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Persistent Overconfidence and Biased Memory: 
Evidence from Managers†

By David Huffman, Collin Raymond, and Julia Shvets*

A  long-standing puzzle is how overconfidence can persist in settings 
characterized by repeated feedback. This paper studies managers 
who participate repeatedly in a  high-powered tournament incen-
tive system, learning relative performance each time. Using reduced 
form and structural methods we find that (i) managers make over-
confident predictions about future performance; (ii) managers have 
 overly positive memories of past performance; (iii) the two phenom-
ena are linked at an individual level. Our results are consistent with 
models of motivated beliefs in which individuals are motivated to 
distort memories of feedback and preserve unrealistic expectations. 
(JEL D82, D83, J33, L25, L81, M52, M54)

Overconfidence has often been described as a fundamental bias in human deci-
sion making (e.g., Smith 1776). A  long-standing puzzle, however, is whether and 
how overconfidence can be more than an ephemeral phenomenon. In many of the 
settings where economic theory posits a crucial role for beliefs about relative per-
formance—the workplace, school, university, and competitive environments more 
generally—individuals receive repeated performance feedback, which would seem-
ingly lead to the correction of overconfidence if there is Bayesian updating.

Economists have considered different mechanisms that might generate persistent 
overconfidence, but one leading explanation is “motivated beliefs.” The idea is that 
individuals may be motivated to preserve unrealistic expectations, e.g., because they 
gain utility directly from optimistic beliefs, or because confidence helps  provide 
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motivation in the face of  self-control problems; for a survey, see Bénabou and Tirole 
(2016). Models of motivated beliefs make various assumptions about how individ-
uals are able to sustain overconfidence, for example assuming that individuals can 
use a technology of biased memory to selectively distort memories of past feedback; 
basing predictions on overly positive memories, future selves will be overconfident. 
A motivated beliefs explanation for overconfidence has important implications, 
because overconfidence may persist in the face of feedback, individuals may not 
respond to information in standard ways, and the welfare effects of overconfidence 
are ambiguous and can even be positive.

This paper seeks to establish (i) whether there is persistent overconfidence about 
relative task performance in an important field setting—a workplace in which man-
agers compete regularly for performance bonuses while receiving detailed feedback, 
(ii) whether these managers have  overly positive memories about past workplace 
performance, and (iii) whether  overly positive memories are associated with mak-
ing overconfident predictions. Our results are affirmative on all three questions, and 
provide, to our knowledge, the first evidence of persistent overconfidence about the 
future being linked to biased memories of the past. This is in line with explanations 
for overconfidence based on motivated beliefs.

Section I of the paper describes the firm, our study design, and the data. The study 
involved approximately 230 managers, each of whom runs a separate store. The 
managers compete repeatedly in a  high-powered tournament incentive scheme, with 
detailed feedback, and many managers have observed a large number of tournament 
outcomes. One source of data is the historical records of the firm on each manag-
er’s tournament outcomes. The other is a  lab-in-the-field study. This study elicited 
manager predictions about relative performance in the upcoming tournament at their 
job, for 2015:IV (quarter four of 2015), as well as memories about performance in a 
previous tournament, in 2015:II, for which results had been provided approximately 
two months earlier.

Our data allow us to address some of the challenges that studies face when trying 
to establish overconfidence bias. One key issue for assessing whether predictions are 
reasonable is the need to take into account what information individuals had access 
to when making predictions. For example, predictions of the future may “appear” 
overconfident  ex post, relative to realized outcomes, but in fact be fully Bayesian 
if one takes into account the signals that informed these beliefs  ex ante (see Benoît 
and Dubra 2011; Benoît, Dubra, and Moore 2015). Oftentimes, researchers do not 
have any information about past signals, but in our setting, a key type of signal, past 
tournament outcomes, is public and observable. We can thus check directly whether 
manager predictions are explainable by  ex ante public signals. We also assess in 
various ways whether the results could be explained by managers having access to 
additional, private signals.

Section II of the paper presents a reduced form analysis that speaks to our three 
main research questions. First, we show that managers are overconfident relative 
to a range of different  reduced form predictors one could form using past public 
signals. For example, 48 percent of managers are overconfident relative to the pre-
dictions of a panel regression model that takes lagged tournament performances 
as predictors, compared to only 21 percent being underconfident, and the average 
prediction is overconfident by about 0.5 quintiles. This overconfidence is similarly 
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prevalent and large among managers with substantial experience, so overconfi-
dence is persistent in the face of feedback. This latter result also casts doubt on 
an explanation based on some forms of private signals, e.g., ones received before 
the job, that lead to overconfident priors. If managers are Bayesian, such over-
confidence should disappear as they observe more tournament outcomes. Second, 
our analysis provides evidence consistent with managers being motivated to have 
positive memories of past performance. Specifically,  top-performing managers 
are quite accurate in recalling their good performances. Managers with perfor-
mances below the very top, however, have substantial recall errors, and these 
are strongly skewed toward  overly positive memories. Third, our analysis shows 
that it is those managers who have  overly positive memories of past signals who 
are particularly likely to make overconfident predictions about future perfor-
mance, so these phenomena are linked in a way predicted by models of motivated  
beliefs.

Section  III offers a complementary structural analysis that allows us to go 
beyond the reduced form analysis in several important ways. First, we can formu-
late a model of Bayesian learning in our setting, and assess whether managers are 
overconfident relative to this explicit Bayesian benchmark. The findings mirror 
those from our reduced form analysis, in that 45 percent of managers are overcon-
fident relative to what the structural model says they should have predicted, ver-
sus only 26 percent underconfident, and we can reject statistically that the model 
matches the data. Second, while one can think of forms of private signals that are 
not ruled out by our reduced form analysis, we can discipline such explanations 
with an extension of the structural model, which explicitly models private signals, 
and allows these to take whatever form best fits the data. It is not necessarily the 
case that the best fitting model will come close to the data, however, because the 
information about priors based on public signals puts restrictions on how much 
overconfidence can be rationalized by private signals. The results show that the 
 best-fitting signal structure has features that seem quite implausible, and further-
more, the model is far from matching the data based on standard confidence inter-
vals. Third, we can extend the structural model to incorporate biased memory of 
past tournament outcomes, in a way that is disciplined by our data. Whereas our 
reduced form analysis tests a qualitative prediction, that overconfidence should 
be positively correlated with biased memory, we can use the structural model to 
ask whether biased memory can explain the data in quantitative terms: predicting 
who is overconfident, and to what extent. The model with biased memory comes 
closer to the data than other versions of the structural model, and we cannot reject 
that this extension matches the data statistically. Taken together, our findings are 
consistent with explanations for persistent overconfidence provided by models of 
motivated beliefs.

In Section IV we discuss the implications of our findings, and also provide some 
additional exploratory analysis on how manager overconfidence relates to perfor-
mance and management style. The latter analysis shows that overconfident manag-
ers do not perform any worse than other managers, but exhibit some differences in 
management style. Specifically, overconfident managers tend to hire fewer assistant 
managers in their stores, and give less discretion to employees in a  lab-in-the field 
experiment on management style and delegation.
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The results of this paper speak to the empirical relevance of a theoretical literature 
on motivated beliefs. Models in this literature assume that under certain  conditions 
individuals can have a motivation to “demand” confidence.1 This can reflect a direct 
utility benefit from positive beliefs, due to  self-esteem, “ ego-utility,” or anticipa-
tory utility reasons (Bénabou and Tirole 2002; Kőszegi 2006; Brunnermeier and 
Parker 2005; Bracha and Brown 2012; Sarver 2018), or because confidence can 
help individuals work harder in the future (Bénabou and Tirole 2002; Compte and 
Postlewaite 2004). In models of motivated beliefs individuals also have some way of 
“supplying” distorted beliefs, albeit typically subject to some “reality constraints” 
that limit how far individuals want to, or are able to, distort beliefs away from the 
truth. For example, one strand of the literature assumes that individuals can use 
a technology of memory distortion (at a cost) to distort memories of past signals 
in an  overly positive direction. This can be used to foster overconfidence because 
future selves will base beliefs on  falsely positive memories (Bénabou and Tirole 
2002; Compte and Postlewaite 2004; Gottlieb 2010).2 Individuals might also be 
motivated to distort memory because of a direct utility benefit of positive memory, 
in the spirit of ego utility models like Kőszegi (2006). Importantly, because of how 
overconfidence and  overly positive memories are linked in models of motivated 
beliefs (causally or due to a common underlying motivation), the models predict 
that overconfidence will tend to go  hand in hand with  overly positive memory. The 
evidence in this paper is consistent with this signature prediction of a motivated 
beliefs explanation for overconfidence, although it does not rule out that other fac-
tors might also play a role.3

The paper also contributes to an empirical literature on overconfidence in field 
settings. For example, the behaviors of investors, CEOs, gym members, and oth-
ers (Barber and Odean 2001; Malmendier and Tate 2005, 2015; DellaVigna and 
Malmendier 2006; Oster, Shoulson, and Dorsey 2013; Cheng, Raina, and Xiong 
2014), and the beliefs of truckers and professional poker players (Hoffman and 
Burks 2020; Park and  Santos-Pinto 2010), all show signs of overconfidence in their 
respective decision environments, even though these individuals are presumably 
observing signals that should challenge their beliefs. Besides studying managers, 
and taking different approaches to address confounds such as private information, 
our paper is distinct because it shows a link between overconfidence and biased 

1 Relevant conditions include details of the decision environment, such as whether outcomes are relevant for 
 self-esteem, or whether effort and ability are substitutes or complements. We discuss the plausibility of these con-
ditions for our setting in Section I.

2 Other technologies considered in the literature include taking steps to limit exposure to negative feedback 
(e.g., Carrillo and Mariotti 2000; Kőszegi 2006),  self-signaling, i.e., taking actions or stating beliefs that signal con-
fidence to future selves (Quattrone and Tversky 1984; Bénabou and Tirole 2004;  Mijovic-Prelec and Prelec 2010; 
Bénabou and Tirole 2011). Some models assume individuals directly choose beliefs about themselves or future 
outcomes (e.g., Brunnermeier and Parker 2005).

3 For example, there could also be a role for cognitive mistakes in generating manager overconfidence. Hoffman 
and Burks (2020) discuss the possibility that individuals have biased priors, but also underestimate the informative-
ness of all types of signals, thereby slowing learning. The  Dunning-Kruger effect, discussed in social psychology, 
is similar in spirit in that low ability people fail to understand their incompetence (Kruger and Dunning 1999). A 
different type of explanation is that individuals have priors that put zero probability on having low ability; no amount 
of signals can cause a Bayesian to update a prior of zero to a positive probability (Heidhues, Kőszegi, and Strack 
2018; see also Hestermann and Le Yaouanq 2021). Some other explanations for (potentially temporary) overcon-
fidence assume overconfident priors, which might or might not be motivated, e.g.,  Santos-Pinto and Sobel (2005); 
Van den Steen (2004).
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memory, which in turn points to an explanation for persistent overconfidence based 
on motivated beliefs.

Finally, the paper complements an empirical literature on overconfidence 
and motivated beliefs in the laboratory. Many studies have measured apparently 
 overconfident behavior (e.g., Camerer and Lovallo 1999), and some have demon-
strated overconfident beliefs using designs that can rule out any Bayesian explana-
tion (Merkle and Weber 2011; Burks et al. 2013; Benoît, Dubra, and Moore 2015). 
Lab evidence on motivated beliefs includes Eil and Rao (2011) who find that indi-
viduals adjust beliefs more in response to good than bad information, immediately 
after it is received, and Schwardmann and van der Weele (2019) who find that sub-
jects become more overconfident when they have a strategic need to impress oth-
ers.4 Related to biased memory, Chew, Huang, and Zhao (2020) show evidence that 
students can have falsely positive memories of performance on a cognitive ability 
test, and Zimmermann (2020) shows that memories of feedback about a cognitive 
ability test are accurate immediately after feedback but are biased one month after-
wards. The lab evidence has clear strengths in terms of control and causality. Our 
study is complementary by providing evidence that the mechanisms of motivated 
beliefs and biased memory are empirically relevant when it comes to remember-
ing and predicting real workplace performance. Also, previous studies documenting 
biased memory have not looked at overconfidence bias; ours is the first paper to test 
directly for a link between these phenomena.

