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Abstract

This paper investigates the impact of overconfidence on agents’ learning processes. In

models with repeated forecasts, agents’ learning patterns reveal information regarding their

overconfidence and abilities. Based on theoretical predictions, this paper develops empirical

methods to test whether previous forecasting accuracy leads agents to become overconfident.

Using detailed data on financial analysts’ forecasts, this paper finds that (i) analysts’ past

accuracy does not necessarily lead them to be overconfident; (ii) analysts with larger past

deviations from the consensus forecasts do not exhibit more overconfidence; and (iii) overall,

analysts do not exhibit overconfidence. Therefore, contrary to the results from previous

empirical analyses, this paper suggests that in practice, overconfidence does not significantly

impact the decisions of financial analysts.
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Oh would some Power the giftie give us,
To see ourselves as others see us!
It would from many a blunder free us,
And foolish notion.

- Robert Burns, 1785.

1 Introduction

The systematic biases of human estimations and predictions have been well documented in

numerous studies.1 Recently, economic literature has attempted to incorporate these systematic

biases into information processing models.2 In particular, overconfidence has been a popular

subject of the investigations.

In the real world, there are many phenomena that may be explained by overconfidence.

For example, in sports, there is the well-known Sports Illustrated Jinx. If athletes appear on

the cover of the Sports Illustrated magazine, they tend to lose in their next games. In business,

CEOs who have received an award in the business press subsequently underperform.3 Since

public success like that in the examples often leads to behavioral distortions, overconfidence is

frequently blamed for the subsequent misjudgement and poor performance.

Under the influence of overconfidence, people overestimate the precision of their information.

More interestingly, people often do not perceive that they are overconfident. For example,

Oskamp (1965) shows that most of the participants in his case study reveal that their confidence

in accuracy of conclusions increases more than their actual accuracy increases. Understanding

the nature of overconfidence is crucial to studies of motivation, resulting behavioral patterns,

and social interactions among agents.

Existing empirical studies of overconfidence have emphasized how agents’ past success leads

to subsequent poor performance, suggesting overconfidence as the reason (see e.g. Hilary and

Menzly, 2001). However, by focusing on the forecast outcomes, these studies lack a framework to
1For psychological evidence, refer to the following studies. See e.g., Weinstein, 1980; Zuckerman, 1979; Oskamp,

1965.
2There are various types of these biases, such as overconfidence (see e.g., Van den Steen, 2004), optimism bias

(see e.g., Van den Steen, 2004), confirmatory bias (see e.g., Rabin and Schrag, 1999), and self-serving bias (see

e.g., Benabou and Tirole, 1999).
3See e.g., Malmendier and Tate, 2005. They argue that overconfidence is at a level that is more than could be

explained by mean-reversion. However, it is still difficult to free from the mean-reversion criticism.
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clearly distinguish overconfidence from mean-reversion. Since subsequent poor performance of

agents can be either due to overconfidence or just the process of mean-reversion, it is important

for the empirical design to be able to separate the effects.

Another drawback associated with these studies is that they seek to relate the degree of

overconfidence to the magnitude of forecast errors. In fact, overconfidence by definition does not

necessarily lead to high forecast errors.4 Moreover, since previous studies measure overconfidence

based on the degree of deviation from consensus forecasts, they implicitly regard overconfidence

as the outcomes of putting larger weight on the private signals of agents. This may be an

appropriate approach only under the restrictive assumptions that agents universally possess the

same abilities with common prior beliefs. For this reason, it is impossible in this approach to

separate the effect of self-perceived precision including overconfidence and the effects of differing

abilities (actual precision). Thus, it is suspect that the degree of deviations is an appropriate

indication of overconfidence.

The purpose of this paper is to incorporate the behavioral characteristic into a simple learn-

ing model, and to develop a new empirical methodology for testing overconfidence. This model

sheds light on how irrational behavior affects the agent’s learning process, and it accordingly

suggests empirical tests against behavioral explanation of past success.

To overcome the limitations associated with previous studies, I investigate the impact of

overconfidence on agents’ learning process, not on the realized performance. Since this study

does not focus on the forecast outcomes, it is free from the mean-reversion criticism. Note that

none of the existing empirical studies can capture overconfidence in the learning process, since

they only use the last forecast by each analyst for a particular period. However, it is in the

learning process that overconfidence plays a critical role, which I discuss in more detail below.

Departing from previous research, I allow agents to have different abilities. In other words, their

private signals depend on their levels of precision. By relaxing this assumption, I attempt to

distinguish the effect of overconfidence from that of abilities.

The basic idea of this paper is as follows: Note first that the response to overconfidence

varies with the standpoints of subjects. If an agent is overconfident, she is induced by her

overconfidence to emphasize the correctness of her previous forecast and discount the dissenting

positions of others. This is to say that she would likely put a larger weight on her own previous
4Gervais and Odean (2001) argue that overconfidence does not lead to high forecast errors.
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forecast and smaller weights on the more recent forecasts by others. Now from the standpoint of

other agents, it is rational to discount the forecast made by one of their overconfident peers. If

an agent knows which of the previous forecasts were influenced by overconfidence, then she will

put a smaller weight on those forecasts. Recognizing this phenomenon enables us to identify the

role of overconfidence in the learning process.

Applying this concept, I embed an overconfidence factor into a Bayesian learning model

with common prior beliefs. In the model, two agents sequentially make repeated forecasts of the

same realization of the same variable, based on public and private information. They can revise

their forecasts repeatedly within a particular time interval. An overconfident agent puts more

weight on her private signals that depend on her ability. Comparative statics results provide

insights on the process of learning as well as the framework for the empirical study.

Previous studies have explored overconfidence by examining financial forecasts (see e.g.,

Hilary and Menzly, 2001; Bernhardt et.al., 2004). Although this study also uses analysts’ fore-

casts, assumptions for the theoretical model and thus empirical specifications are structurally

different from those in the existing literature. Therefore, the model and the empirical speci-

fications can be applied to any type of forecasts for analyzing the behavioral characteristic of

agents. For instance, it can be applied to professional forecasters who generate macroeconomic

forecast data.

In this paper, examining analysts’ forecasts provides distinct advantages. It is natural to

set up a learning model based on analysts’ forecasts since it is widely known that they learn

from others’ forecasts (see, e.g., Ottaviani and Sørensen, 2001, 2004, 2005). Their learning

patterns can also be examined because multiple forecasts by the same analyst are available for

a particular period.5

For the estimations, this paper uses detailed financial analyst forecast data from the 2000 to

2003 period. This method is superior to previous studies that only considered the last forecast

from a particular period. In practice, however, analysts often make multiple forecasts. In this

sense, this study more realistically accepts that analysts make repeated forecasts for a particular

period. In order to examine analysts’ intra-period learning process, I construct forecast windows.
5These forecast data are publicly available and well-managed so that the existence of overconfidence in learning

can be easily identified among financial analysts. Currently, input of forecasts is almost real-time and the data

have other useful characteristics about firms and analysts.
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Each forecast window starts with a forecast by a specific analyst and ends with her latest forecast,

tracking all analysts’ forecasts in between.

After studying the model’s comparative statics, I develop empirical tests for overconfidence

based on the learning behavior of analysts. Specifically, I test whether (i) past success leads an-

alysts to become overconfident; whether (ii) the degree of deviation is an appropriate indication

of overconfidence; and therefore whether (iii) analysts are overconfident overall. This approach

to estimating the effect of overconfidence in learning involves two steps: an analysis of current

forecasts and an analysis of the subsequent forecasts by others.

For instance, in the first step of the analysis, to support the first hypothesis, the effect of an

analyst’s own previous forecasts on her latest forecasts should become larger when her previous

accuracy is high. The underlying intuition being that the analyst exhibits overconfident upon

recognizing previous accuracy. Therefore, driven by overconfidence from the previous success,

she puts more weight on her private signals, which is captured by more consideration of her

own previous forecast. According to the theoretical predictions, the resulting sign of interaction

terms between previous accuracy and one’s own previous forecast should be positive. Under the

alternative hypothesis, her past success indicates her increased ability, not her overconfidence.

Similarly, the model predicts that the resulting effect of one’s own previous forecast in relation

to previous accuracy is none if both are rational.

In the second step of the analysis, how much agents will conform to another agent’s previ-

ous forecasts also decreases with respect to previous accuracy. In other words, other analysts

will discount the previous forecast made by an overconfident analyst even though her previous

accuracy is high. According to the predictions under the overconfidence hypothesis, the sign of

interaction terms between previous forecast and her ability should be negative. Alternatively,

the sign needs to be positive under the ability hypothesis. This method helps us to explore how

agents differentially weight their own and the set of others’ forecasts as well as how other agents

weight forecasts by overconfident peers.

The results of the empirical tests imply that analysts who have obtained higher accuracy

in their past do not necessarily become overconfident. Moreover, analysts who exhibit excessive

deviations from the consensus forecasts are not relatively overconfident, compared to those who

exhibit smaller deviations. Therefore, the degree of deviations, which has been used as a measure

of overconfidence in the existing literature, is not a good measure of overconfidence.
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To the best of my knowledge, this is the first paper that explores overconfidence in learning

both empirically and theoretically.6 This research is significant in three respects. First, this

paper examines overconfidence in the learning process by analyzing different learning patterns,

overcoming some of the limitations in the research designs in the prior literature. This study is

free from the mean-reversion criticism and it allows analysts to have different abilities so that

the effect of overconfidence can be separated from that of abilities. Second, this paper finds

that the degree of deviations from consensus, which has been used in previous studies, does not

necessarily imply overconfidence. Third, empirical analysis of how previous forecasts interact

with the previous accuracy in a learning environment leads to an observation that past success

does not necessarily lead analysts to become overconfident.

