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The Trouble with Overconfidence

Abstract:

This paper presents a reconciliation of the three distinct ways in which daealesiterature has
defined overconfidence: (1) overestimation of one’s actual performance, (Blameznent of
one’s performance relative to others, and (3) excessive precision in one’s. bEkgkrimental
evidence shows that reversals of the first two (apparent underconfidence) hesnecdur, tend
to be on different types of tasks. On difficult tasks, people overestimatedtl a
performances but also believe that they are worse than others; on easy tasks, peopl
underestimate their actual performances but believe they are bettettibesr This paper offers
a straightforward theory that can explain these inconsistencies. Ovagoregpears to be
more persistent than either of the other two types of overconfidence, but itsceresguces the

magnitude of both overestimation and overplacement.

Key words: overconfidence, underconfidence, overestimation, overplacement, ogeypreci
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The Trouble with Overconfidence

Researchers have offered overconfidence as an explanation for persigteatds of
entrepreneurial entry, despite the frequency of entrepreneurial falanegfer & Lovallo,
1999). Malmendier and Tate (2005) used overconfidence to explain the high rates of corporate
merger and acquisition, despite the fact that they so often fail. Howard (1983) and Johnson
(2004) implicated overconfidence in the causes of war. Odean (1998) argued that
overconfidence could explain the excessively high rate of trading in the stock ,rdadgate the
costs of trading (Odean, 1999). Neale and Bazerman (1985) blamed overconfidecaesas a
for both labor strikes and litigation. In the words of one popular text on judgment, which
suggests that overconfidence contributed to the nuclear accident at Chernobyhand to t
explosion of the Space Shuttle Challenger, “No problem in judgment and decision making is
more prevalent and more potentially catastrophic than overconfidence” (Plous, 1993, p. 217).
Because of its generality and importance, overconfidence researsbdrabroadly influential
outside of psychology (Daniel, Hirshleifer, & Subrahmanyam, 1998; Garcia, San&iorg
Urosevic, 2007; Hoelzl & Rustichini, 2005; Santos-Pinto & Sobel, 2005; Statman, Thorley, &
Vorkink, 2006). However, overconfidence has been studied in inconsistent ways. In this paper
we examine the three different ways that overconfidence has been studiete@upd tat
reconcile the contradictory results from those studies.

How has Overconfidence Been Studied?

A search of the Psycinfo database using the word “overconfidence” $&ddsits, 72%
of which are empirical papers. This literature has defined overconfidenceendiktinct ways.
The first definition of overconfidence is the overestimation of one’s actudyaperformance,

level of control, or chance of success. In order to distinguish it from the otherdbrms
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overconfidence, we will call this overestimation. Roughly 64% of empiricalrpape
overconfidence examine overestimation. Some findings from this literatluderite

following: students overestimate their performance on exams (Clayson, 20053jats/si
overestimate the accuracy of their diagnoses (Christensen-Szalanskhgt®ad, 1981), people
overestimate how much control they have (Presson & Benassi, 1996), and peopleateres
the speed with which they can get work done (Buehler, Griffin, & Ross, 1994).

The second variety of overconfidence occurs when people believe themselvestterbe be
than others, such as when a majority of people rate themselves better than éme fRedghly
5% of empirical overconfidence papers (12 of them) examine this phenomenon. Following
Larrick, Burson, and Soll (2007), we will call this overplacement. Sample findiowysthis
literature include the following. In one study, 37% of one firm’s professiomghears placed
themselves among the top 5% of performers at the firm (Zenger, 1992). In a sungy of hi
school seniors, 25% rated themselves in the top 1% in their ability to get along with other
(College Board, 1976-1977). But perhaps the most frequently cited result fronetiaitite is
that 93% of a sample of American drivers and 69% of a sample of Swedish dipeteddehat
they were more skillful than the median driver in their own country (Svenson, 19&die that
research on overplacement does not always use the term overconfidence—a s&atbh us
more specific term “better-than-average” produces another 146 artalesr@view of this
literature, see Alicke & Govorun, 2005).