I. Work Setting and Datasets

A. Nature of the Work Setting

The subjects of the study are managers working for a chain of food and beverage 
stores in a developed country. Each manager is in charge of a separate store, and 
makes a range of important decisions: the number of workers to employ, task alloca-
tion, and how many and which types of products to sell. A typical store has roughly 
14 employees including one or more assistant managers. The manager receives a 
base salary, but can also earn substantial performance bonuses, based on his or her 
rank in a tournament conducted each quarter.

B. Incentive Scheme

The tournament incentive scheme is intended by the firm to reward managers 
for hard work and ability, with better managers receiving better ranks.5 A man-
ager’s rank in the quarterly tournament is determined by relative performance on 

4 There are mixed results on whether people engage in asymmetric updating about good versus bad news. See, 
e.g., Mobius et al. (2011); Barron (2021); Coutts (2019); and Schwardmann and van der Weele (2019). For other 
types of evidence on motivated overconfidence, see Charness, Rustichini, and Van de Ven (2013) and Hoffman 
(2016). There is also evidence for motivated beliefs in the domain of prosociality, with individuals desiring to 
believe that they are a prosocial person (see Haisley and Weber 2010; Gneezy et al. 2015; Di Tella et al. 2015; 
Carlson et al. 2020).

5 The firm cares not just about incentivizing high effort, but also about rewarding high ability, because it wants 
to retain talented managers. The firm has used a version of the scheme for several decades, a sign that it views the 
scheme as successful at rewarding good managers.
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four dimensions: (i) a measure of store profits that is designed to isolate manager 
contributions independent of store characteristics and location;6 (ii) sales growth; 
(iii) a customer service rating by an undercover “mystery shopper”; (iv) an evalu-
ation of the store manager by a regional manager against centrally set criteria.7 A 
manager’s position in the distribution for a given dimension puts him or her into one 
of several bands, with each band being assigned a score. The score values increase 
approximately linearly going from the worst to best band. The firm then multiplies 
the scores from the different dimensions to yield an aggregate performance measure 
denoted the base bonus. This is then multiplied by some extra factors—a  group-based 
metric denoted area bonus, an extra factor for  top-performing managers denoted top 
performer bonus, and an extra bonus factor for all stores—to yield a manager’s final 
bonus score.8 Finally, manager rank in the tournament is determined by ranking the 
final bonus score (with  tiebreaking), with the best score being assigned rank 1.

The monetary amount of the performance bonus is calculated by multiplying the 
final bonus score by 30 percent of the base salary. The bonus thus rises continuously 
with rank and all ranks receive a prize. Because of the top performer bonuses there 
is convexity at the top of the scheme. Figure A1 in the online Appendix shows the 
shape of the incentive scheme. Managers get a substantial portion of earnings from 
the scheme. The median bonus is equal to about 22 percent of the base quarterly sal-
ary. The strength of incentives, in terms of the prize spread, is also substantial. The 
median bonus for the best (fifth) quintile of performance is about 36 percent of the 
base quarterly salary, compared to only about 13 percent for the bottom quintile. A 
more “local” measure of the strength of incentives is the reduction in earnings from 
dropping by one quintile. Reflecting convexity, this is 8 percent of the base quarterly 
salary going from quintile 5 to 4, and about 4 percent for each of the quintiles 1 to 4.

C. Communication and Feedback to Managers

The firm’s communications to managers emphasize that managers can influence 
their outcomes in the tournament, and try to foster pride and  self-esteem in good 
tournament rankings. In one of the main internal communications to managers, for 
example, the firm notes that by understanding the ranking scheme and concentrating 
on this, a manager can “influence how much you earn each quarter.” The firm links 
tournament rank to  self-esteem by describing it as the key overall metric of being a 
good manager, by describing the bonus as a reward, by emphasizing that the job is 
challenging and requires skill, by how it describes top performers, and also through 
other means such as holding special parties to honor  highly ranked managers.

6 Profits are measured relative to targets constructed as predicted values from regressions of historical store 
profits on store characteristics such as region, store age, etc.. Managers in stores with more favorable characteristics 
or locations thus face higher profit targets.

7 The review by a senior manager evaluates adherence to, for example, health and safety rules.
8 Specifically, the Area Bonus is determined by averaging performance of the manager’s store on each of the 

four dimensions with the performances of other stores in the nearby geographic area (there are typically between 5 
to 10 stores in an area), then ranking performance of the area relative to performances of other areas on that dimen-
sion, and then splitting the ranking into bands each associated with a score value. These scores are multiplied across 
the four dimensions to yield the Area Bonus score. Top Performer bonuses are assigned to roughly the top 20 man-
agers in the distribution. The extra bonus factor for all stores is based on performance of the company as a whole.
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The firm also gives managers detailed feedback about their performance every 
quarter. Feedback comes in the form of a table, received by each manager, known as 
a “ranking table.” In line with the central importance and salience of the overall rank 
as a performance metric, the first column in the table is about rank, giving the com-
plete ranking of managers in the tournament. Subsequent columns give information 
about the various  submetrics that determine rank (absolute and relative scores on 
the individual dimensions, base bonus, area bonus, final bonus, etc.). Figure C1 in 
the online Appendix shows an example of how the table looks. Managers discuss 
the quarterly feedback with senior managers in regularly scheduled meetings after 
each quarter. Thus, managers do receive this feedback each quarter, although they 
can potentially forget the information later on.

D. Historical Performance Data

The company has shared its historical data on manager performance from 2016:I 
going back to 2008:I. The data include overall performance, performance on each of 
the dimensions that underlie the aggregate performance measure, and a few pieces 
of additional information such as how many assistant managers the manager chooses 
to hire. Online Appendix B discusses additional details about the creation of the 
dataset. For example, we discuss how the scope of the tournament has varied across 
some quarters—nationwide in some quarters, but divided into a few large, regional 
tournaments in others—and how we construct an exactly comparable measure of 
performance over time.9 The analysis checks robustness to including or excluding 
quarters with regional tournaments.

The historical performance data yield some descriptive statistics about the work 
environment and the managers. The average number of stores active in any given 
quarter over the sample period is about 230, but the company has grown over time, 
reaching about 300 stores by the end of the sample period. Managers sometimes 
switch stores during their tenure. For example, among managers working in 2015:IV, 
which is the quarter for which we elicited manager predictions, roughly 48 percent 
have switched stores at least once during their tenure. Median tenure in the current 
store is five quarters, and median total tenure at the company is ten quarters. Over 
the sample period the fraction of managers leaving the managerial job is around 6 
percent per quarter, with no significant time trends.

The data also shed some light on the determinants of performance in the tour-
nament, showing that managers matter for tournament outcomes, although store 
characteristics matter as well. For example, looking at managers who switch stores, 
a 1 standard deviation increase in the mean of a manager’s performance at his or her 
past stores is associated with an increase of about 0.30 standard deviation in perfor-
mance at a manager’s current store, controlling for store characteristics.10 Another 

9 Rank in a regional tournament is a good proxy for nationwide rank, i.e., rank if there had been a national 
tournament instead.

10 This result is based on regressing current store performance on mean performance at past stores for managers 
who are present in 2015:IV and who have switched stores at least once. By controlling for store characteristics—
store age, proxy for store size, train station location, indicators for 38 geographic areas—we help rule out that 
managers have similar performance over time because the current store has similar characteristics to previous stores 
(results available upon request). We also find that observable store characteristics for the current store in 2015:IV, 
and the most recent previous store, are largely uncorrelated, suggesting that the firm’s assignment policies for 
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indication that managers matter is the tendency for new managers to have worse 
performance initially and improve over the first couple of months. This is consistent 
with a role for manager ability or skill in contributing to performance, with manag-
ers improving this trait over time on the job. This tendency has caused the firm to 
adopt a policy of excluding new managers from the regular tournament in their first 
quarter of tenure, and instead award bonuses based on easier metrics. Our empirical 
analysis excludes a manager’s initial quarter at the firm.

E. Data on Manager Predictions, Memories, and Traits

Measurements of manager confidence about future performance and memories 
about past performance were obtained in a  lab-in-the-field study conducted with 
managers in early 2015:IV. To conduct the study, researchers attended a type of reg-
ularly occurring meeting organized by the firm, in which groups of roughly eight to 
ten store managers meet with a more senior manager. These meetings took place in 
private rooms in various locations, e.g., in store break rooms.

The study followed a standardized protocol across sessions (meetings in which 
the study took place). Managers were seated at a table with dividers between them, 
and were not allowed to speak to one another, to ensure that decisions were made 
individually. The study materials were provided in written form, but there was also 
a verbal summary of the instructions for each part by the attending researcher to 
ensure understanding (a researcher attended every session), and verbal instructions 
followed a script to ensure exactly the same delivery of information across ses-
sions. Piloting with a few managers before the study made clear that the instructions 
needed to be very simple and clear, as the managers were not used to participating 
in such exercises.

To address potential manager concerns about confidentiality, the researchers con-
ducting the sessions gave their academic affiliations, explained that they were not 
employed by the firm, and guaranteed that the managers’ individual responses would 
be kept completely confidential from the firm and  coworkers. It was also emphasized 
that funds came from an academic grant and that checks would be mailed directly to 
the managers’ home addresses, by the researchers, early in 2016:I. Thus,  no one in 
the company would ever learn the managers’ individual earnings in the study.

A total of 239 managers participated in the study. About 56 percent were female, 
median age was 36, and median tenure at the company was 2.5 years. Managers 
received a participation payment of about $20. The study was divided into ten parts 
that involved incentivized choices, with one randomly selected to be paid; on aver-
age managers earned roughly an additional $20 in incentive payments from the 
study. There were 32 sessions, with the earliest taking place on October 22, 2015 
and the latest taking place on December 7, 2015. Of the 32 sessions, 22 took place 
in October. This distribution of sessions over time lead to variation in how long ago 
managers had seen the tournament results they were asked to remember, and how 

managers who switch do not involve assigning managers systematically to the same type of store over time. Results 
of fixed effects regressions are also consistent with managers mattering for performance; adding manager fixed 
effects to a regression of performance on store fixed effects doubles the adjusted   R   2   and the manager fixed effects 
are jointly statistically significant ( p < 0.01 ).
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far in the future were the tournament results they were asked to predict. The analysis 
therefore investigates whether the timing of sessions is related to the accuracy of 
manager memories and quality of manager predictions.

Measure of Managers’ Predictions of Future Performance.—The  lab-in-the-field 
study elicited managers’ predictions for how they would rank in the upcoming 
(nationwide) tournament for 2015:IV. We focused on eliciting manager predictions 
about rank because this is the central performance metric in a manager’s work life, 
and because feedback about rank is particularly salient.

Managers were presented with a table with five rows, with each row correspond-
ing to a quintile, and were asked to guess whether they would be in the top 20 per-
cent, the second 20 percent, the third 20 percent, the fourth 20 percent, or the lowest 
20 percent of the tournament ranking by ticking a box in the corresponding row (the 
top row was the best quintile). In other words, managers were asked for their modal 
quintile, based on their beliefs about the probabilities of different quintiles. The 
study provided an incentive to guess correctly: about $22 for getting it right. The 
managers knew that researchers would check the outcomes of the tournament, once 
they were available, and then mail payments in 2016:I. See online Appendix D for 
instructions for the prediction measure.