The remainder of the paper is organized as follows. To infer the effect of overconfidence

in learning, section 2 proposes a simple theoretical model with an overconfidence factor. Sec-

tion 3 describes the data and presents descriptive statistics. In section 4, I present a method

of estimating the effect of overconfidence in forecasts. Also, this section provides econometric

specifications for estimating the effect of overconfidence in forecasts. Section 5 summarizes em-

pirical results, including robustness tests. Section 6 concludes this paper with a discussion of

the implications of the results for future research.

2 A Bayesian learning model with overconfidence

I propose a simple Bayesian learning model with regards to overconfidence as a factor added in

the precision. Without examining the learning process, there is no way to distinguish the effect

of overconfidence from the effect of ability of forecasters. This model not only provides an impli-

cation of the existence of overconfidence in learning, but it also provides an analytical framework

for the empirical specification. Studying comparative statics regarding the effects of previous

forecasts suggests theoretical predictions regarding overconfidence vs. ability hypotheses for the
6For theoretical research only, see e.g., Bernardo and Welch (2001), Gervais and Odean (2001), Kariv (2004) and

Van den Steen (2004). Except for the fact that these existing theory models examine the effect of overconfidence

on learning, the assumptions and thus implications are different.
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empirical research that followed.

2.1 Repeated sequential forecasts

Consider a game with two forecasters, P1 and P2, who make forecasts sequentially about, for

instance, a firm’s earnings or a macroeconomic indicator. Their forecasts are based on their own

private signal and public information, which presents itself as a sequence of previous forecasts.

When the forecasting period begins, each forecaster receives one or more private signals which

arrive randomly over a given continuous time period. The signal distribution of each forecaster

is independent.

With each piece of new information, both update their prior beliefs about the true state

of each forecast period. After observing their own private signals, they report their forecasts

on the true state. After a forecast by one forecaster, the other can conjecture this forecaster’s

private signal by observing the reported forecast. Both can repeatedly report their forecast

values. Finally, after a forecasting period is over, an evaluator - or the market - evaluates each

final forecast and rewards forecasters based on the linear function of their accuracies in their

forecasts.7 Since forecasters’ utilities come from their forecast accuracy, the forecasters sincerely

report the mean of their posterior value.8 For the following corollary, I prove that there is no

incentive to deviate from reporting truthfully for each advice provider because it is a dominant

strategy.

Corollary 1 The truthful reporting is a dominant strategy.

Proof. See the Appendix.

Two forecasters have common prior beliefs about the true state. Assume a conjugate

normal family of the private signal distributions and the forecasters’ prior distribution of the
7Following many previous studies, I assume that forecasters aim to minimize squared forecast errors (see e.g.,

Pesando, 1975; Ito, 1990). Gul and Lundholm (1995) uses the similar utility function of this study in their

theoretical model with additional delay cost.
8In fact, forecasters try to balance their aims of minimizing forecast errors and their reputation of being good

before the true state is realized when they announce repeated forecasts. In the aim of the later, they would not

necessarily make a forecast until their last ones. This strategy might be an equilibrium, but this is less preferred

because every advice provider ends up focusing on her own private signal only without having any history of

previous forecasts.
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true state, θ. Under the assumption of common prior, forecasters’ prior beliefs follow an identical

normal distribution with mean µθ and precision τθ, or N(µθ, 1/τθ). Furthermore, assume that

forecasters P1’s and P2’s precision of their private signal distributions are publicly known as τ1

and τ2, respectively. Namely, forecaster i’s private signal is drawn from a normal distribution of

N(θ, 1/τi). The difference between their abilities comes only from the difference in the precisions

of their private signal distributions for predictions. A forecaster reports whenever she receives

a new single signal. Forecasts occurs sequentially when they receive their new private signals.

The overconfidence factor for each forecaster, αi, is introduced on the precision of their

private signal distribution, τi. These αs model the different subjective beliefs on their abilities.

Thus, P1 thinks the volatility on her signal distribution to be 1
α1τ1

, and P2 thinks his to be
1

α2τ2
. Overconfidence of a forecaster is represented as a upward bias in the estimate of her own

private signal precision, i.e. an overconfident forecaster believes incorrectly that the market is

underestimating her ability. Therefore, a forecaster i is overconfident if αi > 1.

Following DeGroot (1970), P1 observes her own private signal and report her forecast r1
1,

according to Bayes’ rule.

r1
1 =

τθµθ + α1τ1s1

τθ + α1τ1
(1)

The notation of rj
i refers to the report by the forecaster j after observing ith private signal.

Rearrangement yields the relation between the private signal received by P1 and her forecast.

s1 =
1

α1τ1
[(τθ + α1τ1) · r1

1 − τθµθ] (2)

Based on the forecast made by P1, P2 releases his forecast, r2
2, after drawing his private

signal, s2.

r2
2 =

τθµθ + τ1s1 + α2τ2s2

τθ + τ1 + α2τ2
(3)

Rearranging equation 3 provides his private signal as a function of previous forecasts.

s2 =
1

α2τ2
[(τθ + τ1 + α2τ2) · r2

2 − τθµθ − τ1s1] (4)

Again, after receiving a new signal, P1 makes a forecast, r1
3, given the history of forecasts

and her new signal.

r1
3 =

τθµθ + α1τ1(s1 + s3) + τ2s2

τθ + 2α1τ1 + τ2
(5)

Note that the goal is to investigate the relation between current forecasts and the previous

forecasts induced by overconfidence of the current forecaster. Correct formulation of P1’s current
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forecasts as a function of the previous forecasts is possible because P1 correctly knows the other’s

private signal. Substituting equation 4 and 2 into the equation of r1
3 yields the following relation.

r1
3 =

(α1α2−1
α1α2

)(τθ + α1τ1) · r1
1 + 1

α2
(τθ + τ1 + α2τ2) · r2

2 + α1τ1s3 − 1
α2

τθµθ(α1−1
α1

)
τθ + 2α1τ1 + τ2

(6)

Therefore, the effect of her own previous forecast on her current forecast and that of other’s

recent forecast are represented as follows, respectively.

The magnitude of the effect of one’s own previous forecast :

Coef [r1
1] =

(α1α2 − 1)(τθ + α1τ1)
α1α2(τθ + 2α1τ1 + τ2)

(7)

The magnitude of the effect of other’s most recent forecast :

Coef [r2
2] =

τθ + τ1 + α2τ2

α2(τθ + 2α1τ1 + τ2)
(8)

The comparative statics of the effects of previous forecasts on current forecasts provides some

insights on learning patterns in the presence of overconfidence. In other words, it is possible to

separate the effect of overconfidence from that of ability by examining the comparative statics

of previous forecasts.

As expected, the derivative of the coefficient of one’s own forecast with respect to her own

overconfidence factor yields a simple implication: under the influence of overconfidence, she

takes into account her previous own forecast more. In contrast, the alternative, or the relation

between the effect of her previous own forecast and her ability is more complicated. It depends

on the overconfidence factor of the other forecaster. A positive value means that as the first

forecaster’s ability improves, the magnitude of the effect of her previous own forecast on her

current forecast gets larger. By the same token, a negative value implies that as the forecaster’s

ability gets better, the magnitude of the effect of her previous own forecast gets smaller.

Similarly, the derivative of the coefficient of the other’s forecast with respect to the previous

forecaster’s overconfidence factor yields another intuitive implication: under the influence of

overconfidence, the current forecaster takes into account the other’s recent forecast less. The

relation between the effect of the most recent forecast by the other and the previous forecaster’s

ability can be summarized as follows. Assuming that other factors that influence forecasts do

not vary systematically with overconfidence, I have developed the following propositions.
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Proposition 1 (Overconfidence Hypothesis) The effect of one’s own previous forecast becomes

larger, while that of the most recent forecast by the other becomes smaller if the current fore-

caster is overconfident.

Proof. See the Appendix.

Proposition 2 (Ability Hypothesis) The effect of one’s own previous forecast with respect to her

own ability becomes smaller and that of the most recent forecast by the other becomes larger if

neither is overconfident.

Proof. See the Appendix.

Note that the effect of previous forecasts in relation to one’s own ability varies, depending on

the degree of overconfidence of the other forecaster.9 The examination of the magnitude of

the effect of different previous forecasts on current forecasts may be sufficient to determine

whether overconfidence exists. It suggests under which conditions forecasters are more likely to

be overconfident. However, to reinforce analyzing the formation of overconfidence, an analysis

of the immediately following forecasts by others is worth conducting.

2.2 The immediately following forecasts

In order to ensure the formation of overconfidence, I also analyze the influence of one’s own

forecasts on the immediately following forecasts (hereafter the subsequent forecasts) by others.

The idea is simple. If a forecaster truly has better information, then the subsequent forecasts

of other forecasters will conform to it. However, if the subsequent forecasts of other forecasters

are little affected by her previous forecast, then the forecaster is considered to be overconfident.

From equation 3, the functional form of r2
2 in terms of r1

1 is obtained by substituting equation

2.

r2
2 =

1
τθ + τ1 + α2τ2

[
τθ + α1τ1

α1
· r1

1 + (1− 1
α1

)τθµθ + α2τ2s2] (9)

The magnitude of the effect of one’s own forecast on the subsequent forecast of the other is

defined as the degree of conformity (C ). This measures how much the subsequent forecast will
9The proposition 2 only represents a specific case, when the forecaster is rational (α1 = 1) and the other

forecaster is underconfident, or α2 < 1. For the complete conditions, refer to Table 4 or the Appendix.
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conform to the previous forecast.

