error and the median error of all analysts for a given quarter and a given
company. The correlation estimates are computed for the entire sample that begins in the last quarter of 1980 and finishes in the last quarter of 1997. All
correlation estimates are significant with p-values lower than 0.05 (except the correlation of EXPERIENCE with either ERR, CME, CMD, TIME, RANK ORDER,
between ACCURACY and MCAP, between LOSS and either TIME or RANK ORDER, between ACCURACY with either MCAP or LOSS).

4.3. Overconfidence and ERROR
Tables 5 and 6 present the results from the fixed-effect
and pooled specifications, respectively. Results from
all procedures indicate that analysts become less accu-
rate after a series of successful predictions. The coef-
ficients on FREQ and STREAK are both significantly
positive at the 1% level in all specifications. The eco-
nomic magnitude is such that analysts subject to full
overconfidence (FREQ = 4) are expected to have 9%
higher ERROR than the average deflated ERROR.17

The control variables have the expected signs. The
coefficients on CME and LOSS are positive. The coef-
ficient on CMD is negative. The coefficient on ACCU-
RACY �A� is significantly negative in the pooled
regression. The coefficients on RANK ORDER �O�

17 The calculation is similar to the one described in footnote 12 for
DEV. Analysts subject to full overconfidence are expected to have
an ERROR higher by 7% in the case of STREAK.

indicate that earlier predictions are subject to more
errors. TIME is positive in the pooled regressions.
The coefficient on EXPERIENCE is negative, but
barely significant. This result is generally consis-
tent with Jacob et al. (1999) who find no effect of
learning-by-doing.18� 19 The R2 reaches 79%, which
suggests that the regression succeeds in capturing the
expected error in prediction. To control for the mag-
nitude as opposed to the frequency of past success,
we add Past Error (PE, the mean past error over the
last four predictions) as an additional variable in unt-
abulated tests. The sign and significance of FREQ and

18 Results are qualitatively similar when we use a FM regression.
However, the coefficients on CMD and TIME become nonsigni-
ficant.
19 These results suggest that analysts do not improve over time,
but that the inferior ones are “weeded-out” as time passes. Further
analysis would be required, however, to verify this point.
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Table 2 Statistics of DEV and ERROR Conditional on the Value of FREQ

Panel A: Statistics of DEV and ERROR conditional on the value of FREQ

FREQ
(no. obs) DEV ERROR DIFLDEV DIFLERR

Mean 0 0.032 0.134 0.0013 0.0054
Median (12,561) 0.030 0.130 0.0013 0.0058
Std 0.095 0.295 0.0039 0.0101
Mean 1 0.039 0.161 0.0015 0.0058
Median (16,987) 0.040 0.170 0.0016 0.0067
Std 0.126 0.343 0.0036 0.0102
Mean 2 0.053 0.181 0.0019 0.0062
Median (11,919) 0.050 0.200 0.0020 0.0071
Std 0.214 0.349 0.0076 0.0104
Mean 3 0.058 0.196 0.0020 0.0066
Median (4,636) 0.060 0.220 0.0022 0.0077
Std 0.133 0.342 0.0058 0.0106
Mean 4 0.087 0.216 0.0030 0.0069
Median (803) 0.080 0.250 0.0026 0.0083
Std 0.444 0.399 0.0192 0.0105

Panel B: Statistics of DEV and ERROR conditional on the value of STREAK

STREAK
(no. obs) DEV ERROR DIFLDEV DIFLERR

Mean 0 0.040 0.155 0.0015 0.0057
Median (32,294) 0.040 0.160 0.0016 0.0065
Std 0.147 0.321 0.0046 0.0102
Mean 1 0.047 0.171 0.0017 0.0060
Median (9,387) 0.050 0.180 0.0018 0.0069
Std 0.163 0.356 0.0070 0.0100
Mean 2 0.054 0.195 0.0019 0.0067
Median (3,232) 0.050 0.210 0.0021 0.0076
Std 0.126 0.362 0.0041 0.0115
Mean 3 0.060 0.199 0.0021 0.0067
Median (1,190) 0.065 0.220 0.0023 0.0075
Std 0.129 0.372 0.0054 0.0114
Mean 4 0.087 0.216 0.0030 0.0069
Median (803) 0.080 0.250 0.0026 0.0083
Std 0.444 0.399 0.0192 0.0105