Since our goal is to accurately measure manager beliefs, several features of the 
design were intended to minimize measurement error. The elicitation of predictions 
in a proctored (workplace) setting, without distractions, and the combination of both 
written and verbal instructions, was intended to minimize error due to inattentiveness 
or lack of understanding. The incentives provided in the study were also designed to 
enhance attention. Furthermore, managers arguably already had substantial incen-
tives to overcome costs associated with thinking carefully about the tournament, due 
to the large amount of money tied up in the performance bonus scheme. Another 
source of measurement error would be if managers deliberately  misrepresented their 
beliefs to impress others. The confidentiality protocol for our study, however, should 
have minimized motives to state false beliefs in order to impress  coworkers or the 
employer. Managers could still try to impress the researchers with their responses, 
but providing incentives for correct guesses is the standard remedy in experimental 
economics for minimizing such motives. Furthermore, it is not clear that managers 
would expect researchers to be impressed if they state confident beliefs that are sub-
sequently checked and verified to be wrong.11

11 If managers habitually misrepresent their beliefs in their actual work setting, to impress  coworkers or the firm, 
it is conceivable that they might habitually misrepresent beliefs in our study, despite the confidentiality protocol. To 
discuss whether this is plausible it is useful to distinguish between two types of signaling motives. The first would 
be managers trying to signal confidence, i.e., private information about high ability, by stating high beliefs. This 
is unlikely to be a viable strategy in the work setting, however, since there is very rich public information about 
everyone’s past performance. A second motive would be trying to signal overconfidence bias, if this is viewed as 
a favorable trait; given the rich public information about past performance, managers could signal overconfidence 
by making overly optimistic predictions. For such signaling to be possible, however, there seemingly need to be 
at least some truly overconfident types among the managers, since signaling can only induce a belief in types that 
are of  nonzero measure. Thus, this type of signaling would itself suggest that overconfidence bias is present among 
managers. There are some empirical reasons to doubt that overconfidence bias is viewed as a favorable trait in the 
workplace, however, since we do not find that overconfident managers perform better than other managers (see 
discussion at the end of the paper).
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A different type of measurement error could arise because the study did not 
elicit complete probability distributions from managers, i.e., the likelihoods that 
they attached to ending up in each of the five quintiles. This was dictated by the 
need to keep the elicitation as simple and naturalistic as possible. Piloting suggested 
that more complex approaches, and the relatively complex rules needed to make 
responses incentive compatible, would not be well understood. The key benefit of 
this approach is we are confident that the managers understood what they were 
being asked. One potential downside of this elicitation approach is that risk averse 
individuals might want to insure themselves against poor performance on the job, by 
placing their bet on a low quintile in our prediction measure. Any such hedging (i.e., 
insurance) motives, however, would work against finding overconfidence. Thus, if 
managers engage in hedging, this source of measurement error makes our findings 
of overconfidence a lower bound. We also check whether predictions are related to 
a measure of manager risk aversion, and find no statistically significant relationship, 
which casts doubt on an insurance motive.

Models of motivated beliefs can predict that managers truthfully report beliefs in 
our measure that are systematically overconfident (relative to what is justified given 
their  ex ante information), under certain conditions that are not implausible for our 
setting.12 Relevant conditions for ego utility to play a role in generating overconfi-
dence include (i) rank depends on managers and not just external factors; (ii) rank 
is seen as praiseworthy and relevant for  self-esteem. As discussed in our description 
of the work setting, both of these conditions apply in our case.13 If overconfidence 
is instead motivated by a desire to motivate future selves, a possibility modeled 
in Bénabou and Tirole (2002), a necessary condition is that effort and ability are 
complements. While complementarity is difficult to verify directly in our setting, 
it seems plausible. One reason is that the convex incentive scheme fosters comple-
mentarity: all else equal, higher beliefs about ability translate into more optimistic 
expectations about rank, which is associated with a higher marginal benefit of effort 
due to convexity of the scheme.14 Models in which individuals are motivated by 
anticipatory utility can also predict overconfidence about rank, under the condition 
that disutility of “disappointment” when tournament outcomes are finally realized 
is outweighed by anticipatory utility of  overly optimistic interim beliefs during the 
tournament.15

12 If overconfidence is prevalent then we could observe managers making predictions that are overly optimistic 
on average. By contrast, standard (classical) forms of measurement error, due to factors such as inattention, would 
imply  mean-zero prediction errors.

13 To the extent that ego utility is based on beliefs about having high ability or skill, rather than beliefs about 
strong work ethic or high effort, the needed assumption for ego utility models to predict overconfidence can be 
further refined: it should be the case that managers influence tournament rank at least partly through ability and 
not just effort. As discussed in our description of the work setting, it seems that both skill and effort must matter 
to some extent.

14 Our setting also resembles situations described in Bénabou and Tirole (2011) as featuring complementarity of 
effort and ability. If effort and ability are instead substitutes, such models predict underconfidence.

15 Otherwise such models could predict “defensive pessimism” and thus underconfidence about rank. One pos-
sible explanation for the minority of managers we find who are underconfident is heterogeneity in disappointment 
aversion. Notably, a process of memory distortion could be one way that individuals might minimize although not 
entirely avoid a negative impact of disappointment; rather than remembering disappointments, individuals come to 
recall something more positive, which in turn fosters positive expectations for the future.



3151HUFFMAN ET AL.: PERSISTENT OVERCONFIDENCE AND BIASED MEMORYVOL. 112 NO. 10

Measure of Managers’ Memories of Past Performance.—Another part of the study 
asked managers to recall their rank in the most recent (nationwide) tournament, 
which was 2015:II. Managers had learned the results of this tournament roughly two 
months earlier. Specifically, managers were asked to recall their rank and offered a 
payment of $1.50 for being within +/− 10 ranks of their true past rank. The incen-
tives provided for recall were smaller than in the prediction task, because recalling 
a number that they had learned and discussed with a superior is arguably easier than 
predicting the future. The instructions provided the header row of the tournament 
outcome table from the second quarter, and circled the relevant column header, to 
maximize clarity about what was being asked. Managers had to answer the question 
on the spot, and could not talk to each other or use their phones to look it up, so the 
question was a test of their memory. See online Appendix D for the instructions for 
the memory measure. The study also asked managers to remember second-quarter 
performances on some of the  submetrics that determined their rank; we discuss 
these in robustness checks on the memory analysis.

Similar to the prediction measure, our design was intended to minimize measure-
ment error due to inattention or due to managers misrepresenting their memories 
for some reason. The use of financial incentives, and a  distraction-free environment 
for elicitation, were intended to foster attentiveness and reduce noise. The fact that 
substantial workplace incentives are tied to the performance indicator that we ask 
the managers to recall arguably implies that they should be willing to pay cogni-
tive costs of recalling rank; we are asking them to recall something that is viewed 
as valuable information in the workplace. Financial incentives, and confidential-
ity, were intended to minimize any motives managers might have to overstate their 
recalled performance to impress  coworkers or the researchers. Also, it is unclear that 
being inaccurate in recall is something that is viewed as impressive. Unlike for the 
prediction measure, there was no hedging motive for the memory measure, as it was 
retrospective rather than prospective.

Models of motivated beliefs provide a reason why manager responses to our mem-
ory measure might reflect truly inaccurate memories. These models imply that man-
agers could value remembering a good rank in 2015:II, even if this deviates from the 
truth, under similar conditions that lead such models to predict overconfidence.16 If 
this tendency is prevalent then the average recall error could involve remembering 
substantially better than actual performance, subject to some potential “reality con-
straints” that bound how much memory can be distorted. Specifically, the models 
predict that (i) managers with the best ranks in the second quarter should have accu-
rate memory, because they cannot remember anything better, and there is no motive 
to remember worse; and (ii) managers who are below the top of the performance 

16 For example, managers could have ego utility from (potentially falsely) positive memories of past rank, under 
the condition that good rank is diagnostic of manager performance and relevant for  self-esteem, which is plausible 
in our setting. A corollary is that managers may be less motivated to distort memory of performance metrics that are 
less tied to individual performance, a prediction that we explore in robustness checks for our analysis of manager 
memories. Alternatively, individuals who receive negative signals could be motivated to implement falsely positive 
memories for instrumental reasons: to shore up the confidence of future selves, and induce higher effort to overcome 
 self-control problems (under the condition that effort and ability are complements). Motives related to anticipatory 
utility could also seemingly provide a reason to value positive memories of past rank, as long as disutility from 
negative surprises is not too strong, because these foster expectations of good future performance, and thus generate 
positive anticipatory utility.



3152 THE AMERICAN ECONOMIC REVIEW OCTOBER 2022

distribution, by contrast, may have inaccurate memory, and these errors should be 
asymmetric in the direction of remembering better than actual performance.17

Models of motivated beliefs also make a prediction about the relationship 
between our memory and prediction measures at the individual level. The conditions 
that cause these models to predict overconfidence also cause them to predict overly 
positive memories. Thus, the models imply that if we observe a manager making 
overconfident predictions we should also tend to see them having overly positive 
memories, i.e., we should observe a positive correlation between overconfidence 
and  overly positive memory.18

Measures of Other Manager Traits.—The study also measured some other man-
ager traits in case these might be related to overconfidence: gender, as previous 
studies have found gender differences in overconfidence for some types of tasks 
(e.g., Niederle and Vesterlund 2007); experience at the company (tenure), to allow 
investigating whether greater exposure to feedback might be related to accuracy of 
predictions; and manager age, in case greater life experience is related to reduced 
overconfidence. These traits are featured in the main analysis as control variables. 
The study also included incentivized measures of willingness to  misreport informa-
tion, willingness to work on an addition task, knowledge and understanding of details 
of the firm’s incentive scheme, and risk aversion.  Nonincentivized measures include 
manager  self-assessments of willingness to take risks, willingness to compete, rel-
ative confidence, and patience (more information about these control variables is 
provided in online Appendix E). We show in robustness checks that controlling for 
these does not change our results. The study also included an experiment designed 
to measure one potential aspect of an overconfident management style, unwilling-
ness to delegate; this is used as an outcome variable in the exploratory analysis on 
management style discussed at the end of the paper. The study also had some addi-
tional measures of manager memories about the  submetrics that determined overall 
rank in 2015:II, which we discuss briefly in our analysis on memory, and more 
extensively in online Appendix K. Finally, the study involved some measures that 
are not used in our analysis (online Appendix U gives the full set of instructions for 
the  lab-in-the-field study).

II. Reduced Form Analysis

A. Descriptives on Manager Predictions and Empirical Strategy for Identifying 
Overconfidence

As a first look at the data, panel A of Figure 1 shows the distribution of manager 
predictions. The most salient feature is the skew toward predicting higher quin-
tiles (throughout the paper we order quintiles such that 5 is the best). Only about 

17 With standard (classical) measurement error due to inattention, or imperfect but unbiased memory, one 
should expect the average recall error across managers to be zero: specifically, for the best performing managers to 
have downward errors, the worst performing managers to have upward errors of a similar size, and for errors in the 
middle of the distribution to be symmetric rather than skewed toward better than actual.

18 Standard measurement error in the prediction and memory measures would not predict that the direction of 
errors should be positively correlated across the measures.
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10  percent predict achieving the worst quintile, roughly 20 percent predict each one 
of the intermediate quintiles, and 33 percent predict achieving the top quintile.