The degree of conformity (C) =
τθ + α1τ1

α1(τθ + τ1 + α2τ2)
(10)

Differentiating equation 10 with respect to the overconfidence factor of the previous forecaster

suggests that the following forecaster always discounts the previous forecast made by the over-

confident forecaster. Namely, the derivative of the degree of conformity with respect to α1 is

always negative. By the same token, we can differentiate the degree of conformity with respect

to the first forecaster’s ability. It is intuitive to posit that the degree of conformity increases as

the first forecaster’s ability becomes higher. Comparative statics results regarding the degree

of conformity by the subsequent forecast enable us to confirm whether advice providers are

overconfident or not.

Proposition 3 (Overconfidence Hypothesis) The degree of conformity by the other to the pre-

vious forecast becomes smaller if the previous forecaster is overconfident.

Proof. See the Appendix.

Proposition 4 (Ability Hypothesis) The degree of conformity by the other to the previous fore-

cast becomes larger if the previous forecaster is not overconfident.

Proof. See the Appendix.

Note that these results in the above propositions stand the same, regardless of the degree of

overconfidence of the other advice provider. In the following sections, I test these predictions

from the model using analysts’ forecasts data.

3 Data

The empirical tests use a modified retrieved sample from the Institutional Brokers’ Estimate

System (I/B/E/S) over the period from Jan. 2000 to Dec. 2003.10 Four years of quarterly
10I/B/E/S actual value is used for quarterly earnings per share, following Esterwood and Nutt (1999). The

following empirical results remain the same even though the similar item of quarterly earning per share from

the COMPUSTAT is used. Thus, it is immune to the problem referred by Philbrick and Ricks (1991). The

I/B/E/S detailed data set contains company code, analyst identifier, broker identifier, estimated value of forecasts,

estimation date of forecasts, actual value, and reported date of quarterly announcements.
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earnings forecasts by analysts were collected from the entire I/B/E/S data base. Corresponding

firms’ stock prices were extracted from the COMPUSTAT Industrial database.11 Following prior

studies, stock prices less than $5 were dropped from the sample. I also trimmed the top and

bottom 1 percentile of the sample data based on forecast errors.12 For time consistency with

other variables, I deleted outdated forecasts that were released more than a year ago from the

standpoint of the earnings announcement date.

To generate a series of forecasts released during a forecast window, I programmed to extract

the relevant forecasts for each current forecast by the Matlab.13 The forecast window is defined

as the period starting with a forecast by a specific analyst and ending with the current forecast by

the same analyst. It is not necessary to collect every forecast at the beginning of the estimation

period because an analyst’s previous forecast in the forecast window includes all the information

that she had at the time of forecast under the assumption of no strategic behavior. The forecasts

in the forecast window fall into two categories: one’s own forecast by the analyst, and the set of

other analysts’ forecasts. To examine the influence of the more recent forecasts on current ones,

I reversed the order of others’ forecasts in the regression.

In order to group analysts based on their past degrees of deviations in the first half of the

sample period, it is necessary to define a consensus forecast, which is a median value of previous

forecasts in a forecast window. The degree of deviation is defined as the absolute difference

between the forecast and the consensus forecast. Then, if analysts’ absolute values of degree of

deviations are more often larger than that of the median during the first half of the period, they

are categorized into the analyst group with larger deviations. Otherwise, they are categorized

into the analyst group with smaller deviations. For this reason, I use observations that have

at least four analysts covering the firm in a particular quarter. Then I examine how analysts’

learning patterns will be different between the analyst groups with different deviations in the

second half of the sample period.

Before presenting summary statistics, I present the following example regarding how to

construct forecast windows.14 It helps to understand the construction of forecast data for each
11Close stock prices at the first month of a particular quarter are used for scaling.
12Forecast errors are defined two ways: 1) (Forecast-Actual)/abs(Actual) and 2)(Forecast-Actual)/price. The

forecast errors relative to the actual value are used in calculating the ACCURACY variable.
13The Matlab code is available by the author upon request.
14I am grateful for this example provided by Charlie Brown clarifying the notion of a forecast window.
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forecast window. For example, say Ford Motor Company reported earnings in the quarter ending

June 30, 2003. For simplicity, assume there are only three analysts, A1, A2, and A3. These

analysts started forecasting earnings for this quarter well before the end of the previous quarter.

Suppose the full set of forecasts about Ford’s earnings for the quarter ending June 30, 2003

began in January 2003 and was issued as in Table 1. This quarter would contribute these eight

observations to the regression as seen in Table 1.

[Table 1 about here.]

Table 2 presents summary statistics for forecasts in the sample. In panel A, I present

averages for variables of interest and total number of observations of firms and analysts for

each year and all years. We can observe that the average of analysts’ forecasts are optimistic

for each year and for all years. In other words, forecasted values are greater than the actual

values announced by the firm. Besides summary statistics presented in Table 2, I report that

the average number of analysts covering earnings per share for a firm-quarter is 16.62 and the

average number of forecasts released for a firm-quarter is approximately 26. In panel B, I report

the means, standard deviations, bottom 5 percentile, medians, and top 5 percentile for the

forecasts in forecast windows. All of them are scaled by the corresponding stock prices.

[Table 2 about here.]

Table 3 reports summary statistics for the variables used for interaction terms and for firm

and analyst characteristics in the sample. In Panel A, I present the means, standard deviations,

bottom 5 percentile, medians, and top 5 percentile for the previous accuracies and the length of

forecast windows. Since we are interested in the relation between accuracy and overconfidence, I

examine the effect of overconfidence by interacting accuracy with previous forecasts. The average

previous accuracy (ACCURACY ) based on two previous years’ forecasts is 1.36. This accuracy

measures how much better or worse an analyst has performed compared to the actual value for

a particular firm-quarter. This measure is consistent with the theoretical model, which assumes

that analysts’ rewards decrease in forecast errors. The average of another measure of previous

accuracy, or relative accuracy is -0.016. This measures how much better or worse an analyst

has performed compared to the median for a particular firm-quarter. Another interaction term

is the forecast window. Note that in the sample, forecast windows vary with the frequency of
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forecasts by a specific analyst. The average of the length of forecast windows is 63 days. This

means that it takes approximately two months for analysts to update their last expectations of

earnings for a particular firm-quarter. In regressions, the log of forecast windows is used.

[Table 3 about here.]

In Panel B, I present the means, standard deviations, bottom 5 percentile, medians, and

top 5 percentile for firm and analyst characteristics for all years. The average broker size in the

sample is 80.4 with the maximum number of analysts being 387. The average tenure year is 7.6

years with a maximum of 22 years. For the usual reasons related to scaling, every variable except

for the variables, RANK and EPSINDX in the analysis is represented in logs. The total value of

assets is used for the proxy for firm sizes as a firm characteristic variable (FIRMSIZE ). I include

index variables for the sign of earnings per share (EPSINDX ). According to prior literature,

there is an asymmetry in forecast bias and accuracy between firms with positive earnings and

those with negative earnings.15 Specifically, firms with negative earnings tend to show more

biased and less accurate forecasts.

Analysts’ characteristics variables include the size of brokerages (BROKSIZE ), the tenure

of analysts (TENURE ), and the relative forecast rank order of the analyst’s forecast (RANK ),

which are calculated from the I/B/E/S detailed files. The number of analysts who are affiliated

with the brokerage is used as a proxy for the size of the brokerage. In general, the larger

brokerages are likely to have better access to information. The I/B/E/S database does not

explicitly record the number of years that an analyst has been working. Thus, I only examine

analysts for whom I can calculate the number of years they have been working as analysts.

Because the I/B/E/S database begins in 1983, the experience level of all analysts who began

their career after 1983 can be calculated. The analysts’ tenure is calculated as the year difference

between the first year the first year that the analyst appeared in the I/B/E/S database for the

first time and the corresponding sample years. It is reasonable to include the tenure of analysts

because experience matters in forecasts even though its implications are mixed.16

Relative forecast rank (RANK ) is calculated as the ratio of the placement in the order of

forecast to the last forecast for a firm-quarter. For example, if an analyst has the second forecast
15See Keane and Runkle (1998), Abarbanell and Lehavy (2000).
16For example, Gervais and Odean (2001) show that overconfidence becomes exhibited less with more experience

because investors come to better recognize their own abilities.
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out of a total of fifteen for a firm-quarter, the RANK is represented by 2/15. This variable is

important in the sense that learning is relatively more evident in later forecasts than in earlier

forecasts.17 Fourth, year-quarter dummy variables are used for controlling time effect over the

period (TIMEDUM ). The dummy variables are named according to the year and the quarter

they represent. To control for different industry characteristics, I use industry dummy variables

(INDDUM ), based on the first 2-digits of SIC (Standard Industrial Classifications) codes.

4 A method for estimating the effect of overconfidence

Based on the predictions of the model, I develop tests for the findings of previous studies; these

tests are briefly discussed below. As already discussed, the existing empirical literature sup-

ports a positive relationship between overconfidence and the degree of deviation from consensus.

However, if I focus on examining the learning process rather than the forecasts outcome, the

degree of deviations may no longer correctly measure overconfidence. The existing empirical

literature also suggests that there is a positive relation between past success of analysts and

overconfidence. Finally, none of the empirical research to date examines this learning process

under conditions where overconfidence may persist.