Notes. The mean, standard deviation, and median are computed for each
group for the entire sample that begins in the last quarter of 1980 and finishes
in the last quarter of 1997. The descriptive statistics are calculated for groups
based on FREQ (Panel A) and STREAK (Panel B). FREQ is the number of
above-median predictions in the last four predictions. STREAK is the number
of above-median predictions in a row before the current prediction. DEV is
the absolute value of the difference between the analyst forecast and the
consensus (defined as the median of other analysts’ predictions). ERROR is
the absolute value of the difference between forecasted and realized earnings.
DIFLDEV and DIFLERR are deviation and error deflated by the price of the
stock at the beginning of the quarter.

STREAK are not affected. PE is not significant in most
regressions, except in the ERROR fixed-effect ones,
where it is negative as expected.
Although we cannot directly observe the presumed

cognitive biases (i.e., self-attribution or overconfi-
dence), the combination of the DEV and ERROR
regressions supports the hypothesis that analysts
become overconfident after a series of successful
predictions.

Table 3 Fixed-Effect Regressions of DEV : Standard Errors Are
Groupwise Heteroskedasticity-Consistent

The estimated model:
DEV i

t = 
i + �FREQi
t + �1CME

i
t + �2CMD

i
t + �1T

i
t + �2O

i
t

+�1 · EXPERIENCEi
t + �1LOSS

i
t + �2MCAP

i
t + �it

Dependent variable
Predicted

Variable sign DEV DEV

INTERCEPT (0) 0�000 0�000
�0�00� �0�00�

FREQ �+� 0�065
�1�72�

STREAK �+� 0�066
�1�73�

CME (?) 225�299 225�223
�2�39� �2�39�

CMD �+� 763�429 763�653
�7�96� �7�97�

TIME �T � �−� −0�010 −0�010
�−2�88� �−2�88�

RANK ORDER �O� �−� −0�460 −0�461
�−2�93� �−2�93�

EXPERIENCE (?) 0�013 0�013
�2�25� �2�26�

LOSS (?) −3�819 −3�818
�−2�05� �−2�05�

Log Market Equity (MCAP) �−� −0�160 −0�159
�−2�30� �−2�29�

Number of observations 46,909 46,909
R-square (%) 35�96 35�97

Notes. The dependent variable DEV is the absolute value of the difference
between the analyst forecast and the consensus (defined as the median of
other analysts’ predictions). Variables are defined in Table 3. For readability,
all coefficients are multiplied by 1,000 in the table. The sample covers 1980 to
1997. To be included, the observation has to be made within the quarter and
has to be the first forecast of the analyst for the company in the quarter. For a
given company, quarters when fewer than four analysts issue a forecast are
excluded. An observation is included if the analyst has made at least four pre-
vious predictions on a company. The t-statistics, reported in parentheses, are
calculated using (firm and quarter) groupwise heteroskedasticity-consistent
standard errors.

4.4. Overconfidence vs. Underconfidence
Psychologists have found that individuals both
overweight their successes and underweight their fail-
ures. Further, the phenomenon is asymmetric: indi-
viduals tend to overweight successes more than they
underweight failures. For example, Fiske and Taylor
(1991) note that self-enhancing attributions for success
are more common than self-protective attributions for
failures. Thus, underconfidence should be less sig-
nificant than overconfidence. To test this, we recom-
pute STREAK as the number of quarters that the ana-
lyst had an error above the median. The coefficient
is negative in both the pooled and in the fixed-effect
regressions for both DEV and ERROR. However, com-
pared with the regressions in which STREAK mea-
sures superior performances, the coefficient has a
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Table 4 Pooled Regressions of DEV : Standard Errors Are Groupwise
Heteroskedasticity-Consistent