A comparison to realized outcomes in the fourth quarter, shown in panel B, sug-
gests that managers do have insights into predicting future performance: achieved 
outcome and prediction are significantly positively correlated, 0.47 (Spearman;  
p < 0.001 ). On the other hand, panel B shows that managers make  ex post pre-
diction errors, and these errors are asymmetric: 47 percent of managers bet on a 
higher (better) quintile than their realized quintile, versus less than half as many, 17 
percent, betting on a lower quintile. In terms of magnitudes, the errors are larger in 
the optimistic direction: 1.8 quintiles conditional on predicting higher than the real-
ization, versus 1.3 quintiles conditional on predicting lower. On average managers 
predict a performance that is about 0.60 quintiles better than the realized quintile, a 
difference that is statistically significant from zero ( p < 0.001 ).19

Although the skewness of manager predictions toward the best quintile in panel A 
goes in the direction of overconfidence, this is not sufficient, on its own, to establish 
overconfidence bias. As pointed out by Benoît and Dubra (2011), inferring overcon-
fidence from bets on the mode can be very misleading, without information about 
the signals that individuals observe  ex ante. Indeed, Benoît and Dubra (2011) show 
that in this case it is possible to rationalize almost everyone betting that their modal 
quintile is the best quintile. For example, if individuals have flat priors and the pri-
vate signal structures characterized by frequent,  weakly positive signals, then almost 
everyone can end up thinking they are slightly more likely to be in the best quintile 
than lower quintiles.20

19 This result is from an ordinary least squares (OLS) regression of the prediction error on a constant term.
20 Benoît and Dubra (2011) do not make claims that such information structures are generally plausible, but they 

point out the importance of taking into account the past signals that individuals have seen, for identifying overcon-
fidence bias. This problem can be mitigated by eliciting the full probability distribution of beliefs about the likeli-
hoods of all five quintiles, rather than just asking for the modal quintile as we did. With this information on intensity 
of beliefs, it is possible to test the Bayesian model by checking whether the average of posterior distributions across 

Figure 1. Distribution of Manager Predictions about 
Fourth Quarter and Comparison to Fourth-Quarter Realizations
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The  ex post prediction errors shown in panel B are also not sufficient to establish 
overconfidence bias, for similar reasons. Given flat priors, the appropriate private 
signals could lead many managers to predict high quintiles, and given randomness 
in tournament outcomes,  ex post errors are to be expected even if managers are 
fully Bayesian. Burks et al. (2013) propose a statistical test that can assess whether 
 ex post prediction errors are too extreme to be explained by the Bayesian model, 
even in the absence of information about private signals. By leveraging the addi-
tional information contained in realizations (and assuming that realizations reveal 
true types), the test imposes tighter restrictions than in the case of Benoît and Dubra 
(2011).21 Nevertheless,  ex post errors must still be relatively extreme to allow 
rejecting the model, because unobserved private signals give the model substantial 
flexibility. Applying their test to the  ex post prediction errors of our managers, we 
cannot statistically reject the Bayesian model.22

While the evidence in Figure 1 does not by itself establish overconfidence bias, 
we can augment our observations of manager predictions with the historical perfor-
mance data, and then test for overconfidence bias in a different way. The historical 
data include what are arguably the most important  ex ante signals that managers 
should have used to form predictions: past tournament outcomes. This gives us infor-
mation about the  nonuniform priors managers should have had about their modal 
quintile for 2015:IV based on observing these past public signals. Specifically, we 
can construct models that use past tournament outcomes as predictors, and com-
pare manager predictions to what our model says they “should” have predicted. We 
denote discrepancies between manager and model predictions as  ex ante prediction 
errors. Under the assumption that tournament outcomes are the key (only) relevant 
signal, finding systematically optimistic  ex ante prediction errors would be consis-
tent with overconfidence bias.

A concern could be that it is too strong to assume that tournament outcomes are 
the only relevant signal, and that managers have access to some kind of additional, 
private signals. We check robustness to this issue in three ways.

First, we can use variation in how many signals, public and potentially private, 
that managers have observed, due to variation in experience. If managers observed 
private signals before starting the job, they could start with rationally overconfident 
priors, but as they gain experience and observe more tournament outcomes, predic-
tions should come closer to our prediction models. Managers might instead observe 
private signals once the job starts, in each period of employment, but they should 
still learn from these, and thus become better at predicting future performance with 

managers yields the (uniform) prior distribution (law of iterated expectations). As discussed in Section I, we did not 
pursue this avenue because of concerns about managers not understanding the relatively complex methods needed 
to incentivize belief distributions.

21 The test uses the restriction that, for individuals with a given true type, the modal signal must be that they are 
that type (otherwise the signal is not informative). The test therefore checks whether, among those who predict a 
given quintile, the modal individual has zero  ex post prediction error.

22 The  p-value of the test is close to 1. Burks et al. (2013) elicit the predictions of truckers about their modal 
quintile on tests of numerical ability and IQ, and reject the Bayesian model because the  ex post errors they observe 
are quite pronounced; e.g., for a numeracy test, 95 percent of those in the worst quintile in terms of numerical ability 
predict being in quintile 3 or higher, and the average error is about 2.6 quintiles. By comparison, panel B of Figure 1 
shows that among our managers who end up in the worst quintile for the fourth quarter, about 51 percent predict 
being in quintile 3 or higher, and the average error relative to  ex post realizations is about 1.8 quintiles.
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more experience, i.e., have smaller  ex post prediction errors. We can check these 
predictions in the data.

Second, we can use our measure of memories of past signals, checking whether 
there is  overly positive memory about past tournament outcomes, and whether this 
is related to optimistic  ex ante prediction errors. Such findings would be consistent 
with managers being motivated to bias predictions toward overconfidence, but not a 
Bayesian explanation for manager optimism based on private signals.

Third, we employ a structural model to further discipline explanations based on 
private signals. In the model we use data on past tournament outcomes to calibrate 
what managers’ priors should be based on public signals, and then ask if there is 
a structure of additional, private signals that can allow the model to come close 
to rationalizing manager predictions. The information about priors based on pub-
lic signals places relatively stringent restrictions on the ability of private signals to 
rationalize manager predictions.23

Our approach of benchmarking manager predictions against prediction models 
makes sense only if past tournament outcomes are informative for predicting future 
performance; Table 1 shows that this is in fact the case. The table gives the frequen-
cies of managers ending up in different tournament quintiles in quarter  t  conditional 
on quintile in  t − 1 . We denote this transition matrix   Z ˆ   . The transition probabilities 
indicate that the quintile outcome in any given quarter  t − 1  is predictive of the 
quintile outcome in quarter  t : the modal outcome is for that same quintile to occur 
in the next quarter.24

B. Testing for Overconfidence

Our first step in testing for overconfidence bias is to identify the best perform-
ing prediction model out of a set of candidate prediction models. A natural class 
of models to consider given our data is panel regression models, which predict a 
manager’s future performance based on lagged values of past performance. For a 
given model we use multinomial logit estimation to generate predicted probabili-
ties of each quintile ranking in 2015:IV for each manager, and select the quintile 
with highest probability as the prediction. Within this class of models, two specific 
questions we consider are (i) what is the optimal number of lagged performance 
outcomes for maximizing predictive power; (ii) should performance outcomes in 

23 The restrictions are stringent because, given the informative public signals that they observe, many managers 
should have strong beliefs about what quintile they are in, if they are Bayesian. When such beliefs are strong, private 
signals must also be strong to move beliefs enough to change the mode, but then this limits the number of managers 
who can be overconfident (relative to underconfident). This is because, according to the law of iterated expecta-
tions, fixing the amount of underconfidence, there can either be many individuals weakly adjusting their beliefs 
in the direction of overconfidence, or there can be a few people strongly adjusting their beliefs in the direction 
of overconfidence, but there cannot be many people adjusting beliefs strongly in the direction of overconfidence. 
While our main analysis assumes that managers combine public signals with flat initial priors, we also consider 
whether overconfident initial priors (at the start of the job) could rationalize the overconfidence that we observe for 
experienced managers.

24 Another  takeaway is that quintiles 1 and 5 are particularly informative, in the sense of being persistent: if a 
manager is in one of these quintiles in  t − 1 , the likelihood that they will be in the same quintile in  t  is relatively 
high. This feature of the information structure could be consistent with a  normal-shaped distribution of underlying 
manager ability: the mass of managers in the middle would have relatively similar abilities, choose similar effort 
levels, and thus have tournament outcomes that are largely random; managers in the tails would be quite different 
from everyone else in terms of ability and thus consistently have the worst or best outcomes.
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a given past quarter be measured linearly in terms of percentile of performance, or 
 nonparametrically with separate indicators for each quintile of performance?

It turns out that using a substantial number of lags (eight lags), and using the 
linear specification with percentile of performance for each past quarter, delivers 
the best predictive power in our model selection exercise. The exercise was based 
on  cross validation, a simple machine learning technique that tests predictive power 
using randomly selected “ hold-out” samples (for details see online Appendix F). 
The resulting prediction model can be written as

(1)   q i,t   = α +   ∑ 
j=t−1

  
t−9

    β j     y i, j   +  ϵ i,t  , 

where the dependent variable   q i,t   , is performance quintile for manager  i  in quar-
ter  t , and independent variables are performance outcomes in earlier quarters,   y i, j   , 
 j ∈  (t − 1, …, t − 9)  . It is not surprising that the model does best when it includes 
a large number of lags, as this entails estimation on a sample of (relatively expe-
rienced) managers, for whom we have a large number of signals and thus better 
precision in assessing individual manager types.25 The robustness checks include 
estimating models with fewer lags, and also using less parametric specifications.

Panel A of Figure 2 shows that the distribution of predicted quintiles from the 
regression model is slightly  U-shaped, with the highest masses for quintiles 1 and 
5.26 Panel B shows that many managers made predictions that are substantially dif-
ferent from the predictions of the model, and these differences are much more fre-
quent in the overconfident direction: 48 percent of managers bet on a higher quintile 

25 Better performance of the linear specification can be due to the fact that it provides a finer grained measure of 
performance, compared to the  less-parametric but also coarser specification using quintile dummies.

26 Given infinite signals, the distribution should converge to a uniform, but in a finite sample, there can be a 
 U-shape because extreme outcomes are especially informative (Table 1). To see this, suppose there are 5 types of 
managers, and the worst and best types are quite likely to have an outcome of 1 or 5, respectively, and never get an 
outcome of 3. Suppose the remaining types have a more uniform probability of getting outcomes 2, 3, and 4, but 
also  nonzero probabilities of getting 1 and 5. In a finite sample, due to chance, some intermediate types could have 
modes of 1 and 5, but no high or low types will have modes of 3.

Table 1— Quintile-to-Quintile Transition Matrix   Z ˆ   

Fractions of managers

Quintile in  t 

Quintile in  t − 1 : 1 2 3 4 5

5 0.05 0.11 0.15 0.26 0.43
4 0.11 0.17 0.21 0.27 0.24
3 0.17 0.23 0.27 0.20 0.13
2 0.24 0.26 0.23 0.17 0.10
1 0.43 0.23 0.20 0.09 0.05

Observations 961 1,018 1,034 1,007 962

Notes: Best performance is quintile 5. The rows show the average proportions of managers 
achieving different quintile outcomes in the national tournament ranking for quarter  t  condi-
tional on a given quintile outcome in quarter  t − 1 , using all quarters from 2008:I to 2015:IV. 
The number of observations differs across quintiles in  t − 1  due to attrition and opening of 
new stores.
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than the model says was most likely for them, versus 21 percent betting on a worse 
quintile. The magnitude of the average error is substantial, 1.7 quintiles on average 
in both directions. The average  ex ante prediction error is  overly optimistic, involv-
ing a prediction that is 0.47 quintiles better than the model predicts. The estimated 
coefficients of the baseline model are reported in columns 1 to 4 of Table F2 in the 
online Appendix.27

The model parameters are estimated from a sample of tournament outcomes 
that have a random component, raising questions about statistical significance 
of the differences we find. Suppose that managers use the same model that we 
use, and are fully informed about the true parameters of the model; our model 
prediction could still differ from the manager prediction because it suffers from 
estimation error. We use bootstrapping to check whether the difference between 
manager and model predictions lies within the bounds of this error.28 Specifically, 
we  re-estimate the model 100 times, using samples drawn randomly from the data 
(with replacement), and each time generate predictions of the modal quintile for 
each manager. For a given bootstrap, we calculate the distance of each manager’s 
bootstrapped prediction from the prediction of the model based on the original 
sample, using the Euclidean distance metric (results hold using alternative met-
rics or statistical tests, see online Appendix F.2).29 Summing up these distances 

27 Most of the individual lag coefficients are not statistically significant individually, but this reflects correlated 
performance over time for managers. The coefficients are highly significant in a joint test (  χ   2  ;  p < 0.001 ) and fit 
is improved by including all of the lags.

28 In contrast to this scenario, if the managers have to estimate the parameters as we do, using the same data, 
then their predictions should accord with our predictions precisely, and we do not need confidence intervals to reject 
that the model and manager predictions are the same.

29 The total Euclidean distance is just a monotonic transformation of the fraction of managers who differ from 
the model. We focus on Euclidean distance because it naturally generalizes to situations where we are computing 

Figure 2. Distribution of Multinomial Logit Predictions and Comparison to Manager Predictions

Notes: Predictions are in terms of quintiles of fourth-quarter performance, with 5 being the best. Prediction errors 
are also in terms of quintiles.
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across all managers gives a total (Euclidian) distance between a given bootstrapped 
distribution of bets and the distribution of bets generated by the original model. 
This procedure yields a  distribution of 100 distances, which gives bounds on the 
sensitivity of our model predictions to sampling error. The distance of observed 
manager predictions from the original model predictions lies far in the tail of the 
bootstrapped distances (beyond the  ninety-ninth percentile); see Figure F1 in the 
online Appendix. Using a similar approach it is also possible to reject at the  1 per-
cent level that the degree of asymmetry toward overconfidence that we observe, 
comparing manager predictions to model predictions, lies within the bounds of the 
asymmetry that could be generated by noise in our model.30 Thus, estimation error 
in our model does not appear to explain why manager and model predictions differ.