The approach in this paper to estimating the existence of overconfidence in learning involves

two steps: an analysis for current forecasts, and an analysis for the subsequent forecasts. In the

first step, I examine how learning patterns are different between two groups of analysts with

different degrees of past deviations in order to test whether the degree of deviations is a good

measure of overconfidence. I also investigate the relationship between the previous accuracy and

overconfidence, which is one of the main findings in previous studies. This method helps us to

explore how analysts put weights differently on their own previous forecasts and how they put

weights on the set of others’ forecasts in relation to the degree of overconfidence. In the second

step, I analyze how much their own forecasts actually affect the subsequent forecasts by others

so that the existence of overconfidence can be confirmed or otherwise.18

Because forecasts may be correlated with other characteristic variables, I include firm size,
17See e.g., Bernhardt et al. (2004).
18The second step is discussed in detail in the next subsection.
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analysts’ tenure, the size of broker house, and relative forecast ranking, along with industry

dummy and time dummy variables in the regressions. Based on the relation between current

forecasts and previous forecasts, I set up a regression equation of analyst j’s current forecast for

firm i, and time of forecast window t in a particular quarter.19

CFijt = β0 + β1 · POFijtn=1 +
n̄∑

n=2

βn · POTFiltn + δ1 · CONTROLijt + εijt (11)

where POFijt refers to the analyst j’s previous own forecast, POTF iltn represents the sequence

of others’ forecasts (l 6= j), and n represents the order of reported forecasts within the tth

forecast window.

4.1 The effect of interaction terms on current forecasts

In the beginning of this section, I explain the procedure of estimating overconfidence in learn-

ing. In order to propose a methodology to examine overconfidence based on previous forecasts,

I include interaction terms in the regression analysis. This is necessary because the magnitude

of the effect of previous forecasts on current forecasts varies as a function of their previous ac-

curacy as well as a function of the length of forecast windows. The model predicts their forecast

accuracy interaction terms will have a positive/negative relationship with analysts’ ability. If

high previous accuracy leads analysts to become overconfident, then we cannot reject the over-

confidence hypothesis. Alternatively, if high previous accuracy is regarded as an improvement

in analysts’ ability, then we can reject the overconfidence hypothesis.

Another interaction term in the regression is the length of forecast windows. Although the

model cannot predict the signs of these interaction terms, the length of forecast windows may

be related to overconfidence. If an analyst is overconfident, she does not care about others’

forecasts much, so that she feels no urgency to update her previous forecast. For instance, the

resulting sign of interaction term between her previous own forecast and the length of forecast

windows should be positive.
19The explanation about control variables are discussed in the following subsection.
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The corresponding estimation specification is as follows:

CFijt = β0 + β1 · POFijtn=1 + β2 · POFijtn=1 ×ACCURACYijt

+ β3 · POFijtn=1 × FWINDOWijt +
n̄∑

n=2

δ1n · POTFiltn

+
n̄∑

n=2

δ2n · POTFiltn ×ACCURACYijt +
n̄∑

n=2

δ3n · POTFiltn

× FWINDOWijt + η1 ·ACCURACYijt + η2 · FWINDOWijt

+ δ1 · CONTROLijt + εijt (12)

where FWINDOWijt represents the length of forecast windows calculated as the difference in

dates between analyst j’s own previous forecast and the current forecast by analyst j. In order

to support overconfidence, the model predicts β2 to be positive and δ22 to be negative.

There are several observations that refer to error terms – by various analysts, at different

estimation times – of the same quarterly earnings forecasts. For example, if the news for the

Ford motor company over this period was consistently good, each bit of private information will

be positive, and the error term will be positively related. Thus, to resolve this issue, clustering

the standard errors within a particular quarter is used.

4.1.1 Previous forecasting accuracy

The previous forecasting accuracy (ACCURACY or ACCURACY1 ) is calculated by using quar-

terly announced previous forecasts made by the same analyst. I use accuracy based on the close-

ness to the actual value (ACCURACY ) as well as relative accuracy (ACCURACY 1) among

analysts. For the relative accuracy, I first calculate the difference between the median forecast

error and the analyst’s forecast error, following prior literature. The median forecast error is

defined as the median value of other analysts’ forecast errors for a firm-quarter. For instance,

if this difference is negative, this implies that the analyst has larger forecast errors than the

median analyst for the firm-quarter. I average all these error differences over the previous four

quarters, which then represents the analyst’s previous accuracy.20 The relative accuracy measure

is represented as follows:
20Hillary and Menzly (2001) calculate frequency of accurate forecasts based on the previous year or four previous

quarters.
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ACCURACY 1 =
4∑

q=1

(| MFE |q − | FE |q)
4

(13)

where | MFE |q represents the median of absolute value of forecast errors for a quarter q.

In order to measure analyst forecasting accuracy appropriately, it seems insufficient to use

a single year of previous forecasts. I calculate the accuracy based on the previous eight quarters’

forecasting performance, recognizing that the shortest business cycle spans eight quarters. The

accuracy is defined as the inverse of the averaged absolute forecast errors. Specifically, I calculate

the absolute value of forecast errors by an analyst for a firm-quarter and average them over eight

quarters. Then I inverse this average forecast error to create an accuracy measure. Since this

represents each analyst’s overall performance (ability) for two previous years, only the last

forecasts for firm-quarters made by the analyst are selected for this calculation. This decision

is based on intuition that forecasts made at the beginning of a quarter are likely to be less

accurate, because analysts have the choice of leaving their forecasts unchanged.21 In practice,

the last forecasts for a firm-quarter are more likely to be used for evaluation of each analyst’s

ability.

ACCURACY =
1

8∑
q=1

| FE |q/8
(14)

where | FE |q represents absolute value of forecast errors for a quarter q.

4.1.2 Forecast windows

Note that prior empirical literature examining overconfidence does not consider repeated fore-

casts. Thus it cannot explore the effect of timing of forecasts by each analyst. This timing

effect may result from their behavioral bias, overconfidence in addition to their compensation

scheme.22 To control for this, the length of forecast windows is used. This term measures how

long the analyst waits to change her old expectation for a particular firm-quarter earnings. In-

teracting these forecast window lengths with previous forecasts suggests the relation between

forecast timing lags and different weights of previous forecasts. The forecast windows (FWIN-
21See Brown (1998)
22Further research to examine forecast timing endogeneity is in progress.
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DOW ) are calculated as the gap between the current forecast date and the date when one’s own

previous forecast was released.

4.2 Determining the existence of overconfidence

Once appropriate interaction terms are defined, the existence of overconfidence is confirmed by

investigating how much of one’s own previous forecasts affect the subsequent forecasts, or the

degree of conformity (Step 2). I regress the subsequent forecasts by others on both one’s own

previous forecasts and related interaction terms with her previous accuracy for two groups of

analysts who had different degrees of deviation.

POTFiltn=n̄ = γ0 + γ1 · POFijtn=1 + γ2 · POFijtn=1 ×ACCURACYijt

+ γ3 ·ACCURACYijt + ζ1 · CONTROLijt + εijt (15)

where POTFiltn=n̄ refers to the other analyst l’s forecast immediately following analyst j’s

previous forecast, and ACCURACYijt represents the accuracy calculated for the previous last

eight quarters’ forecasts made by the analyst j.

This econometric specification reveals the relationship between the previous accuracy and

how much the subsequent forecasts are affected by one’s previous forecasts, which is introduced

in section 2. The theoretical model predicts that if analysts are overconfident, the sign of

interaction terms is negative between previous accuracy and the degree of conformity, or how

much the subsequent forecasts will conform to the previous one. Otherwise, it predicts a positive

relation between previous accuracy and the degree of conformity.

The empirical specifications represented in equation 12 and in equation 15 clarify hypotheses

to be tested. The first hypothesis is regarding whether past success leads analysts to become

overconfident. As discussed above, previous accuracy is used as a proxy for past success. It

should be noted that in the existing studies analysts become overconfident when they obtained

higher previous accuracy. For instance, under the overconfidence hypothesis, an analyst takes

into account more of her previous forecast and less of others’ when her previous forecasting

accuracy is high. Thus, the sign of interaction terms between her previous own forecast and

previous accuracy needs to be positive. The resulting hypothesis is as follows:

HYPOTHESIS 1 High previous accuracy leads an analyst to put more weight on her previous

forecast and to put less weights on others’, while other analysts will discount previous forecast
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by an overconfident analyst even though her previous accuracy is high. Algebraically, β2 > 0 and

δ22 < 0 & γ2 < 0.

To test this hypothesis 1, one must examine the signs of the interaction terms between (i)

one’s own previous forecast and her previous accuracy, and (ii) the most recent forecast and

the previous accuracy. If the sign of these interaction terms of one’s own previous forecasts is

positive, the null hypothesis is supported. Otherwise, it is likely to be rejected. In contrast

to the case of one’s own previous forecasts, if the sign of the interaction terms of others’ most

recent forecasts is positive, the null hypothesis is likely to be rejected. Otherwise, it is uncertain

which story is more plausible. Therefore, to determine overconfidence in a clearer way, Step 2

or the subsequent forecasts regression should be followed. From the analysis of the subsequent

forecasts, one notices that under the null hypothesis, the sign of interaction terms is negative

between previous accuracy and the degree of conformity.

The second hypothesis is designed to examine whether the degree of deviation is an ap-

propriate indication of overconfidence. I analyze the magnitudes of the effect of overconfidence

in relation to the degree of deviation from the consensus. I explore analysts’ learning patterns

between two analyst groups with different degrees of past deviations.

HYPOTHESIS 2 Analysts in the group with larger past deviations are more overconfident

than those who in the group with smaller past deviations. Algebraically, |β2|(DEV H) > |β2|(DEV L)

and |δ22|(DEV H) < |δ22|(DEV L) & |γ2|(DEV H) < |γ2|(DEV L).