The estimated model:
DEV i

t = 
+ �FREQi
t + �1CME

i
t + �2CMD

i
t + �1T

i
t + �2O

i
t

+�1 · EXPERIENCEi
t + �1LOSS

i
t +�2 ·Ai

t + �2MCAP
i
t + �it

Dependent variable
Predicted

Variable sign DEV DEV

INTERCEPT (?) 0�681 0�724
�2�93� �3�11�

FREQ �+� 0�074
�3�03�

STREAK �+� 0�085
�2�19�

CME (?) 216�720 216�717
�2�49� �2�49�

CMD �+� 775�433 776�280
�7�80� �7�82�

TIME �T � �−� −0�007 −0�007
�−3�21� �−3�23�

RANK ORDER �O� �−� −0�224 −0�227
�−2�09� �−2�12�

EXPERIENCE (?) −0�004 −0�004
�−1�27� �−1�18�

LOSS (?) −3�089 −3�087
�−2�02� �−2�02�

Log Market Equity (MCAP) �−� −0�076 −0�075
�−3�71� �−3�68�

ACCURACY �A� (?) −289�813 −283�963
�−4�03� �−3�99�

Number of observations 46,909 46,909
R-square (%) 38�83 38�84

Notes. The dependent variable DEV is the absolute value of the difference
between the analyst forecast and the consensus (defined as the median of
other analysts’ predictions). The first column includes FREQ as the explana-
tory variable, whereas the second includes STREAK. FREQ is the number of
above-median predictions in the last four predictions. STREAK is the number
of above-median predictions in a row before the current prediction. ERROR
is defined as the absolute error of the forecast at time t for a given analyst
and company. Current Median ERROR (CME) is the median error of the ana-
lysts (excluding the analyst making the forecast) who follow a given company
for the current quarter. Similarly, Current Median DEV (CMD) is the median
DEV of the analysts (excluding the analyst making the forecast) who follow
a given company for the current quarter. TIME �T � is the number of days
between the date of the forecast and the end of the quarter. RANK ORDER
�O� is the ratio of the number of forecasts published before the analyst issues
her prediction to the total number of forecasts published over the quarter.
EXPERIENCE is the number of quarters when analysts have made predictions
before they make the current forecast. LOSS is an indicator of whether the
company reports negative earnings. ACCURACY �A� is minus one multiplied
the median (over the entire period of coverage) of the difference between the
analyst error and the median error of all analysts for a given quarter and a
given company. Log of Market Equity (MCAP) is the natural logarithm of the
market value of firm equity. All variables (except FREQ, STREAK, TIME, and
RANK ORDER) are scaled by the price at the beginning of the quarter. For
readability, all coefficients are multiplied by 1,000 in the table. The sample
covers 1980 to 1997. To be included, the observation has to be made within
the quarter and has to be the first forecast of the analyst for the company
in the quarter. For a given company, quarters when fewer than four ana-
lysts issue a forecast are excluded. An observation is included if the analyst
has made at least four previous predictions on a company. The t-statistics,
reported in parentheses, are calculated using (firm and quarter) groupwise
heteroskedasticity-consistent standard errors.

Table 5 Fixed-Effect Regressions of ERROR : Standard Errors
Are Groupwise Heteroskedasticity-Consistent

The estimated model:
ERRORi

t = 
i + �FREQi
t + �1CME

i
t + �2CMD

i
t + �1T

i
t + �2O

i
t

+�1 · EXPERIENCEi
t + �1LOSS

i
t + �2MCAP

i
t + �it

Dependent variable
Predicted

Variable sign ERROR ERROR

INTERCEPT (0) 0�000 0�000
�0�00� �0�00�

FREQ �+� 0�119
�3�16�

STREAK �+� 0�097
�2�58�

CME �+� 755�261 755�127
�8�37� �8�38�

CMD (?) −521�319 −520�960
�−3�44� �−3�44�

TIME �T � �−� 0�012 0�012
�3�59� �3�59�

RANK ORDER �O� �−� −0�233 −0�235
�−1�43� �−1�43�

EXPERIENCE �−� −0�010 −0�009
�−1�45� �−1�39�

LOSS �+� 5�058 5�060
�2�83� �2�83�

Log Market Equity (MCAP) �−� −0�665 −0�664
�−4�72� �−4�71�

Number of observations 46,909 46,909
R-square (%) 76�49 76�49

Notes. The dependent variable ERROR is defined as the absolute error of the
forecast at time t for a given analyst and company. The first column includes
FREQ as the explanatory variable, whereas the second includes STREAK.
Variables are defined in Table 3. For readability, all coefficients are multiplied
by 1,000 in the table. The sample covers 1980 to 1997. To be included, the
observation has to be made within the quarter and has to be the first forecast
of the analyst for the company in the quarter. For a given company, quarters
when fewer than four analysts issue a forecast are excluded. An observation
is included if the analyst has made at least four previous predictions on a
company. The t-statistics, reported in parentheses, are calculated using (firm
and quarter) groupwise heteroskedasticity-consistent standard errors.