The third way overconfidence has been measured is excessive certairdingeties
accuracy of one’s beliefs, or what we will call overprecision. Roughly 31&mpfrical

overconfidence papers examine overprecision. Researchers examiningasenptypically

Y While it is possible for the majority to be eittasove or below average (in skewed distributioins, statistically
impossible for the majority to be above (or beltkd median.
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ask their participants questions with numerical answers (e.g., “How loing Mile River?”) and
then have participants estimate 90% confidence intervals around their answari$s stew
that these confidence intervals are too narrow, suggesting that people aueettey knew the
correct answer; 90% confidence intervals contain the correct answerde<O#b of the time
(Alpert & Raiffa, 1969/1982; Klayman, Soll, Gonzalez-Vallejo, & Barlas, 1994;&
Klayman, 2004).

Researchers routinely assume, either explicitly or implicitly, tretifferent types of
overconfidence are the same (e.g., Alba & Hutchinson, 2000; Barber & Odean, 2G8Y; Bel
Gilovich, 2000; Daniel et al., 1998; Dunning, 2005; Juslin, Winman, & Olsson, 2000; Kirchler &
Maciejovsky, 2002; Malmendier & Tate, 2005; Moore, Kurtzberg, Fox, & Bazerman, 1999;
Odean, 1998; Plous, 1993; Stone, 1994; Stotz & von Nitzsch, 2005). For instance,
overestimation and overplacement have frequently been treated as interbleangea
manifestations of self-enhancement. However, Kwan and colleagues (2004) havetiddatbns
the importance of distinguishing overestimation and overplacement from each other, and how
this sort of clarification can resolve longstanding arguments regargiqhnomenon in
guestion that arise from inconsistent research findings. In this paper wéetsleithe three
varieties of overconfidence we have identified are merely differingatpaalizations of the
same underlying construct. If not, how are they related to each other?

To answer these questions, we first review the literature on overconfidenckatity i
empirical inconsistencies and methodological problems. Many of these inenoss and
problems result from treating all three varieties of overconfidendelsesyiwere the same.

Second, we present a new theory that can help us reconcile these inconsistémclesie T
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present an illustrative experiment that measures all three varietgsrebnfidence

concurrently and allows us to test some of the key predictions of our new theory.

The Trouble with Overconfidence

There are three notable problems with research on overconfidence.

Problem 1: The confounding of overestimation and overprecision

The first problem with overconfidence research is that the most popularctesear
paradigms confound overestimation and overprecision, making it impossible to distihguish t
relative influence of each. These research paradigms measure peoplesrendf their
correctness at the item level. Of the papers on overestimation, roughly 74% afséa¢his
item-confidence paradigm.

Participants in these studies are asked to report their confidence (tisegdhpbability)
that they got a specific problem right. For example, Fischhoff, Slovic, ahtebstein (1977)
asked their participants general-knowledge questions such as: “absindhe ligijaur or (b) a
precious stone.” Participants were then asked to estimate the probabilityp(frien100%) that
they had answered the question correctly. Their confidence systemadicadiyded their
accuracy. For instance, when participants estimated at least a 99% tienbad gotten a
qguestion correct, they were actually correct only 87% of the time, on averaties paradigm,
overestimation and overprecision are one and the same, since being excessdvebu got the
item right reflects both overestimation of your performance and excessifidence in the
precision of your knowledge. In order to distinguish overprecision from overconfidence,
respondents must be able to express excessive certainty in an underestineatgefformance.

In the two-option probabilistic paradigm, however, this wouldn't make any sense. To be
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excessively sure you incorrectly guessed that absinthe is a precious gibes you are
excessively sure that you know that absinthe is, in fact, a liqueur (Liberman, 2004).