To test this hypothesis, I categorize analysts into two groups, depending on their degrees

of deviation: analysts who had excessive deviations from the consensus and those who had

less deviations from the consensus in the first half of the sample period.23 Thus, it is easy to

compare the magnitudes of estimates of previous forecasts on current forecasts between these

two analyst groups. From the analysis of current forecasts, if the magnitude of the effect of the

interaction terms between one’s own previous forecasts and previous accuracy in the analyst

group with larger deviations is greater, the null hypothesis is supported. Otherwise, it is likely

to be rejected. In contrast, the opposite is true for examining the magnitudes of the effect of the

interaction terms between others’ forecasts and the previous accuracy. From the analysis of the
23For details regarding grouping of analysts, refer to Section 3, Data.
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subsequent forecasts, one notices that under the null hypothesis, the magnitude of the effect of

the interaction terms between the previous forecasts and previous accuracy in the analyst group

with larger deviations is smaller because the subsequent analysts will discount more forecasts

made by an overconfident one.

The third hypothesis tests whether analysts are overconfident overall, as implied in much of

the finance and psychology literature. It is tested by comparing the signs and magnitudes of the

effect of variables predicted from the model with those of estimates in the regression analyses.

HYPOTHESIS 3 Overall, analysts are overconfident. Algebraically, α1 > 1.

Table 4 summarizes the theoretical predictions for each of the interaction terms. Hypothesis

3 is also tested from these two separate regression analyses.

[Table 4 about here.]

4.3 The process of forecasts formation

The process of forecasts formation begins with the estimation of the functional form of forecasts.

This expectation formation procedure can be extended to include learning from peers’ forecasts.

The following empirical specification is focused on the difference in weights associated with

one’s own forecasts and others’ forecasts, controlling for firm, analyst characteristics, time and

industry dummy variables.

Consider an analyst’s forecast for a firm’s quarterly earnings per share as a function of

private information, public information and expectation of actual earnings per share. Often,

analysts make forecasts based solely on either private information or public information without

forming their expectation for the actual. Therefore, it is reasonable to consider forecasts as a

function of private information, public information, and expectation for the actual.24 At time

t, which is the date where the estimation is made, an analyst makes a forecast based on all the

information available up to time t.

Ft = F(Et(A|Ωprv
t ,Ωpub

t ),Ωprv
t ,Ωpub

t ) (16)

where A is actual earnings per share in the particular quarter, Ωprv is the private information

set and Ωpub is the public information set available at the time of forecast.
24This assumption for the functional form of forecasts is followed from Zitzewitz (2001).
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This expectation formation procedure can be extended to learning by analysts. All the

updated forecasts for a firm in a given quarter are analyzed within their repeated forecast

windows. In other words, analysts’ information updates occur within these forecast windows

repeatedly. I assume that every forecast made by the same analyst contains her best information

available at the time of forecast. Since analysts generally report more than one forecast for

a particular quarter, analyzing the forecasts released between their own forecasts and their

upcoming ones provides evidence as to how they learn and update their forecasts from all the

previous available forecasts. The forecast window is depicted in Figure 1.25

[Figure 1 about here.]

Therefore, an analyst’s current forecast is influenced by her own previous forecast and the

set of others’ forecasts. This basic econometric specification is represented now as follows:

CFt = F(wPOF · (POFtn=1

Pt−l
),

n̄∑
n=2

wPOTF
n · (POTFtn

Pt−l
)) (17)

where the dependent variable CFt is the current forecast scaled by the stock price, POFtn=1
Pt−l

represents her own previous forecast, wPOF is corresponding weight on that forecast, and simi-

larly, POTFtn
Pt−l

measures others’ forecasts, wPTOF
n s are corresponding weights on the set of others’

previous forecasts. Departing from the existing literature, I attempt to separate the effect of

ability and the effect of overconfidence in learning in this way.

5 Empirical Results

In this section, I investigate the existence of overconfidence in learning by examining the rela-

tion between current forecasts and one’s own previous forecasts, the set of others’ forecasts in

accordance with the previous accuracy. Much of the regression analysis is based on these three

variables and their interaction terms: one’s own previous forecasts, the set of others’ forecasts

and their interaction terms.
25To understand better how it is constructed, refer to the example in Table 1.
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5.1 Pooled-regression analysis for the full sample

I report the estimation results for the pooled-regression analysis of the full sample in Table 5.

Table 5 depicts the estimated effect of one’s own previous forecasts on the current forecasts for

the full sample. Note that the regression results for different lengths of forecast windows are

presented. We can observe that the most recent others’ forecasts significantly explain the current

forecasts. The estimated coefficient of the most recent others’ forecasts (column 1) is 0.55 or

55% and statistically significant at the 1% significance level. Since one standard deviation of

the most recent others’ forecasts is 0.03, a two-standard deviation change to the most recent

others’ forecasts means that changes in current forecasts increase by 0.55 times .06, or around

3%. This finding seems consistent with the prediction of the theoretical model. It suggests that,

in general, the influences of relatively recent forecasts are greater, but also suggests that the

influences decline with the increasing age of information. However, one’s own previous forecast

is also significantly related to the current forecast with a coefficient of 0.32. This finding may

imply that analysts still have private information that cannot be correctly conjectured by others.

Beyond the prediction of our model, learning may be not complete in practice.

5.2 Regression analysis for overconfidence

In Table 6 I present separate regressions for two analyst groups with different degrees of past

deviation. In Panel A, I report estimates for current forecasts. Each subsequent column of Panel

A represents a separate regression for OLS without clustering the error terms and with clustering

them. In a subsequent column, each separate regression result is reported by analyst group with

different degrees of deviation. In order to examine the effect of overconfidence in relation to

analysts’ forecasting accuracy, regressions with interaction terms between the previous accuracy

and the previous forecasts have been analyzed.

The model predicts that the sign of interaction term between the previous accuracy and

the most recent forecasts by others should be negative in order not to reject the null Hypothesis

1. If we look across row 4 in Panel A, we can see the effect of interactions between the previous

accuracy and the most recent forecasts by others is all positive. This is an evidence that higher

accuracy does not lead analysts to become overconfident. Instead, they regard higher accuracy

as an increase in their abilities.
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[Table 6 about here.]

Similarly, if we look across row 2 in Panel A, we can see the effect of interactions between the

previous accuracy and one’s own previous forecast is negative regardless of analyst group with

different degrees of deviation. According to the theoretical predictions, the sign of interaction

term between the previous accuracy and one’s own previous forecast should be positive in order

not to reject the null Hypothesis 1. However, the estimated coefficients on these interaction terms

are all negative, regardless of clustering the error terms. This finding reinforces the evidence

for rejecting Hypothesis 1. For example, the estimated coefficients on interaction terms between

the previous accuracy and one’s own forecasts for the regression with clustering (column 2 in

Panel A) are -0.062 or -6.2% for the analyst group with larger deviations, and -0.048 or -4.8%

for those with smaller deviations. These results are all statistically different from zero at 1%

significance level.

Based on these estimates, in the analyst group with larger deviations, analysts tend to

increasingly disregard their own previous forecasts as their previous accuracy becomes higher

(column 1 in Panel A). In contrast, analysts who had smaller deviations are likely to discount

their previous forecasts relatively less compared to analyst group with larger deviations. In

other words, of the analysts have similar level of high accuracy over the previous years, those

analysts who had larger deviations tend to take into account a smaller proportion of their own

previous forecasts. As a result, I establish the relationship between the degree of deviations and

overconfidence: analysts with smaller deviations are relatively more overconfident. This finding

is an evidence for rejecting Hypothesis 2.

It is also interesting to note that, in addition to the relatively larger explanatory power of

one’s own previous forecasts in the analyst group with smaller deviations, I also find a positive

forecast window effect for the analyst group with smaller deviations. This suggests that analysts

tend to consider their own previous forecasts more even when they have a long time to change

their expectations. This is further evidence that analysts with smaller deviations are relatively

more overconfident. This finding reinforce the evidence for rejecting Hypothesis 2. To determine

overconfidence more clearly, the subsequent forecast following one’s own previous forecast is

worth being examined.

In Panel B Table 6, I report separate regressions for the subsequent forecasts immediately
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after one’s own forecasts. The model predicts that the sign of interaction term between the

previous accuracy and one’s own previous forecast should be negative in order not to reject

the null hypothesis 1. If we look across row 2 in Panel B, we can see the effect of the degree

of conformity by others associated with the previous accuracy is negative regardless of analyst

group with different degrees of deviation. This can be an evidence to support the null hypothesis

for the first time. However, if I control for correlated error terms by clustering, they are not

different from zero at any significance level. This process treats the time series of forecasts within

the firm-quarter as a single observation, effectively eliminating any serial correlation. Thus, high

previous accuracy does not make analysts to become overconfident. It has rather no effect on

overconfidence. For the analyst group with smaller deviations, the amount of discount of the

previous forecasts by others is relatively larger. This piece of evidence suggests that relative

overconfidence in the analyst group with smaller deviations is confirmed.

Thus, I conclude that analysts are not overconfident overall based on this specific forecasts

data. Furthermore, this suggests that past success during the previous two years does not lead

analysts to become overconfident. This result does not support findings from existing literature.

Surprisingly, the degree of deviations does not necessarily measure the degree of overconfidence

even under the assumption that analysts have common prior beliefs.

5.3 Robustness tests

Firm fixed effects model in addition to OLS is used for robustness tests. Firm fixed effects allow

us to estimate effects of previous forecasts within firms. Table 7 then presents the results with

firm fixed effects included. These estimates are almost identical to those without firm fixed

effects, suggesting that the estimated potential overconfidence effects do not reflect omitted firm

fixed characteristics. In the subsequent column, I present firm fixed effects controlled estimates

by clustering the error terms. Since the error terms may be correlated within a quarter, this

estimation provides the results by eliminating this serial correlation.