A different reason why manager predictions might deviate from those of our 
selected model is if some of the assumptions underlying our model are wrong, 
and managers therefore use an alternative model. Table F1 in the online Appendix 
summarizes robustness checks based on a range of modifications to our multino-
mial panel regression model, with corresponding coefficient estimates reported in 
Tables F2 and F3.

For example, one robustness check addresses the fact that our candidate pre-
diction models implicitly assume that managers come to the job with flat priors. If 
managers start the job with (potentially rational) overconfident priors, however, due 
to private signals received before starting the job, then they could make predictions 
that are more confident than our incorrectly specified model initially, although this 
should diminish with experience if they are Bayesian. We look at a model with only 
three lags, because such a model can include managers with as little as one year of 
experience, in contrast to the eight-lag model, which uses only managers with more 
than two years of experience. Table F1 shows a very similar degree of manager over-
confidence relative to this model, so there is no sign that overconfidence is larger in a 
sample that includes managers who have had less feedback, contrary to an explana-
tion based on private signals received before starting the job.31 Additional analysis 
provided in Figure I2 in the online Appendix shows that the magnitudes of  ex ante 
prediction errors are also not decreasing with experience, comparing managers with 
less than two years of experience to managers with at least two years of experience 
(we also find that  ex post prediction errors do not diminish with experience).32

the distance between vectors that do not all have 0 or 1 entires, something that arises later in our analysis when we 
simulate some versions of our structural model.

30 For each of the bootstraps we calculate the fraction of bootstrapped predictions that are overconfident relative 
to the original model minus the fraction of bootstrapped predictions that are underconfident. This yields a distribu-
tion of 100 differences. The corresponding difference comparing actual manager predictions to the predictions of 
the original model is beyond the  ninety-ninth percentile of the distribution (see Figure F1 in the online Appendix).

31 This is not to say that managers do not start the job with overconfident priors; indeed, if we look solely at 
recently hired managers (less than one year of experience) we see a distribution of predictions that is skewed toward 
higher quintiles, similar to what we observe for the sample as a whole (see Figure I1 in the online Appendix). In a 
robustness check we investigate whether tournament performance might become more variable and less informative 
with manager experience for some reason; if so this could be a Bayesian explanation for lack of learning. We find, 
however, little evidence for this (see online Appendix I).

32 The rate of  ex post accuracy of predictions is 35.71 percent for managers with less than two years of expe-
rience versus 35.16 for managers with two or more years. This argues against an explanation based on managers 
learning from private signals each period on the job. Note that we would miss some manager learning, if those who 
do learn their types tend to leave the firm, but this does not alter the fact that those managers who remain should 
be more accurate than inexperienced managers, if they are Bayesian. Furthermore, as discussed at the end of the 
paper, we find that manager overconfidence is not significantly related to the probability of remaining at the firm. 
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Other robustness checks summarized in Table F1 address implicit assumptions 
of our set of candidate prediction models regarding time stationarity of the environ-
ment, and time stationarity within managers, e.g., by using only recent quarters to 
estimate model parameters, or using only quarters from a manager’s current store.33 
We consistently see that manager predictions are significantly more confident than 
the corresponding regression model predictions.

As another type of robustness check, we investigate whether manager predictions 
might be  well explained by the use of some simpler, rule of thumb type predictors 
based on past tournament outcomes. If so, this might indicate bounded rational-
ity, but motivated beliefs would not be needed to explain the data. One seemingly 
natural rule of thumb is the manager’s most frequent quintile outcome in the past. 
Calculating each manager’s modal quintile over past quarters, and dropping man-
agers who do not have a unique mode, yields the distribution of historical modes. It 
turns out that manager predictions are substantially more confident than one would 
expect if they used the historical mode: 43 percent of managers predict a higher 
quintile for 2015:IV than their historical modal quintile, compared to 25 percent 
predicting a lower quintile, and the average prediction error is overly optimistic, by 
about 0.41 quintiles (see Figure H1 in the online Appendix). In additional robustness 
checks we consider alternative rules of thumb, and in all cases, manager predictions 
are significantly more confident than the corresponding rule of thumb prediction. 
These results are summarized in the online Appendix in Table H1.34

C. Testing for Biased Memory

The evidence so far is consistent with managers exhibiting persistent overconfi-
dence bias, under the assumption that past tournament outcomes are the key signals 
managers should be using to predict future tournament outcomes. Models of moti-
vated beliefs offer an explanation for how individuals can be persistently overcon-
fident, and also generate an additional testable prediction, that individuals may be 
motivated to have overly positive memories of past performance. In this section we 
investigate whether there is support for this prediction, using our measure of man-
ager memory of rank in 2015:II.

Thus, there does not seem to be much scope for differential attrition on the basis of overconfidence to play a role 
in explaining our results.

33 One source of nonstationarity in the environment could be patterns of manager turnover, which change the 
composition of manager abilities at the firm, and thus alter the predictiveness of lagged tournament outcomes over 
time. Besides checking robustness to estimating our regression model using only recent quarters, we check for time 
trends in the elements of the transition matrix   Z ˆ   , and find little evidence of nonstationarity (see online Appendix G). 

34 A different potential confound would be if managers are inattentive in our survey, and use a heuristic of just 
choosing the top row of the choice table in our prediction measure. Because the top row corresponded to the best 
quintile, this could lead to the appearance that managers are systematically overconfident relative to our prediction 
models, when in fact it just reflects inattention. There are several reasons why this does not seem to drive the results. 
First, as shown in panel B of Figure 2, much of the overconfidence we find is not due to managers predicting the 
best quintile. Second, we used the same table format to elicit manager predictions about their performance quintile 
in one of our incentivized math tasks (see Part 5 of the instructions provided in online Appendix U). There we see 
only 11 percent predicting the best quintile, in contrast to 30 percent predicting the best quintile in the workplace 
tournament (panel A of Figure 1). This suggests that the table format per se does not lead to the extent of predicting 
the best quintile that we find for manager predictions about the workplace tournament. Finally, we did not elicit 
manager memories using a choice table, so a  choose-the-first-row heuristic would not explain evidence of biased 
memory, or a correlation of biased memory with overconfident predictions.



3160 THE AMERICAN ECONOMIC REVIEW OCTOBER 2022

Figure 3 displays the raw data from our elicitation of manager memories, about 
rank in 2015:II, with values jittered slightly to preserve manager confidentiality.35 
The  x-axis measures individual managers’ actual ranks in the second quarter, with 1 
being the best, and the  y-axis shows managers’ recalled ranks. Whereas in the rest of 
the paper higher numbers indicate better performance, in this figure we use smaller 
numbers for better performance, since the question used to collect the recall data asked 
about rank.

A first observation about Figure 3 is that the best performing managers in 2015:II 
were quite accurate in their recollections. The lack of upward errors is mechanical, 
but managers also have only small errors in the downward direction. This shows 
that at least these managers could recall past rank accurately, and furthermore, it 
is consistent with a motivation to have positive memories; with such a motivation, 
recalling accurately that one had a top performance is attractive, whereas recalling 
lower than actual performance is counterproductive.

A second notable feature of Figure 3 is a clear increase in the frequency of man-
agers with inaccurate memories, as soon as one goes below the top ranks, and a 
tendency for these memory errors to be asymmetric in the direction of recalling 
better than actual performance. The correlation between an indicator for being 
inaccurate, and rank in 2015:II, is statistically significant (Spearman;  ρ = −0.27 ;  
 p < 0.001 ). As shown in the figure, the tendency for recall errors to be in the better 
than actual direction results in the average recalled rank, by decile of actual rank, 
always being above average actual rank. Overall, 56 percent of managers have 

35 Jittering involves adding a small random mean zero perturbation to the values. Without jittering, the firm 
could in principle use its knowledge of the second-quarter ranking to infer individual managers’ reported memories 
from Figure 3.

Figure 3. Recalled Performance for 2015:II, by Actual Performance
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“flattering” recall errors, compared to 24 percent having “unflattering” errors, and 
the average recall error involves recalling a performance that is more than 30 ranks 
better than actual, with the error significantly different from zero ( t-test;  p < 0.001 ).  
The asymmetry in recall errors is strongly apparent for managers in the middle of 
the second-quarter performance distribution, so it is not driven by managers at the 
bottom of the distribution for whom floor effects force recall errors to be in the 
positive direction. This asymmetry matches the prediction of models of motivated 
beliefs in which individuals are motivated to have positive memories; as perfor-
mance worsens, managers may want to recall a better than actual performance.

A third observation about Figure 3 is that average recalled rank (by decile of 
actual rank) does decline with actual rank, and the correlation of actual and recalled 
rank is substantial, 0.71 (Spearman;  p < 0.01 ). Thus, manager recollections are 
neither completely random nor completely  self-serving, but rather are tethered to 
actual past performance. This is consistent with manager memories being subject 
to some “reality constraints,” as is typical in models of motivated beliefs. We also 
observe variation in the extent of memory distortion for a given actual rank, which 
could reflect some randomness inherent in the memory distortion technology or 
could indicate individual heterogeneity in manager costs or benefits of memory 
distortions.36

The conclusions from Figure 3 also hold up in regression analysis, which allows 
addressing some potential concerns related to the fact that performance in 2015:II is 
not randomly assigned. Column 1 of Table 2 presents results of a Probit regression 
where the dependent variable equals 1 if a manager has an inaccurate memory and 0 
otherwise; the results show that a 1 standard deviation increase in the second-quar-
ter performance is associated with a decrease of 0.12 in the probability of having 
inaccurate memory. Such a relationship could, however, be endogenous due to omit-
ted variables. For example, some manager trait, e.g., lower cognitive ability, might 
foster both worse performance and inaccurate memory.37 This suggests a benefit 
of controlling for manager ability.38 Column 2 of Table 2 shows that being inaccu-
rate is still significantly related to performance in 2015:II, controlling for manager 
ability by using performance in 2015:III as well as the mean performance across all 
 pre-2015:II quarters. Thus, it is not good performance in general that is associated 
with accurate memory of 2015:II, but rather something special about a good perfor-
mance in 2015:II. Controlling for some manager characteristics that could poten-
tially affect both performance and memory—gender, age, and experience—leaves 
the results unchanged.39 In terms of the direction of recall errors, columns 3 to 6 
show that having a worse second-quarter performance is mainly associated with a 

36 Regarding potential sources of randomness in the technology, there might be idiosyncratic shocks to the 
arrival of the types of information that can be used to construct positive memories, leading to variation in memory 
distortion across managers in a given quarter (and across quarters for a given manager).

37 This would be akin to the  Dunning-Kruger effect, in which low ability people make worse predictions about 
relative performance (see Kruger and Dunning 1999), but for memory rather than predictions.

38 A different explanation could be related to the convexity of the incentive scheme; managers who are typically 
in the worse quintiles of performance might perceive a relatively lower incentive to remember correctly, since the 
marginal benefit of effort is (locally) lower. This would also suggest controlling for manager ability.

39 Interestingly, managers with more experience have a lower probability of having inaccurate memory, but the 
relationship is arguably relatively weak, as it takes about 3.7 years (one standard deviation) of additional experience 
for the probability to drop by 0.09. The fraction of managers who have inaccurate memories is 0.83 for managers 
with two years or less experience, compared to 0.78 for managers with more than two years of experience.
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higher propensity to have errors in the overly positive direction; there is a weaker 
relationship of performance to the propensity to have unflattering errors.40 In col-
umns 7 to 8 the dependent variable is the difference between recalled and actual per-
formance, and the coefficient on an indicator for inaccurate memory shows that the 
average recall error is significantly different from zero in the direction of recalling 
better than actual performance.