smaller magnitude (about two to three times smaller)
and a lower significance level (the coefficient ceases
to be significant in the fixed-effect regressions) in the
DEV regressions but is qualitatively similar in the
ERROR regressions.

4.5. Patterns of Overconfidence Dynamics
We posit that the overconfidence should be a short-
term phenomenon. However, its exact length is an
empirical question. FREQ and STREAK are formed
based on four lagged predictions. The choice of the
length of the period represents a trade-off between
obtaining more variations in the FREQ and STREAK
variables at the expense of diluting the effect. Nev-
ertheless, we recompute FREQ and STREAK using
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Table 6 Pooled Regressions of ERROR : Standard Errors Are Group-
wise Heteroskedasticity-Consistent

The estimated model:
ERRORi

t = 
+ �FREQi
t + �1CME

i
t + �2CMD

i
t + �1T

i
t + �2O

i
t +�1

· EXPERIENCEi
t + �1LOSS

i
t +�2 ·Ai

t + �2MCAP
i
t + �it

Dependent variable
Predicted

Variable sign ERROR ERROR

INTERCEPT (?) 2�579 2�726
�5�02� �5�05�

FREQ �+� 0�187
�4�20�

STREAK �+� 0�123
�2�64�

CME �+� 769�593 769�745
�9�11� �9�11�

CMD (?) −409�192 −405�982
�−2�17� �−2�14�

TIME �T � �−� 0�008 0�008
�3�40� �3�30�

RANK ORDER �O� �−� −0�402 −0�415
�−3�27� �−3�38�

EXPERIENCE �−� −0�006 −0�005
�−1�82� �−1�55�

LOSS �+� 4�805 4�814
�3�19� �3�19�

Log Market Equity (MCAP) �−� −0�172 −0�168
�−3�80� �−3�74�

ACCURACY �A� �−� −1�026�153 −994�266
�−9�96� �−9�90�

Number of observations 46,909 46,909
R-square (%) 78�48 78�46

Notes. The dependent variable ERROR is defined as the absolute error
of the forecast at time t for a given analyst and company. The first col-
umn includes FREQ as the 00000.explanatory variable whereas the second
includes STREAK . Variables are defined in Table 3. For readability, all coeffi-
cients are multiplied by 1,000 in the table. The sample covers the period 1980
to 1997. An observation is included if the analyst has made at least four pre-
vious predictions on a company. The t-statistics, reported in parentheses, are
calculated using (firm and quarter) groupwise heteroskedasticity-consistent
standard errors.

different numbers of lagged periods (from 2 to 8
quarters). All coefficients for FREQ or STREAK are
positive. In the ERROR regressions, FREQ is signif-
icant in all regressions; STREAK is significant up to
four quarters. Results in the DEV regressions are more
sensitive to the length of the period and are typically
not significant for shorter horizons.
We also consider the growth and decay of

overconfidence. STREAK implicitly assumes that
overconfidence decay is immediate after one bad
performance. FREQ, on the other hand, assumes a
symmetric pattern in which having one prediction
above the median performance has the same effect as
having one below the median (with opposite signs).
Although the results of the two specifications are
quite similar, the magnitude and the significance of

the coefficients are slightly larger for FREQ than for
STREAK. This would suggest some persistence in
overconfidence.

4.6. Overconfidence and Multitasking
As mentioned in §3.3, we implicitly assume firm-
dependent degrees of overconfidence in analysts. To
examine whether any carryover effect exists between
the predictions made by the analysts across firms,
we use the average FREQ and STREAK per analyst
in a given quarter in our regressions. Most results
hold. Both means are significant at less than 5%
level in the ERROR regressions (both cross-sectional
and fixed-effect). The mean of STREAK is also sig-
nificant in the DEV regression at the 10% level in
both the cross-sectional and the fixed-effect regres-
sions. However, the mean of FREQ is not significant
in the DEV regressions. While we are intrigued by the
carryover of overconfidence in a multitasking envi-
ronment, we leave a more rigorous analysis of the
interaction between tasks and its effect on overconfi-
dence for future work.