One solution to this problem is measuring perceptions of performance over ae@isof it
It is easy to see how measuring beliefs about performance over a set of itaeducz the
confound between overprecision and overestimation. It is possible, for instance, for smmeone t
underestimate how well he has done, yet be excessively confident that hishosteest
correct. Estimating performance over a set of items usually entailagrekiequentistic
judgment (such as the number of items correct), whereas estimation ofnaeréerat the item
level is more often elicited as a probabilistic judgment. There is a vigorous debate
frequentistic vs. probabilistic judgment. A number of researchers have found that
overconfidence is reduced or eliminated when people are given frequentistiejudgsks,
such as estimating performance across a set of items (Gigerenzer, Xf98n@ar & Hoffrage,
1995; Gigerenzer, Hoffrage, & Kleinbdlting, 1991; Juslin, Olsson, & Bjérkman, 1997; 8nieze
& Buckley, 1991). While other researchers argue that frequentistic judgarerist
necessarily more accurate than probabilistic judgments (Griffin & Byel68), there is
consensus that frequency judgments across a set of items are less pronetdiderce than
are judgments of correctness at the item-level.

Some have suggested that the difference between frequentistic and pribabilis
judgments may be due to the human mind being better adapted to reason frequentisticall
(Cosmides & Tooby, 1996; Gigerenzer & Hoffrage, 1995). While that may be so, another
possibility is simply that overconfidence in item-confidence judgmentgriswaible to

overprecision. Item-level (probabilistic) confidence judgments will beediapward by both
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overestimation and overprecision, whereas set-level (frequentistic) gndgnvill not
necessarily be biased upward by overprecision.

The fact that most of the evidence for the existence of overconfidence confounds
overestimation and overprecision raises important questions about which efésgtassible for
the pervasiveness of apparent overconfidence in the results. It is possiblehtlaiuises share
equally in the observed results, but it may be that one alone is primarily resporiiolr data
from item-confidence judgments cannot answer this question. We must ask & ddiiegent

paradigm.

Problem 2: Underconfidence

The second problem with overconfidence is that the literature documents notable
instances of underestimation and underplacement. Underprecision is less common. ifée cons
the evidence on each type of underconfidence in turn.
Underestimation

Underestimation of performance is most likely to occur on easy tasks, on easy ite
when success is likely, or when the individual making the estimate is espskibdid (Fu,
Koutstaal, Fu, Poon, & Cleare, 2005; Griffin & Tversky, 1992; Kirchler & Maciejoy2R92;
Koriat, Sheffer, & Ma'ayan, 2002; Lichtenstein & Fischhoff, 1977; Lichtenste&ohRkoff, &
Phillips, 1982; Sniezek, 1990; Stankov & Crawford, 1997). It is those individuals with the best
performances on any given task who are most likely to underestimate theirgarformances
(Klayman et al., 1999; Krueger & Mueller, 2002; Kruger & Dunning, 1999; Larrick e2007).

Erev, Wallsten, and Budescu (1994) offered what has been called a Thurstonian
explanation for the fact that overestimation occurs on hard tasks but underestimatrsrfac

easy tasks. Their theory, following in the tradition of Thurstone (1927), takes iotanatice
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fact that any judgment is likely to include some error component. When people havecmper
knowledge of their own performances, the error in their estimates will theke estimates
regressive (Burson, Larrick, & Klayman, 2006; Krueger & Mueller, 2002)., #fisr all, easier
to underestimate than overestimate your score on a test when you gdtiegerght. As a
result, people underestimate their performance when it is high.

Underestimation has also been documented in other domains other than beliefs about
one’s own prior performance, including the illusion of control, the planning fallacy, and
optimism about future events.

The illusion of control Research on the illusion of control has generally shown that,
when people have no control over some event, they frequently act as if they have some sort of
control (for reviews see Presson & Benassi, 1996; Thompson, Armstrong, & Thomas, 1998).
While these results make it appear that people overestimate their contrekghich paradigms
have generally focused on situations in which people have very little control.sJust a
overestimation of performance is most likely to occur when performance is lorgsoretion
of control is most likely to occur when control is low. It is, after all, diffitcoltinderestimate
one’s control if one has none. Studies find that people actually tend to underestimate the
control when it is high (Alloy & Abramson, 1979; Jenkins & Ward, 1965).