[Table 7 about here.]

If we look across row 3, column 1 in panel A, Table 7, we notice that the difference between

two estimates of interaction term between previous accuracy and one’s own forecasts becomes

larger after controlling for firm fixed effects. For instance, the estimated coefficients on these
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interaction terms (column 1 in panel A) are -0.080 or -8.0% for the analyst group with larger

deviations, and -0.027 or -2.7% for that with smaller deviations. Their previous gap in magni-

tudes of these estimates in OLS is less than 3%. With the firm fixed effect controlled, the gap

is widened to be approximately 5%. This reinforces the argument that the degree of deviations

does not imply the degree of overconfidence. They are all statistically significant at the 1%

significance level. However, the regression analysis for the subsequent forecasts seems to be

inconsistent with the conclusions because they have negative signs with interaction terms be-

tween one’s own previous forecasts and previous accuracy, regardless of the degree of deviations.

However, as seen in the OLS regression analysis, they are not significant after clustering error

terms. Thus, this implies that the results obtained in the OLS regression stand robust.

Instead of using previous accuracy based on the absolute forecast errors, I test the sensitivity

of the results by using relative accuracy compared to the median forecast errors. Table 8 presents

the results with relative accuracy used. Notice that these estimates are almost identical to those

results with the accuracy in the sense that the signs of interaction terms between the previous

accuracy and one’s own forecasts are all negative (row 2 in panel A). This supports the previous

argument that higher accuracy does not lead analysts to become overconfident. However, the

estimates of interaction terms between the previous accuracy and the most recent forecasts by

others are not all positive (row 4 in panel A). Nonetheless, this is weak evidence to argue that

the degree of deviations represents overconfidence because in column 3, row 4, the negative

estimate is for the analyst group with smaller deviations. This means that analysts who had

smaller deviations are likely to consider a smaller proportion of others’ recent forecasts than

those with larger deviations. In addition, if we look across row 2 in panel B, we find a positive

sign for the analyst group with smaller deviations.

[Table 8 about here.]

I also examine the effect of overconfidence on the following firm characteristics and analyst

characteristics: the size of firms, the tenure of analysts, the size of brokerage with which an

analyst is affiliated, and the relative forecast rank for a particular firm-quarter. Table 9 presents

the effect of overconfidence in the top and bottom quartiles for each control variable. I report

separate regression results by top and bottom quartile of each control variable. As one can see,

for only a few variables, the signs of interaction terms are significant in both the top and bottom
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quartiles: TENURE and RANK. Based on the first step analysis, as analysts have more job

experience, they are likely to consider their previous forecasts more. This implies that analysts

become more overconfident as they have longer tenure in their job. For relative forecast rank

variable, the later forecasts for a particular quarter, or those forecasts with larger forecast rank

ratios, are more likely to be made by overconfident analysts, supporting findings from a recent

study by Bernhardt et. al. (2005).26

In Figure 2, I present the combined effect of previous forecasts on current forecasts. For

each group of analysts, the combined effects of one’s own previous forecast are as follows:

The effect of POFs = 0.3494× POF − 0.0615POF ×ACCURACY

if larger deviations

The effect of POFs = −0.2584× POF − 0.0477POF ×ACCURACY

if smaller deviations (18)

where POF refers to the analyst’s previous own forecast. Note that the model predicts the

overall effect of the previous own forecasts on current forecasts with respect to the degree that

overconfidence increases. If I compare the overall effect of one’s previous own forecasts at the

given highest accuracy between two analyst groups, the overall effect in the analyst group with

smaller deviations is larger than that in the analyst group with larger deviations. If I examine

it at the given lowest accuracy, then the opposite results will be obtained.

[Figure 2 about here.]

Similarly, for each group of analysts, the combined effects of the most recent forecast by

others are represented as follows:

The effect of POTF1s = 0.0282× POTF1 + 0.0249POTF1×ACCURACY

if larger deviations

The effect of POTF1s = −0.2509× POTF1 + 0.0577POTF1×ACCURACY

if smaller deviations (19)

26For the results of relative forecast ranking, it is necessary to examine the endogenous forecast timing issue,

which is another research project by this author (Yeo 2005), in progress.
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The model also predicts the overall effect of others’ most recent forecasts on current forecasts

with respect to the degree that overconfidence becomes smaller. In other words, as analysts be-

come overconfident, they tend to put less weights on others’ forecasts even if they are the most

recent. If I compare the overall effect of the most recent forecasts at the given highest accuracy

between two analyst groups, the effect in the analyst group with larger deviations is larger than

that in the analyst group with smaller deviations. This implies that analysts who had excessive

deviations are likely to more strongly consider others’ most recent forecasts compared to those

who had smaller deviations. Thus, I find more evidence that the degree of deviations is not a

good measure of overconfidence.

6 Conclusions

This paper has explored overconfidence among financial analysts through an analysis of how

they learn. It incorporates an overconfidence factor into a Bayesian learning model, which de-

scribes learning with repeated forecasts. The driving force behind this analysis is that analysts’

forecasts are the outcomes of their information processing. Thus, influences from the behavioral

characteristic of overconfidence can be inferred from their different learning patterns, in particu-

lar, how weights are assigned to previous information. Under the influence of overconfidence, the

comparative static results imply that the effect of one’s own previous forecasts on current fore-

casts becomes larger, while that of the most recent forecasts made by others becomes smaller.

This paper has empirically examined analysts’ learning patterns to test overconfidence. The

regression results indicate that their past success, proxied by previous accuracy, does not neces-

sarily lead them to become overconfident, which is opposite of findings in the existing literature.

Furthermore, the degree of deviations does not imply that advice providers are overconfident.

Therefore, contrary to the results from previous studies, this paper suggests that overconfidence

does not significantly prevail on financial analysts’ decisions in practice.

The findings in this paper suggest an answer to a question of interest to economists. There

is some debate as to the nature of the sources of overconfidence. Supposing one source is

analysts’ previous forecasting accuracy, how does this change the usage of previous forecasts that

affect current forecasts? The answer to this question is interesting not only from an academic
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perspective, but it is also relevant from a policy perspective regarding whether and what types

of regulations or incentives to impose on analysts if they are overconfident.

The most important contribution of this paper is to examine overconfidence in learning –

where it can persist – both empirically and theoretically. There are a number of directions that

future research can explore testing overconfidence in learning. From a theoretical perspective,

it would be interesting to extend the model to include different prior beliefs. From an empirical

perspective, it would be worth considering endogenous forecast timing (i.e. forecast timing

depends on different analyst characteristics as well as the analyst compensation scheme).27 From

an experimental perspective, it would be beneficial to measure overconfidence by conducting an

experiment in a learning environment.

27There are two seemingly contradictory results in the issue (see Bernhardt et al., 2005; Gul and Lundholm,

1995). Thus, it is worth examining forecast timing endogeneity based on the methodology suggested in this study.
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Appendix

• Proof of corollary 1

Proof. Note that forecasters utilities are based on the closeness of their forecasts to the

true value. A forecaster i’s utility is represented as a function of squared of forecast errors,

or

Ui = U((f i
n − θ)2) (20)

where U is strictly decreasing in the squared of forecast errors, f i
n is an forecaster i’s

final forecast. f i
n is a sufficient statistic in the sense that it is a Bayesian posterior mean

of normal conjugate family based on a private random signal sn and forecast history

H = {f1, f2, . . . , fn−1}. The forecast, f i
n also minimizes the spherical errors from the true

value, satisfying max
ri
n

U((ri
n − θ)2). Thus, she should report a truthful Bayesian posterior

mean with her given information {sn,H}.

Suppose the forecaster i reports a different value from her true Bayesian posterior mean.

She can still correctly conjecture the other player j’s private information. However, since

i’s compensation is not related to j’s forecast, i already weakly prefers truth reporting,

and i should take a risk of her false report to be evaluated, which is not the best forecast

she can choose for f i
n.28 Therefore, truthful reporting is a weakly dominant strategy for

both forecasters. Q.E.D.

• Proof of proposition 1

Proof.
∂Coef [r1

1]
∂α1

=
α1

2τ1(2τ1 + α2(τ2 − τθ)) + 4α1τθ + τθ(τ2 + τθ)
α1

2α2(2α1τ1 + τ2 + τθ)2
> 0 (21)

Since τ2 > τθ is justified in the following proof of proposition 2, this derivative is positive.

As the first forecaster gets more overconfident, she will take into account her own previous

forecasts more.

∂Coef [r2
2]

∂α1
= − 2τ1(τ1 + α2τ2 + τθ)

α2(τθ + 2α1τ1 + τ2)2
< 0 (22)

28Private signals arrive with random delay. So forecasters do not know whether their current forecasts would

be final or not.
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As the first forecaster gets more overconfident, she will take into account her own previous

forecasts less. Q.E.D.

• Proof of proposition 2

Proof. The effect of the other’s most recent forecast with respect to the forecaster’s ability

(α1 = 1)

– As a forecaster becomes more able, she takes into account the other’s most recent

forecast more if α2 < τ2−τθ
2τ2

. To make the signs of predictions consistent, it is necessary

to assume that the second forecaster has greater precision than the prior mean, or

τ2 > τθ. Otherwise, it violates the initial assumption that αs should be positive. Thus,

if the second forecaster is underconfident, the first forecaster is likely to consider the

other’s forecast more.