5. Alternative Interpretations of
the Results

Our research question is motivated by the importance
of psychological biases in shaping human behav-
ior. However, we cannot completely reject rationality
since its existence is always conditional on the objec-
tive function of the analysts. Our results can therefore
be explained by making ad hoc assumptions about
the objective function of the analysts. Yet, our tests
limit the functions that are consistent with rational-
ity. If it is increasing in accuracy (i.e., analysts are
rewarded for being accurate) and in conditional devi-
ation from consensus (i.e., analysts are rewarded more
when they are both accurate and away from the con-
sensus), this function would have to be both path
dependent (i.e., the probability of obtaining a large
positive payoff increases in the number of good pre-
dictions) and asymmetric (i.e., the payoff is increas-
ing in the number of good predictions faster than the
penalty). Put differently, the payoff function should
become more convex with the number of success-
ful predictions. An example would be a system in
which analysts would increase their chances of pro-
motion by making a series of bold out-of-consensus
forecasts. Although this strategy induces higher error
on average, it would yield higher expected compensa-
tion because analysts would be promoted in the rela-
tively rare cases when their forecasts are accurate (but
not demoted when they are wrong).
To investigate this possibility, we consider various

observable characteristics for promotion. In particu-
lar, we examine the change in the number of firms
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followed by the analyst, the change in the market
capitalization of those firms, and whether the ana-
lyst moved to a larger brokerage house (defined as
a brokerage house that follows more stocks) in the
subsequent quarter. We find that none of these vari-
ables significantly affects the results. In addition, we
expect our results to persist when our sample varies
cross-sectionally and over time if they are explained
by cognitive biases, but to change if they are driven
by a particular compensation structure. The follow-
ing empirical findings are more consistent with the
first explanation than with the second. First, we exam-
ine whether the effect is similar for both small and
large brokerage houses. This test is motivated by
the understanding that compensation structures are
different. To do so, we interact STREAK and FREQ
with a dummy variable that equals 1 if the broker-
age house employs fewer analysts than the median
number. The interaction is not significant, suggesting
that the effect is similar for both smaller and larger
analyst firms. Second, we interact FREQ (or STREAK)
with a dummy variable that takes the value of 1 if
the observation is post-1992, zero otherwise. We make
this time distinction because major television or Inter-
net financial news channels did not exist in the 1980s.
The interaction is not significant. This result suggests
that reputation in the media is not driving our results.

6. Conclusion
Motivated by two major behavioral principles, we
investigate the short-term dynamics behind analysts’
forecasts and whether analysts become overconfident
in their ability to predict future earnings after a series
of good predictions. Overconfidence in this setting
implies that analysts overweight their own estimates
and rely less on public signals. Therefore, they are
more likely to be out of the consensus and to have a
larger prediction error in their subsequent forecast.
To test these hypotheses, we regress both depar-

tures from the forecast consensus and forecast errors
on the number of “good” predictions (i.e., an error
lower than the median error) in the last four quar-
ters and with control variables. We find that both
deviations from the consensus and prediction errors
are positively correlated with past success. Additional
control variables such as experience do not affect this
bias. We explain these results by identifying overcon-
fidence as a short-term phenomenon that recurrently
appears and disappears. Its intensity varies with the
length of success.
These results, however, cannot totally reject ratio-

nality because they can always be explained by mak-
ing ad hoc assumptions on the reward function of
the brokerage house or of the analysts. Yet, our two
tests limit compensation structures that are consistent

with rationality: assuming that the analysts’ reward
function is increasing in accuracy and that devia-
tion from the consensus is rewarded if it is associ-
ated with lower errors, our results indicate that this
function would have to be both path-dependent and
asymmetric. In addition, subsequent tests provide no
support that such a compensation structure explains
our results: the phenomenon is persistent over time,
is common to small and large firms despite differ-
ences in incentive structures and is not associated
with observable proxies for promotion.
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