Robustness checks, reported in online Appendix J, add controls for additional 
factors that might conceivably affect the probability of  misremembering, or the 
particular performance that is remembered. These include the degree to which 
second-quarter performance deviates from a manager’s typical (mean or median) 
 pre-second-quarter performance, in case this affects memorability, and the variance 
of manager past performance, in case managers with more variable performances 
are less likely to remember a given quarter’s performance. We also control for the 

40 The imprecision in the estimates means that the difference in coefficients across columns 4 and 6, for sec-
ond-quarter performance, is not statistically significant ( p < 0.36 ).

Table 2—Inaccurate Memory and Recall Errors as a Function of Actual Second-Quarter 
Performance

Inaccurate 
memory

Flattering 
memory

Unflattering  
memory

Recalled-actual 
performance

(1) (2) (3) (4) (5) (6) (7) (8)
Performance percentile in −0.12 −0.12 −0.07 −0.11 −0.06 −0.01
 2015:II (0.03) (0.04) (0.04) (0.05) (0.03) (0.04)
Inaccurate memory 38.64 39.09

(6.07) (7.30)
Performance percentile in 0.02 0.07 −0.06 0.04
 2015:III (0.04) (0.05) (0.04) (5.24)
Mean performance percentile −0.02 0.00 −0.03 −2.43
 pre-2015:II (0.03) (0.04) (0.03) (4.45)
Female 0.04 0.12 −0.09 11.64

(0.06) (0.08) (0.07) (11.00)
Age 0.02 0.01 0.01 −0.24

(0.03) (0.05) (0.04) (6.89)
Experience −0.08 −0.09 0.01 −5.10

(0.04) (0.05) (0.04) (7.27)
Constant 0.11 −5.33

(0.86) (6.09)

Observations 172 149 172 149 172 149 176 151
Estimation method Probit Probit Probit Probit Probit Probit OLS OLS
Adjusted   R   2  0.050 0.046
Pseudo   R   2  0.092 0.123 0.013 0.061 0.015 0.045

Notes: Columns 1 to 6 report marginal effects from probit regressions. Columns 7 to 8 report OLS estimates. The 
dependent variable for columns 1 and 2 is an indicator for a manager’s recalled performance for 2015:II being different 
from their actual performance by +/− 10 ranks (the elicitation gave an incentive to be accurate within this range). The 
dependent variables for columns 3 to 4, and 5 to 6, are indicators for remembering a better than actual performance in 
the second quarter by more than ten ranks, or worse than actual by more than ten ranks, respectively. The dependent 
variable for columns 7 to 8 is constructed by taking the difference between recalled rank and actual rank, and multi-
plying by −1, so that positive numbers indicate recalling a better than actual performance. Independent variables are 
standardized, so coefficients give the change in the dependent variable (level or probability) associated with a one stan-
dard deviation increase in the independent variable. Performance percentile independent variables are constructed as 
(recalled) rank expressed as a fraction of the worst rank in the corresponding quarter, and then reversed so that higher 
numbers reflect better performance. Robust standard errors are in parentheses.
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time elapsed between end of the second quarter and when memory was elicited, to 
see if shorter duration is associated with more accuracy, and for a proxy for being 
motivated by the incentives we offer for memory accuracy: willingness to work on 
an incentivized addition task. Other controls include proxies for traits of attentive-
ness and cognitive ability, based on incentivized questions testing knowledge and 
understanding of details of the firm’s incentive scheme.41 Further controls include 
 self-reported manager traits, and other summary statistics of past performance, such 
as maximum, median, and minimum career performances. Performance in the sec-
ond quarter remains the key explanatory variable for memory of the second quarter, 
while these additional factors are by and large not significantly related to manager 
memories.42

Finally, in additional analysis we verify more rigorously that the asymmet-
ric nature of recall errors about rank is not driven by floor effects, and we check 
whether biased memory is also present for other performance metrics besides rank. 
In online Appendix J we report results of estimating the specifications in column 7 
and 8 of Table 2 but excluding managers in the bottom quintile of second-quarter 
performance, and find similar results. This goes against an explanation based on 
floor effects (Table J3 in the online Appendix). In online Appendix K we analyze 
some additional memory measures included in the  lab-in-the-field study, which 
asked managers to remember some of the different  submetrics that determined a 
manager’s rank in 2015:II. We also find a systematic tendency toward overly posi-
tive memories for all of the  submetrics, pointing to the robustness of the tendency to 
have overly positive memories of past performance on a range of metrics.43 Taken 
together, our findings are consistent with a specific structure of recall errors pre-
dicted by a motivated beliefs explanation.

D. Testing for a Link between Biased Memory and Overconfident Predictions

We have seen that, in the aggregate, managers are both more confident about 
future rank than seems justified based on past histories, and also overly positive in 
their memories about past rank. Models of motivated beliefs predict, however, that 
these should be positively correlated at the individual level. This is what we inves-
tigate in this section.

Table 3 presents regressions that investigate the hypothesized link between biased 
memory and manager predictions. In column 1 the dependent variable is manager 
predictions about the most likely quintile in 2015:IV. The estimation method is 
interval regression, which models the conditional mean of manager predictions 

41 One set of questions asked managers if they knew the maximum and minimum values used by the firm to 
score relative performance on the four dimensions, and another question tested understanding of the implications 
of the multiplicative value of the scheme, namely that higher variance in performance across the four dimensions 
yields a lower bonus, holding constant average performance.

42 One exception is manager experience: managers who are quite experienced have a tendency to recall worse 
performances, leading to a modest decrease in the proportion with overly positive memories, and increases in both 
the proportion with accurate memories, and the proportion with overly negative memories. We discuss a possible 
interpretation of this pattern in the online Appendix.

43 Interestingly, the rate of memory accuracy is highest, and the asymmetry in errors is least pronounced, for 
area bonus, a performance metric that is more  group based; this is suggestive of another comparative static of some 
motivated beliefs models, in which the reason to distort memory comes from a desire to have positive beliefs about 
the self, as opposed to about outcomes in general (general optimism).
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while accounting for the fact that the dependent variable is measured in intervals 
(right and left censored).44 Independent variables are standardized. Column 1 shows 
a significant positive relationship between recalled performance from the second 
quarter and predictions about the fourth quarter, controlling for actual second-quar-
ter performance. Column 2 adds more controls for past performance, and manager 
traits. The coefficient on recalled performance remains significant, and implies that 
a one standard deviation increase in recalled second-quarter performance is asso-
ciated with predicting about 0.5 quintiles higher performance in the fourth quarter. 
The coefficient on actual second-quarter performance is half the size, and not statis-
tically significant, consistent with managers basing predictions mainly on remem-
bered rather than actual past performance.

44 We prefer interval regression over multinomial logit in this case as the goal is to model the conditional mean 
rather than produce predictions of modal quintiles. Results are similar, however, using multinomial logit: more 
 self-flattering memories of the second quarter are associated with a lower probability of predicting low quintiles.

Table 3—Manager Predictions and Overconfidence as a Function of Recalled Second-Quarter 
Performance

Manager prediction
Overconfident  

(rel. to multi. logit)
Overconfident  

(rel. to historical mode)
(1) (2) (3) (4) (5) (6)

Recalled performance 0.55 0.43
 quintile for 2015:II (0.17) (0.17)
Flattering memory about 0.20 0.20 0.18 0.15
 2015:II (0.10) (0.10) (0.08) (0.08)
Performance percentile in 0.41 0.21 −0.14 −0.14 −0.07 0.01
 2015:II (0.18) (0.17) (0.05) (0.06) (0.04) (0.05)
Performance percentile in 0.62 0.00 0.06
 2015:III (0.15) (0.06) (0.04)
Mean performance 0.06 −0.11 −0.19
 percentile pre-2015:II (0.10) (0.06) (0.03)
Female −0.15 −0.14 −0.04

(0.23) (0.11) (0.08)
Age −0.09 −0.00 −0.07

(0.12) (0.07) (0.05)
Experience 0.02 −0.06 −0.01

(0.14) (0.08) (0.05)
Constant 3.08 3.16

(0.11) (0.19)

Observations 170 148 75 75 128 120
Estimation method Int. reg. Int. reg. Probit Probit Probit Probit
Pseudo   R   2  0.101 0.157 0.115 0.152 0.044 0.187

Notes: Columns 1 and 2 report marginal effects from interval regressions, which correct for the interval nature of 
the dependent variable (right and left censoring for each interval); the dependent variable is the manager’s predic-
tion about fourth-quarter performance quintile. Columns 3 to 6 report marginal effects from probit regressions. The 
dependent variable for columns 3 and 4 is an indicator for whether a manager predicted a higher quintile than the 
quintile predicted by the baseline (eight lag) multinomial logit model. The dependent variable for columns 5 and 6 
is an indicator for whether a manager predicted a higher quintile than their historical modal quintile. Independent 
variables are standardized, so coefficients give the change in the dependent variable (level or probability) associated 
with a one standard deviation increase in the independent variable. Performance percentile independent variables 
are constructed as (recalled) rank expressed as a fraction of the worst rank in the corresponding quarter, and then 
reversed so that higher numbers reflect better performance. Robust standard errors are in parentheses.
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Columns 3 to 6 of Table 3 use two different indicators for overconfidence as the 
dependent variables, to check whether having overly positive memories is associated 
with overconfidence about the future. There is a significantly higher probability of 
being overconfident, according to both indicators, if a manager has a flattering (overly 
positive) memory of the second quarter. The coefficient on manager experience is 
small and not statistically significant, so the likelihood of overconfidence does not 
diminish with experience. In case tenure at the firm is endogenous to overconfidence, 
we checked robustness to excluding experience from the regression, but other coeffi-
cients are qualitatively unchanged (at the end of the paper we discuss empirical evi-
dence that suggests tenure is not in fact significantly affected by overconfidence).

Online Appendix L presents robustness checks on whether these results extend to 
using other types of indicators for overconfidence, to using indicators of underconfi-
dence, and using  nonbinary measures of manager prediction errors and recall errors. 
Across a wide range of different models, overconfident predictions are associated 
with overly positive memories.45

Other robustness checks, reported in Table L7 of the online Appendix, show that 
results are similar if we add additional controls. These include other moments of 
the distribution of past performance (median, mode, maximum, minimum), in case 
manager memories of the second quarter are correlated with these other summary 
statistics of past performance. The regressions also include days between eliciting 
manager predictions and the end of 2015:IV, as a possible determinant of prediction 
accuracy; an indicator for valuing the magnitude of incentives offered in our study, 
as proxied by willingness to solve incentivized addition problems; proxies for traits 
of attentiveness and cognitive ability, based on incentivized measures of knowledge 
and understanding of details of the firm’s incentive scheme, in case biased memory 
and overconfidence might be related due to an omitted variable of low cognitive 
ability; and controls for other manager traits. These controls are generally not sig-
nificantly related to managers’ overconfident predictions, and leave the key result 
unchanged, that overconfidence is significantly related to biased memory. Finally, 
Table L8 in the online Appendix shows robustness checks on whether the relation-
ship of overly positive memories to overconfidence remains similarly strong as man-
ager experience increases; in our various specifications, interaction terms between 
the indicator for  overly positive memories and manager experience are not statis-
tically significant, but the point estimates suggest that if anything the relationship 
is getting stronger with experience. In summary, our reduced form analysis finds 
support for a signature prediction of the motivated beliefs explanation for overconfi-
dence, that persistent overconfidence about the future goes  hand in hand with  overly 
positive memories of past feedback.

III. Structural Analysis

We complement the reduced form analysis with estimation of a structural model. 
This provides a way to discipline, and evaluate in quantitative terms, some explana-
tions for the data that are not fully addressed by the reduced form analysis.

45 Focusing on the 42 regression specifications that include the full set of controls, 41 have a coefficient for the 
measure of manager recall that is of the expected sign, and 30 are statistically significant.
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As a baseline we start with a simple model of Bayesian learning from public 
signals. This enables us to check whether our reduced form results on overconfi-
dence are robust to using an explicit Bayesian benchmark. It also allows us to refine 
some of our reduced form tests for confounds, e.g., whether overconfidence could 
be explained by private signals received before starting the job. The reduced form 
analysis tests the qualitative prediction that such overconfident priors should be cor-
rected with experience using, e.g., an arbitrary threshold of seemingly substantial 
experience, two years. Our estimated structural model can go further, generating 
quantitative predictions about how quickly Bayesians should learn in our setting, 
and whether two years is a long enough time horizon to correct overconfident priors.