– As a forecaster becomes more able, she takes into account the other’s most recent

forecast less if α2 > τ2−τθ
2τ2

. Thus, the forecaster will take into account the other’s

most recent forecast less if the second forecaster is rational or overconfident.

The effect of one’s own previous forecast with respect to the forecaster’s ability (α1 = 1)

– As a forecaster becomes more able, she takes into account her previous own forecast

less if α2 < 1. Thus, the forecaster will consider her previous own forecast less if the

other forecaster is underconfident.

– As a forecaster becomes more able, she takes into account her previous own forecast

more if α2 > 1. Thus, the forecaster will consider her previous own forecast more if

the other forecaster is overconfident.

– If both forecasters are rational, there is no effect of an increase in the first forecaster’s

ability on how much she considers her previous own forecast. Q.E.D.

• Proof of proposition 3

Proof.
∂C

∂α1
= − τθ

α1
2(τθ + τ1 + α2τ2)

< 0 (23)
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This derivative is always negative. Thus, as the first forecaster becomes more overconfident,

her forecast will influence on the subsequent forecasts less. Q.E.D.

• Proof of proposition 4

Proof.
∂C

∂τ1
=

(α1 − 1)τθ + α1α2τ2

α1(τθ + τ1 + α2τ2)2
(24)

This derivative is positive if α1 > τθ
τθ+α2τ2

, negative if α1 < τθ
τθ+α2τ2

< 1, and zero if

α1 = τθ
τθ+α2τ2

. Thus, regardless of the degree of overconfidence of the second forecaster,

the derivative is always positive if the first forecaster is not overconfident. Q.E.D.
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Table 1: Data Structure for Forecast Windows

Date 1/1/03 1/6/03 1/9/03 3/3/03 3/6/03 3/9/03 4/21/03 4/23/03

Analyst id 1 2 3 1 2 3 2 3

Date 5/10/03 5/15/03 5/21/03

Analyst id 1 3 2

CF 1 POTF22 POTF3 POTF4 POTF5 POTF6. . . POF 3

A1 3/3/03 A3 1/9/03 A2 1/6/03 A1 1/1/03

A2 3/6/03 A1 3/3/03 A3 1/9/03 A2 1/6/03

A3 3/9/03 A2 3/6/03 A1 3/3/03 A3 1/9/03

A2 4/21/03 A3 3/9/03 A2 3/6/03

A3 4/23/03 A2 4/21/03 A3 3/9/03

A1 5/10/03 A3 4/23/03 A2 4/21/03 A3 3/9/03 A2 3/6/03 A1 3/3/03

A3 5/15/03 A1 5/10/03 A3 4/23/03

A2 5/21/03 A3 5/15/03 A3 5/15/03 A3 4/23/03 A2 4/21/03

Notes: This table represents how each forecast window for an analyst is constructed from previous forecasts. The

first table shows raw data released by each analyst for a firm’s earning per share. The second table is constructed

data for each forecast window.

1. CF represents the current forecast for a specific analyst for a firm-quarter.

2. POTF∗ refers to the others’ forecasts. As the number increases, the older the forecast is.

3. POF is the analyst’s previous own forecast, which is based on the oldest information.
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Table 2: Summary Statistics I

Panel A: Averages and number of observations for each year and all years

2000 2001 2002 2003 All years

Forecasted value1 .0096 .0081 .0064 .0115 .0089

Actual value .0086 .0033 .0028 .0102 .0062

Forecast errors I2 .0964 .4248 .2831 .1416 .2365

Forecast errors II3 .0011 .0048 .0035 .0012 .0026

Consensus4 .0102 .0096 .0074 .0121 .0100

Number of firms 2,347 2,192 2,269 2,242 3,388

Number of analysts 3,158 3,102 3,405 3,353 5,373

Number of observations 104,610 122,316 146,575 158,352 531,859

Panel B: Summary statistics for the variables in a forecast window

Mean Std. dev. Bottom 5 % Median Top 5 %

Current forecasts .0088 .0278 -.0152 .0096 .0323

Others’ most recent forecasts .0091 .0278 -.0150 .0098 .0326

2nd most recent forecasts .0092 .0276 -.0138 .0098 .0325

3rd most recent forecasts .0093 .02690 -.0127 .0097 .0324

4th most recent forecasts .0093 .0269 -.0117 .0097 .0320

5th most recent forecasts .0094 .0262 -.0109 .0096 .0318

Subsequent forecasts5 .0090 .0236 -.0065 .0084 .0324

Previous own forecasts .0107 .0254 -.0152 .0096 .03224

Notes: This table reports summary statistics for forecasts in the sample.

1. Forecasted value represents the forecasts made by analysts for a firm’s quarterly earnings per share (EPS/price).

2. Forecast errors I are defined as |Forecast-Actual|/|Actual|.
3. Forecast errors II are defined as |Forecast-Actual|/price.

4. Consensus is the median forecast of others for a particular firm and quarter before the current forecast is

released.

5. Subsequent forecasts refer to the immediately following forecasts by others since one’s own previous forecasts.
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Table 3: Summary Statistics II

Panel A: Summary statistics for the accuracy and forecast windows

Variables Mean Std. dev. Bottom 5 % Median Top 5 %

ACCURACY 1 1.361 1.337 -.9231 1.432 3.467

ACCURACY 12 -.0168 .2681 -.1904 .0001 .1295

FWINDOW 3(day) 63.42 46.37 5 56 159

Panel B: Summary statistics for firm and analyst characteristics

Variables Description Mean Std. dev. Bottom 5 % Median Top 5 %

P ($) Stock Price 31.74 24.35 7.531 26.99 69.82

FIRMSIZE log of Assets 7.945 1.829 5.294 7.858 11.25

EPSINDX4 Earnings Index .6709 .7360 -1 1 1

TENURE(yr) Tenure 7.628 5.512 2 6 19

BROKSIZE Broker size 80.42 65.65 9 59 191

RANK5 Forecast relative rank .6124 .2460 .1923 .6296 .9756

Notes: This table reports summary statistics for the variables that interact in the regression and for the firm

and analyst characteristics in the sample.

1. ACCURACY is analysts’ accuracy compared to the actual value in their forecasts during the previous two

years (represented in logs): see equation 14.

2. ACCURACY 1 is analysts’ relative accuracy compared to the median of others’ forecasts based on their

forecasting performance for a previous year (represented in logs): see equation 13.

3. FWINDOW is a length of forecast windows as a gap between date of current forecasts and date of previous

own forecasts. In the regression, the log of this value is used.

4. EPSINDX is an index variable representing whether a firm’s quarterly earning is positive (+1) or negative

(-1) for a firm-quarter.

5. RANK is calculated as the ratio of the placement in the order of forecasts to the last forecast.
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Table 4: Theoretical Predictions

Analyses Sign of Interactions H0: Overconfidence H1: Ability (α1 = 1)

α2 < 1 α2 = 1 α2 > 1

Step 1: Current forecast analysis Sign of POF ×ACCURACY ⊕ 	 0 ⊕

(dep. var: CF ) Sign of POTF2×ACCURACY 	 ⊕ 	 	

Step 2: Subsq. forecast analysis Sign of POF ×ACCURACY 	 ⊕

(dep. var: POTFτ̄ )

Notes: This table reports theoretical predictions for the sign of the interaction terms between previous accuracy and forecasts. More precisely, the table

represents the predicted sign of interaction terms with the conditions to support the hypotheses.

1. CF refers to current forecast, POF × ACCURACY represents the interaction terms between previous own forecasts and the previous accuracy, and

POTF2×ACCURACY represents the interaction terms between the most recent forecasts by others and the previous accuracy.

2. POTFτ̄ refers to the immediate following forecast by others and POTF2×ACCURACY measures how much the previous forecasts will be reflected by

the subsequent forecasts in accordance with the previous accuracy.
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Table 5: Regression of Current Forecasts for the Full Sample with Varying Forecast Window Sizes (OLS)

All 1 POTF window 3 POTFs window 5 POTFs window 20 POTFs window
Previous own forecast .320631** .3364** .4294** .3650** .100**

(.0009) (.0009) (.0046) (.0043) (.0101)
The most recent POTF .5521** .6703** .5091** .1657** .1245**

(.0011) (.0008) (.0045) (.0050) ( .0115)
Second most recent POTF .1625** -.0932** .3233** .0965**

(.0011) (.0053) (.0046) ( .0110)
Third most recent POTF .0114** .1605** -.0322** .1975**

(.0011) (.0048) (.0043) (.0129)
Fourth most recent POTF -.0381** .1048** .1704**

(.0012) (.0053) ( .0153)
Fifth most recent POTF .0041** .0717** .1950**

(.0012) (.0060) (.0150)
Sixth most recent POTF -.0074** .1701**

(.0012) (.0160)
Seventh most recent POTF .0038** .1191**

(.00136) (.0136)
Eighth most recent POTF .0066** .0011

(.0015) ( .0143)
Ninth most recent POTF -.0040* -.1623**

(.0017) (.0154)
Tenth most recent POTF .0273** .0811**

(.0018) (.0110)
N 531,859 46,282 42,631 35,499 3,980

Notes: This table shows OLS regression analysis of current forecasts on previous forecasts for the full sample. The dependent variable is current forecasts
(CF ). # POTFs refers to the regression analysis for forecast windows with # of others forecasts only. The sample is from January 2000 to December 2003.
**: the results are significant at 1% level.
Numbers in parentheses are standard errors.
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Table 6: The Effect of Overconfidence between Two Analyst Groups with Different Deviations (OLS)

Panel A: Regression of current forecasts
dep. var.: Clustering

CF All DEV H DEV L DEV H DEV L
POF .0024(.0197) .3494***(.0324) -.2584***(.0295) .3496*(.1927) -.2586(.2624)