We next extend the model in two ways. Each extension incorporates restrictions 
that can be easily stated within the Bayesian framework, but which are difficult to 
translate into a reduced form approach.

The first extension incorporates private signals to further discipline explanations 
based on learning from such signals. One reason this is useful is because there are 
signal structures that are not addressed by our reduced form approach of looking at 
how prediction errors relate to experience. For example, if a private signal about a 
transitory shock affecting store performance is received right before we elicit man-
ager predictions, this is not something that a manager could have learned with pre-
vious experience, but it could explain a deviation from our reduced form prediction 
model that uses only public signals. In the context of our structural model, which 
incorporates the priors managers should have based on past public signals, we can 
let the data tell us what structure of additional, private signals would bring the model 
as close as possible to manager predictions, including signals received at the time 
that we elicit manager predictions. We can assess whether this signal structure has 
plausible features, and whether this best fitting model can come close to the data 
in quantitative terms, rationalizing manager predictions within standard confidence 
intervals.

The second extension explicitly models a process of belief formation based on 
biased memory, along with sophistication and naïveté about such distortions, to see 
if this can help explain the data in quantitative terms. Our reduced form analysis on 
memory, by contrast, was qualitative, establishing support for a directional predic-
tion, that overly positive memory should be associated with overconfident predic-
tions, but not asking whether biased memory can explain the prevalence or size of 
overconfidence that we observe. Our structural model generates for each manager 
a prediction about the presence and extent of overconfidence, and we can assess 
how close the model comes, in quantitative terms, to matching the data on manager 
predictions. The rest of this section briefly discusses how we formulate the baseline 
Bayesian model and then turns to our two extensions.

A. Baseline Structural Model of Bayesian Prediction

The baseline model assumes that there is a finite number of periods  
 t = 1, 2, …, T  corresponding to quarters. Each manager  k  has a type   a k    that takes 
on a fixed value between 1 and 5 and is time invariant. Every period a public signal   
s k,t    is generated for each manager, taking on an integer value between 1 and 5. This 
is manager  k ’s quintile in the quarterly tournament in period  t . A manager’s signal 
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is a stochastic function of the manager’s type   a k   , i.e.,   s k,t    depends partly on type but 
partly on luck. Denote by   p t   (s | a)   the probability of a given signal  s , conditional 
on a particular type  a , in time period  t . All information about the probabilities of 
signals associated with different types can then be summarized in a five-by-five 
“ type-to-signal” matrix denoted   P t   . Each row of the matrix corresponds to a type, 
and moving across the columns the   p t   (s | a)  ’s give the probabilities of observing 
different signals for that type.

At any given time a manager will have a belief distribution  f  that captures the 
probabilities that the manager assigns to being each of the possible types, with  
  f k,t   (a)   denoting the belief that individual  k  is of type  a  in time period  t . Beliefs 
about types also give rise to beliefs about what signal will be generated at the end 
of period  t . Manager posterior beliefs about signal probabilities are denoted  g , with  
  g k,t   (s)  =  ∑ a        f k   (a)  p t   (s | a)  . For example, if a manager thinks there is a 50/50 chance 
of being type 5 or type 4, then   g k,t   (s)   is constructed by combining the probability 
distributions for rows 5 and 4 of  P  with equal weights.

The goal is to establish, in the context of the model, what individuals should 
have believed about their probabilities of observing different signals, captured by  
  g k,t   (s)  . Given   g k,t   (s)  , it is possible to specify on which signal an individual should 
have bet (given our assumption the manager bets on the modal signal). As research-
ers we do not, however, observe manager type   a k   ,  P ,   f k,t   , nor   g k,t   (s)  . Thus, these need 
to be estimated. For details see online Appendix M.1, which we briefly summarize 
here.

Estimation of the model is done in three steps. First we estimate a   P ˆ    using 
observable  signal-to-signal matrices denoted   Z t    (the average of these is the transi-
tion matrix   Z ˆ    discussed above in Section II). Second, we start with uniform priors 
about each manager’s type, and then use   P ˆ   , each manager’s history of tournament 
outcomes, and Bayes’ rule to calculate a posterior distribution across types for each 
manager. Third, we use the posterior distribution across types to construct the pos-
terior distribution of the probabilities of different signals, our estimate of   g k,t   (s)  , and 
identify each manager’s modal quintile signal for 2015:IV. Then, as discussed, we 
suppose that managers bet on the signal they believe is most likely to occur.

We find that 45 percent of managers are overconfident relative to the baseline 
Bayesian model, compared to only 26 percent underconfident, an asymmetry that is 
quite similar to our reduced form results, and the average error is overly optimistic 
by about 0.4 quintiles. The prevalence and size of overconfidence is very similar 
among managers with more than two years of experience (47 percent overconfi-
dent). The model parameters imply that managers should learn relatively quickly, 
and two years is a long enough time horizon to correct even relatively extreme over-
confidence in priors, supporting our reduced form approach of using a  two-year 
cutoff. We find similar results when we check robustness to altering various assump-
tions in the baseline model, such as allowing for various forms of  nonstationarity, 
or allowing for random choice errors (of plausible magnitude) in manager betting 
behavior. See online Appendices M.2 and N for details. Bootstrapping the model, 
we find that we can reject statistically that the model matches manager predictions. 
The Euclidian distance of manger predictions from the model, which is 210, lies 
far in the tail of the distribution of distances derived from bootstrapping the model. 
The difference in the observed fraction of managers who are overconfident versus 
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underconfident relative to the model also lies far in the tail of the distribution of dif-
ferences based on the bootstraps of the model (see online Appendices M.3 and M.4).

Model Augmented with Private Information.—We build on the Bayesian frame-
work to allow for managers receiving additional, private signals, and let the data tell us 
what form of signal structure gives the model the best fit, and whether the model can 
come close to rationalizing manager predictions (details are in online Appendix P).

Suppose that after observing all public signals and having a posterior belief 
vector over types, managers receive a private signal. Since for Bayesians, signals 
are exchangeable in order, we can suppose that the private signal occurred in the 
last period, i.e., 2015:III, without loss of generality. These signals can either be 
 interpreted as summarizing a sequence of signals drawn over time about an under-
lying type, or as a  one-time set of signals, received right before the manager makes 
the prediction, that give information about a shock (potentially transitory) that will 
affect the manager’s type starting in the next period. There are five potential pri-
vate signals, 1 to 5, and the probability distribution over these signals may vary 
by manager type.46 This private information can be summarized in a five-by-five 
 type-to-signal matrix, which we denote  Q , with the same interpretation as  P  in the 
baseline model, i.e., each row corresponds to a type, and the entries give the proba-
bilities of that type receiving the different possible signals. It is possible to estimate 
the elements of  Q  that minimize the distance of the model predictions from the 
observed manager predictions. Since realizations of private signals are not observed, 
and cannot be fed into the model to generate predictions, the model predictions are 
based on calculating the expectation across different possible private signals condi-
tional on type as well as the different possible manager types. The estimated  Q  thus 
minimizes the distance between what managers actually bet and what the model 
predicts managers should bet on average (across many draws from the private signal 
distribution).47

The estimated  best-fitting  Q  is shown in online Appendix Table P1. While this  
Q  gives the best fit, this does not necessarily mean that model predictions come 
close to matching manager predictions. As explained intuitively in Section  II, 
this is because the public signals already give information about managers’ 
 nonuniform priors, which places limitations on the ability of additional private 
signals to change a lot of managers’ beliefs toward predicting higher quintiles. 
Indeed, we see that the model falls well short of generating the deviations from 
baseline model predictions that we see for managers. In fact, private information 
provides only a slight improvement over the baseline Bayesian model: 43 percent 

46 The proof of Theorem 4 of Benoît and Dubra (2011) shows that, when considering quintiles, considering 
at most five signals is sufficient to achieve the maximal distortion of beliefs toward overconfidence with private 
information.

47 An advantage of a structural approach to addressing the issue of private signals is that it is straightforward 
to embed the relevant object—our matrix Q, as well as its restrictions (i.e., that the rows of Q must sum to one, or 
in other words the average posterior equals the prior)—into the estimation procedure. We then find the best fitting 
Q via a simulated methods of moments. In a reduced form model, by contrast, we would need to simulate both the 
unobserved signals generated by private information as well as the regression coefficient assigned to the impact of 
private information. Moreover, there is no simple way to imbed the restriction that the average posterior must equal 
the prior. Imbedding this restriction essentially amounts to moving to a structural approach, but without the explicit 
transparency provided by the structural model and Q.
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of observed bets are overconfident, and 25 percent underconfident, relative to the 
predictions of the model with private information (recall this was 45 percent and 26 
percent for the baseline model without private information).48

To assess statistical significance of the difference between the predictions of the 
model with private signals and manager predictions we simulate the model 100 
times (see online Appendix P for details). For each simulation we calculate the 
Euclidean distance of the simulated bets from the average betting behavior. This 
yields a distribution of 100 distances. It turns out that the distance of manager pre-
dictions from the average betting behavior, which is 200, lies far in the tail of the 
simulated distances and we can reject that the manager predictions lie within the 
bounds of the randomness in the model at the  1 percent level. Also, the observed 
difference in the fraction of overconfident versus underconfident predictions lies far 
in the tail of the distribution of simulated differences, and we reject that the model 
can explain the observed asymmetry at the  1 percent level.

B. Model Augmented with Biased Memory

In this section we augment the structural model to take into account the data 
on biased memory. This may be expected to help the model better match the data 
on manager predictions, for two reasons. First, if managers form predictions based 
on  overly positive memories of past signals, this could help generate predictions 
that are more confident than the baseline structural model. Second, incorporating 
 individual-level variation in memory distortion may help explain heterogeneity 
in manager overconfidence.49 Our model incorporates individual heterogeneity in 
memory distortion in several ways, which are disciplined by the memory data and 
suggested by theory. In estimating the model we do not distinguish between differ-
ent possible motivations for distorting memory, but merely seek to establish whether 
incorporating memory distortions can help better match observed manager predic-
tions. More details on our approach are provided in online Appendix Q.

Our first source of heterogeneity is in terms of whether managers are motivated 
to misremember the past signals they have received. Some managers can be “unmo-
tivated” and simply remember their past signals accurately. However, we also allow 
for the possibility that some managers are “motivated” to distort memories. We incor-
porate a technology for memory distortion by adding a “memory matrix,” denoted  
 M , to the baseline model. Each row corresponds to having received one of the public 
signals 1 to 5. Each column gives probabilities that the manager remembers signals 
1 to 5 (i.e., quintile ranking). The data on manager recall provide a way to calibrate  
M . For any given quintile of actual performance, the matrix uses the empirical fre-
quencies of remembering different ranks that fall in quintiles 1 to 5 (we report  M  in 
online Appendix Q). The observed frequencies have several notable features. Memory 
distortions will most frequently occur in the  overly positive direction; memories will 

48 For each manager the model generates a probability distribution over bets on the different quintiles of the 
performance distribution. To provide these summary statistics on the fractions overconfident, accurate, and under-
confident, we use modal bet predicted by the model for each manager, and compare to the manager’s observed bet.

49 Indeed, we have seen that having overly positive memories is predictive of overconfidence relative to reduced 
form predictors (results are also similar measuring overconfidence relative to the baseline structural model, see 
Table Q1).
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be correlated with actual signals; there will be variation in the extent of memory dis-
tortion conditional on a given signal. This latter feature introduces a second source of 
heterogeneity,  within managers over time, which can be thought of as reflecting an 
inherent randomness in the memory technology.50 Managers are assumed to update 
beliefs each time they receive a new signal but using the remembered signal rather 
than the actual signal (the remembered signal could be the same as the actual signal).