POF ×ACCURACY -.0399***(.0037) -.0615***(.0060) -.0478***(.0046) -.0620***(.0236) -.0481***(.0236)
POTF2 .4084***(.0281) .0282***(.0690) -.2509***(.0550) .0304 (.3188) -.2508(.2849)

POTF2×ACCURACY -.0008(.0061) .0249***(.0103) .0577***(.0076) .0258 (.0236) .0570*(.0325)
POF × FWINDOW -.0003 ***(.0001) -.0574***(.0110) .0979***(.0065) -.0572 (.0454) .0978(.0661)

No. of obs. 51,845 15,622 16,371 15,611 16,356
R2 .97 .97 .98 .97 .98

Panel B: Regression of the subsequent forecasts
dep. var.: Clustering
POTFτ̄ All DEV H DEV L DEV H DEV L
POF .8082***(.0015) .7235***(.0022) .8724***(.0028) .7276***(.0464) .8941***(.0525)

POF ×ACCURACY -.0076***(.0013) -.0192***(.0024) -.0285***(.0036) -.0159(.0438) -.0265(.0189)
No. of obs. 197,258 60,428 60,770 59,369 59,433

R2 .71 .72 .72 .72 .73

Notes: This table shows OLS estimates of previous forecasts with interaction terms of forecast accuracy as well as those of the subsequent forecasts. The

number of others’ forecasts used in the regression is 15. In Panel A, the dependent variable is current forecast (CF ). In Panel B, the dependent variable is

the immediate subsequent forecast by others POTFτ̄ . DEV H refers to the analyst group with larger deviations than the median deviation in the first half

of the sample period, while DEV L refers to that with smaller deviations than the median deviation. ACCURACY is an analyst’ previous accuracy based

on her last two years’ forecasting performance for a particular firm-quarter. POF ×ACCURACY is the interaction term between one’s own forecasts and

her previous accuracy. Similarly, POTF2 × ACCURACY is the interaction term between POTF2 and previous accuracy. POF × FWINDOW is the

interaction term between one’s own previous forecasts and the length of forecast windows. POTFτ̄ is the subsequent forecasts by others since the previous

forecast. The sample is from January 2000 to December 2003.

***: significant at 1 % level, **: significant at 5 % level, and *: significant at 10 % level, respectively.

Numbers in parentheses are standard errors.
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Table 7: The Effect of Overconfidence between Two Analyst Groups with Different Deviations (firm fixed effects controlled)

Panel A: Regression of current forecasts
dep. var.: Clustering

CF All DEV H DEV L DEV H DEV L
POF .1708***(.0204) .2792***(.0421) .3606***(.0361) .2784*(.1573) .3587**(.1857)

POF ×ACCURACY -.0180***(.0039) -.0798***(.0058) -.0268***(.0049) -.0802***(.0152) -.0275*(.0163)
POTF2 .4999***(.0283) .0402(.0643) .2649***(.0567) .0480(.2340) .2685(.1864)

POTF2×ACCURACY -.0052(.0061) .0411***(.0093) .0392***(.0076) .0413(.0375) .0391(.0282)
POF × FWINDOW -.0206***(.0046) .0017(.0096) -.0565***(.0084) .0013(.0353) -.0563(.0423)

No. of obs. 51,806 15,622 16,371 15,611 16,356
R2 .96 .98 .98 .94 .98

Panel B: Regression of the subsequent forecasts
dep. var.: Clustering
POTFτ̄ All DEV H DEV L DEV H DEV L
POF .8078***(.0016) .7416***(.0029) .8333***(.0035) .7488***(.0375) .8343***(.0464)

POF ×ACCURACY -.0035**(.0018) -.0784***(.0032) -.0245***(.0048) -.0809(.0719) -.0225(.0276)
No. of obs. 192,729 60,428 60,770 59,369 59,433

R2 .71 .74 .74 .74 .74

Notes: This table shows firm fixed effects controlled estimates of previous forecasts with interaction terms of forecast accuracy as well as those of the

subsequent forecasts. Clustering refers to fixed-effects regression within a firm-quarter. The number of others’ forecasts used in the regression is 15. In

Panel A, the dependent variable is current forecast (CF ). In Panel B, the dependent variable is the immediate subsequent forecast by others POTFτ̄ . DEV

H refers to the analyst group with larger deviations than the median deviation in the first half of the sample period, while DEV L refers to that with smaller

deviations than the median deviation. ACCURACY is an analyst’ previous accuracy based on her last two years’ forecasting performance for a particular

firm-quarter. POF × ACCURACY is the interaction term between one’s own forecasts and her previous accuracy. Similarly, POTF2× ACCURACY is

the interaction term between POTF2 and previous accuracy. POF × FWINDOW is the interaction term between one’s previous own forecasts and the

length of forecast windows. POTFτ̄ is the subsequent forecast by others since the previous forecasts. The sample is from January 2000 to December 2003.

***: significant at 1 % level, **: significant at 5 % level, and *: significant at 10 % level, respectively.

Numbers in parentheses are standard errors.
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Table 8: The Effect of Overconfidence by using Relative Previous Accuracy

Panel A: Regression of current forecasts
dep. var.: clustering

CF All DEV H DEV L DEV H DEV L
POF .3646***(.0124) .3686***(.0317) .3321***(.0261) .3686(.2395) .3321***(.1064)

POF ×ACCURACY 1 -.0852***(.0042) -.2570***(.0198) -.2073***(.0098) -.2570*(.1967) -.2073***(.0507)
POTF2 .1414***(.0207) -.2795***(.0517) -.0136(.0405) -.2795(.2922) -.0136(.0004)

POTF2×ACCURACY 1 .0407***(.0113) .0992***(.0672) -.1385***(.0267) -.2570(.1967) -.1385(.1459)
POF × FWINDOW -.0726***(.0028) -.0587***(.0071) -.0525***(.0060) -.0587(.0474) -.0525**(.0262)

No. of obs. 90,582 24,461 24,807 24,461 24,807
R2 .96 .97 .98 .97 .98

Panel B: Regression of the subsequent forecasts
dep. var.: Clustering
POTFτ̄ All DEV H DEV L DEV H DEV L
POF .7916***(.0010) .7338***(.0018) .8619***(.0035) .7344***(.0380) .8636***(.0417)

POF ×ACCURACY 1 .0100***(.0026) -.0388***(.0087) .0433***(.0087) -.0378(.0463) .0412(.0612)
No. of obs. 355,564 93,425 93,438 93,177 93,204

R2 .71 .71 .73 .71 .73

Notes: This table shows OLS estimates of previous forecasts with interaction terms of relative forecast accuracy as well as those of the subsequent forecasts.

The number of others’ forecasts used in the regression is 15. In Panel A, the dependent variable is current forecast (CF ). In Panel B, the dependent variable

is the immediate subsequent forecast by others POTFτ̄ . DEV H refers to the analyst group with larger deviations than the median deviation in the first

half of the sample period, while DEV L refers to that with smaller deviations than the median deviation. ACCURACY is an analyst’ previous accuracy

based on her last two years’ forecasting performance for a particular firm-quarter. POF ×ACCURACY is the interaction term between one’s own forecasts

and her previous accuracy. Similarly, POTF2×ACCURACY is the interaction term between POTF2 and previous accuracy. POF ×FWINDOW is the

interaction term between one’s previous own forecasts and the length of forecast windows. POTFτ̄ is the subsequent forecast by others since the previous

forecasts. The sample is from January 2000 to December 2003.

***: significant at 1 % level, **: significant at 5 % level, and *: significant at 10 % level, respectively.

Numbers in parentheses are standard errors.
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Table 9: Overconfidence in the Top and Bottom Quartiles of Control Variables

Control Variable Analysis Variable Top quartile Bottom quartile

FSIZE Step 1 POF ×ACCURACY .1042*** (.0379) -.0291 (.0185)

POTF2×ACCURACY .0920*** (.0353) -.0083 (.0344)

Step 2 POF ×ACCURACY -.0764 (.0602) .0686*** (.0249)

TENURE Step 1 POF ×ACCURACY .0647* (.0349) -.0617* (.0325)

POTF2×ACCURACY -.0724 (.0582) -.0556 (.0464)

Step 2 POF ×ACCURACY .0194 (.0186) .0210 (.0235)

RANK Step 1 POF ×ACCURACY .0627** (.0286) .0016 (.0281)

POTF2×ACCURACY .0088 (.0896) .0230 (.0325)

Step 2 POF ×ACCURACY -.1097* (.0617) .0637*** (.0192)

BROKSIZE Step 1 POF ×ACCURACY .0209 (.0438) .0290 (.0329)

POTF2×ACCURACY -.0570 (.0665) -.1271 (.0513)

Step 2 POF ×ACCURACY -.0409 (.0458) .0257 (.0219)

Notes: This table reports firm fixed effect controlled regression analysis for the top and bottom quartiles of each

control variable.

1. Step 1 refers to the current forecast analysis, POF × ACCURACY represents the interaction terms between

previous own forecasts and the previous accuracy, and POTF2×ACCURACY represents the interaction terms

between the most recent forecasts by others and the previous accuracy.

2. Step 2 refers to the subsequent forecast analysis, POTF2 × ACCURACY measures how much the previous

forecasts will be reflected by the subsequent forecasts in accordance with the previous accuracy.
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Figure 1: Sequential representation of forecasts in a forecast window
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The effect of one's own forecasts
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Figure 2: The overall effect of one’s own and the most recent others’ forecasts at a give accuracy

level
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