In formulating the model it is necessary to make assumptions about  self-awareness, 
as discussed in Bénabou and Tirole (2002) (which they refer to as metacognition). 
One possibility is sophistication, in which case individuals do not have access to 
the actual past signal, but take into account the motives of past selves, and  M , when 
updating beliefs. Even with full sophistication, the individual can still make over-
confident predictions.51 At the other extreme, one could assume motivated managers 
are completely naïve, treating remembered signals as the actual signals, also leading 
to overconfidence. Perhaps more realistically, there could be heterogeneity in the 
degree of  self-awareness among motivated managers. We also allow for this third 
type of heterogeneity in the model and empirically estimate it, assuming specifically 
that managers are either fully sophisticated or fully naive, and then estimating how 
many managers are best matched by either assumption.52

Since little is known about the prevalence of motivated versus unmotivated indi-
viduals, or about different levels of  self-awareness about memory distortion, we 
let the data inform us about the most appropriate assumption for each manager—
sophisticated, naïve, or “unmotivated” (always remember signals accurately). To 
do this we run 100 simulations for each manager, under each of the three different 
assumptions. Taking the average betting behavior for each assumption, we assign 
the manager to the type that has the smallest difference between the average betting 
behavior and the manager’s actual bet. We arrive at 40 percent naïfs, 31 percent 
sophisticates and 29 percent unmotivated.53

Our next step is to assess the ability of the model to generate overconfidence, 
and to fit the data on actual manager predictions. We do 100 simulations of the 
model with each individual fixed to their assigned type (no memory distortion, 

50 For more on this randomness, see discussion in footnotes for Section IIC.
51 In the case where  M  is fixed across individuals and over time and somewhat informative, as in our approach, 

Compte and Postlewaite (2004) note that given sufficient signals sophisticates should learn their true type. However, 
when  M  can be prior or history dependent (see, e.g., Gottlieb 2010, 2014), beliefs may not converge to the truth, as  
M  may become uninformative. We do not have enough data to estimate different  M  for different histories of signals, 
so our model does not capture this latter possibility.

52 An advantage of a structural model is that it is immediately obvious how a sophisticate should update in 
response to a signal (since they are a Bayesian, other than the fact they happen to misremember past signals). In 
contrast, in a reduced form model, it is less clear how to treat the distribution over actual signals generated by a 
remembered signal. For example, the natural approach would be to run the regression for each possible path of 
actual signals implied by the remembered signals, and then take the weighted average. But this implies that an 
individual who thinks with 50 percent chance they had a signal of 2, and with 50 percent chance they had a signal of 
4, would be treated similarly to an individual who thinks they had a 100 percent chance of a signal of 3. However, 
it seems natural that an individual would infer very differently in these two circumstances. If signals are highly 
informative, in the first case they could have a bimodal distribution with most weight on 2 and 4, while in the latter 
case, they could have a unimodal distribution with most weight on 3.

53 One caveat is that turnover in the manager population could cause these sample estimates to be biased rela-
tive to the fractions present in the worker population as a whole. Suppose that managers who are sophisticated, or 
who are unmotivated to distort memory, are more likely to leave the firm over time, because those with low ability 
recognize this and leave the firm. In this case the sample that we use, which requires managers to be present long 
enough to have an estimated type, is missing some of the sophisticates and unmotivated managers who are present 
in the population as a whole.
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naïve or sophisticated). This yields a bet for each manager for each simulation. Taking 
the average across the 100 simulations gives expected betting behavior for each man-
ager. We find that the model generates average betting behavior that is substantially 
overconfident relative to the baseline structural model: 33 percent of managers are 
overconfident and 17 percent are underconfident. Recall that manager predictions 
entail that 44 percent overconfident and 25 percent underconfident relative to the 
baseline model.54 Thus, the model with biased memory generates a similar differ-
ence of overconfident versus underconfident managers as the data on manager predic-
tions, although the prevalence of both biases is still somewhat smaller than in reality. 
Moreover, comparing managers’ observed bets to the predictions of our memory 
model, we see that deviations are largely symmetric: 24 percent of individuals are 
overconfident and 23 percent are underconfident relative to the memory model.

To assess whether the model’s predictions are significantly different from 
manager predictions, we use the fact that the 100 simulations yield a distribution 
of 100 Euclidean distances from average betting behavior. The Euclidean dis-
tance of manager predictions from average betting behavior (conditional on our 
 memory-augmented model being true) is 135, which lies at the ninetieth percentile 
of the simulated distances. The difference in the fractions of overconfident versus 
underconfident managers lies at the eighty-seventh percentile of the simulated dis-
tribution of differences. Thus, unlike for previous versions of our structural model, 
we cannot reject that this version matches manager predictions at conventional sig-
nificance levels. Furthermore, the distance between manager predictions and the 
model, at 135, is substantially smaller than for other models, e.g., the distances for 
the baseline model and the model with private information are both at least 200. One 
concern is that the model comes closer to the data because the various sources of 
heterogeneity give extra degrees of freedom, but even with zero heterogeneity and 
assuming the type that gives the worst fit, e.g., assuming all motivated sophisticates, 
the distances between the model and manager predictions are still smaller than for 
other versions of the structural model (online Appendix Q). The model is clearly 
still far from perfect in terms of capturing all nuances, but we conclude that incorpo-
rating biased memory is a move in the right direction in terms of helping to explain 
the observed overconfidence in quantitative terms.

IV. Discussion and Implications

The findings in this paper are consistent with managers being overconfident about 
their future relative performance in the workplace, despite substantial feedback. The 
evidence of  overly positive memories of past feedback and a link between these and 
overconfident predictions point to an explanation based on motivated beliefs. This is 
not to say that motivated beliefs are the entire explanation for the observed overcon-
fidence; there could be other factors at work as well, both rational and psychological.

Evidence of motivated beliefs and biased memory in the field has important 
implications for economic theory. It implies that overconfidence can be a persistent 

54 For each manager the model generates a probability distribution over bets on the different quintiles of the 
performance distribution. To provide theses summary statistics on the fractions overconfident, accurate, and under-
confident, we use modal bet predicted by the model for each manager, and compare to the manager’s observed bet.
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phenomenon in field settings with feedback, in contrast to standard models of belief 
formation. It also changes the ways that individuals respond to feedback, relative 
to standard theories of information provision and optimal feedback, and it implies 
that variables that should not matter for behavior in standard models may influence 
decisions. For example, presenting feedback in ways that are less “ ego threatening” 
might matter for belief updating. There are also implications for theories of optimal 
incentive design if agents are persistently overconfident.

A motivated beliefs explanation for overconfidence also has different implica-
tions for welfare and policy, compared to if overconfidence is a cognitive mistake. In 
particular, it becomes less obvious that one should implement policies to minimize 
overconfidence. For individuals, welfare losses that arise because of making choices 
based on biased beliefs could be offset by an intrinsic utility benefit of positive 
beliefs, or by benefits in terms of counteracting other biases. From the perspective 
of a principal, biased beliefs might lead managers to make mistakes on the job, but 
there could also potentially be offsetting benefits, e.g., if greater confidence counter-
acts  self-control problems.55 On the extensive margin, overconfidence might make 
managers overestimate the value of employment relative to the outside option, with 
the benefit to the principal of relaxing the participation constraint.

Although opening the black box of managerial performance is not the focus of 
this paper, our data can shed some light on whether and how manager beliefs feed 
into the ways that managers perform and make decisions. One caveat is that the 
sample of managers is relatively small, to study determinants of managerial per-
formance, and there are limited outcomes on decision-making that we can study. 
Another caveat is actually a methodological implication of our evidence that beliefs 
are motivated. Once overconfidence is motivated it is endogenous, which may com-
plicate efforts to understand the impact of overconfidence on outcomes such as 
performance. For example, suppose that some individuals have  self-control prob-
lems in the form of  present-biased preferences. Those with  self-control problems 
may anticipate poor performance in the future, and thus implement overconfident 
beliefs. If the overconfidence does not completely counteract  self-control problems, 
there could actually be a negative correlation between greater confidence and per-
formance, but this would conceal a positive effect, because the counterfactual would 
have been even worse performance. This methodological implication is potentially 
important for interpreting past and future empirical research on overconfidence.

With these caveats in mind, we regressed different aspects of future manager 
performance (from 2016:I and 2016:II) on manager predictions about 2015:IV, as 
well as various binary indicators for overconfidence. It turns out that managers 
who are overconfident about 2015:VI do not do any worse, or better, in terms 
of overall future performance compared to other managers.56 Digging deeper 
into the underlying dimensions of performance, however, there are differences. 

55 See, e.g., Hvide (2002); Bénabou and Tirole (2003); Fang and Moscarini (2005); Gervais and Goldstein 
(2007);  Santos-Pinto (2008, 2010); de la Rosa (2011); and Foschi and  Santos-Pinto (2017) for discussions of 
implications of biased beliefs for contract form, performance, and welfare.

56 One confound is if overconfident managers are assigned to systematically different types of stores, which 
have characteristics that matter for future performance. For this reason the analysis controls for store characteristics. 
We also explore whether our various indicators for manager overconfidence, and measures of other manager traits, 
are significantly correlated with store characteristics, but find little evidence of a systematic relationship.
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Overconfident managers have higher profits, but they also have worse customer 
service scores (these results are generally statistically significant but not in all spec-
ifications; online Appendix R provides details). The findings are intriguing, as they 
suggest the possibility that overconfidence might be associated with strengths and 
weaknesses on different aspects of the job. Overconfidence might also be related 
to a manager’s tendency to stay at the firm, if it causes managers to value the job 
more relative to outside options. Using different indicators for overconfidence, point 
estimates suggest lower hazard rates of leaving the firm for overconfident managers, 
but these differences are relatively small and not statistically significant (see online 
Appendix Figure S1). One explanation for the weak relationship could be that the 
managers’  overconfidence is not entirely  job specific, and inflates estimates of their 
outside options as well.

To explore how manager beliefs are related to managerial  decision-making, we 
related some indicators of management style to our measures of manager overcon-
fidence. One finding is that overconfident managers tended to hire fewer assistant 
managers than recommended by  store-specific guidelines provided by the firm 
(results are less precisely estimated for some of the binary indicators; details are in 
online Appendix T). This suggests a type of overconfidence in terms of being able 
to manage the store without additional help. It could also potentially contribute to 
higher profits, because hiring fewer assistant managers reduces the wage bill, but 
it could seemingly also have downsides, e.g., possibly harming customer service. 
Managers with overconfident predictions also exhibited a type of overconfidence in 
management style in a measure collected in the lab-in-the-field study. Specifically, 
overconfident managers were more likely to be willing to pay a cost, to be able to 
choose for a worker which of two brain teaser problems to try to solve, rather than 
allowing the worker to choose which one to solve (empirically, the two questions 
were equally difficult). Manager payoffs depended on the worker getting the answer 
correct; for more details see online Appendix T. This suggests that overconfident 
managers may think that they are better able to assess task difficulty for a worker 
than the worker himself, even in situations where this is unlikely to be the case. 
Although correlational and exploratory, these findings provide a starting point for 
future research on how overconfidence shapes managerial style.

A final point is that our analysis, like much of the literature, focuses on overcon-
fidence. There is a smaller literature, however, that discusses underconfidence (e.g., 
the original Kruger and Dunning 1999 analysis finds that very competent individu-
als are underconfident). Our results demonstrate that while overconfidence is more 
prevalent in our field setting, some individuals exhibit underconfidence. This hetero-
geneity, and the reasons for it, are an interesting area for future research.
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Heidhues, Paul, Botond Kőszegi, and Philipp Strack. 2018. “Unrealistic Expectations and Misguided 
Learning.” Econometrica 86 (4): 1159–1214.

Hestermann, Nina, and Yves Le Yaouanq. 2021. “Experimenting with Self-Serving Attribution Biases.” 
American Economic Journal: Microeconomics 13 (3):198–237.

Hoffman, Mitchell. 2016. “How Is Information Valued? Evidence from Framed Field Experiments.” 
Economic Journal 126 (595): 1884–1911.

Hoffman, Mitchell, and Stephen V. Burks. 2020. “Worker Overconfidence: Field Evidence and Impli-
cations for Employee Turnover and Firm Profits.” Quantitative Economics 11 (1): 315–48.

Huffman, David, Collin Raymond, and Julia Shvets. 2022. “Replication Data for: Persistent Over-
confidence and Biased Memory: Evidence from Managers.” American Economic Association 
[publisher], Inter-university Consortium for Political and Social Research [distributor]. https://doi.
org/10.3886/E166801V1.

Hvide, Hans K. 2002. “Pragmatic Beliefs and Overconfidence.” Journal of Economic Behavior and 
Organization 48 (1): 15–28.
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