The planning fallacy The planning fallacy documents the tendency for people to
underestimate how long it takes to get things done, or overestimate their own pigducti
(Buehler et al., 1994). ltis, of course, easiest to underestimate how lorigakeito get
something done when the task will be time-consuming. When the task doesn’t take long to

complete (i.e., it's easy), people are more likely to overestimate coampteties—thereby
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underestimating their future performance (Boltz, Kupperman, & Dunne, 1998; B{(etrf,
1994).

Pessimism about the futur&hile people prefer to imagine bright futures for themselves
(Markus & Nurius, 1986), there is clear evidence showing pessimism about futote ewveder
some circumstances. For instance, shortly after Septenibe2aa1, a sample of Americans
estimated they had a 20% chance of being injured in a terrorist attack in the geariigerner,
Gonzalez, Small, & Fischhoff, 2003). This is almost certainly a radical overatst because
there were no terrorist attacks that resulted in injuries in the domestid Gtitees in the year
2002. In another study, smokers estimated their risk of dying of lung cancer aBa%guthen
in fact the actual base rate among smokers is below 10% (Viscusi, 1990). Wametedsieir
chances of falling ill with breast cancer by as much as eight timesttted ask (Woloshin,
Schwartz, Black, & Welch, 1999). Chinese people overestimated their actualbafaibng
ill with Severe Acute Respiratory Syndrome (SARS) during the diseaséeakitin China (Ji,
Zhang, Usborne, & Guan, 2004). People overestimate their risk of dying in the geaing
(Fischhoff, Bruine de Bruin, Parker, Milstein, & Halpern-Felsher, 2006). It idleothaat all
these overestimates of risk occur in domains where the outcome has a low probabitfy
these are also “easy” tasks, in the sense that the positive outecmtiesiig the victim of a
terrorist attack onot contracting cancer) is by far the most likely outcome. Again, when succes

is likely, people tend to underestimate it.

Underplacement
It is also common to find situations in which people underplace their performances
relative to others. On hard tasks, such as juggling or unicycle riding, people sorgteel

themselves, on average, below average (Kruger, 1999). But difficulty camisésr@n other
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sorts of challenges; people believe they would not be able to handle the death of a loged one a
well as others would (Blanton, Axsom, McClive, & Price, 2001).

Difficult competitions In difficult competitions, the contestants become generally
pessimistic about winning. In one study, the average participant reportadspisthance that
they would beat a fellow college student in a quiz on the topic of indigenous vegetation of the
Amazon (Windschitl, Kruger, & Simms, 2003).

Shared burdensWhen a task becomes more difficult—even if everyone shares the same
burden—contestants become more pessimistic about beating the other side. Whetorsegotia
are given a deadline, both the buyer and the seller believe that the time pré$sune thhem
and help the other side in the negotiation (Moore, 2004a, 2004b, 2005).

Comparative pessimismlhe most frequently cited evidence of comparative optimism
are Weinstein’s (1980) findings—the belief that one is more likely to exper@sitive events
than are others, and that one is less likely to experience negative events tharrsare othe
However, it just so happened that Weinstein asked his participants about positive comm®n eve
(such as owning your own house) and rare negative events (such as attemptia) siitien
event commonness and valence are unconfounded, results reveal that while both influence
judgments of comparative likelihood, the effect of event commonness is roughlyniesrthie
size of valence (Kruger & Burrus, 2004). That is, people believe that common @xeamts
undesirable ones) are more likely to happen to them than to others and they believe that rar
events (even desirable ones) are less likely to happen to them than to othe@h&@mBers,

Windschitl, & Suls, 2003).



Trouble with Overconfidence 12

Underprecision

Results showing underprecision are rarer than results showing underestionati
underplacement. Since Alpert and Raiffa’s (1969/1982) original demonstration, numerous
studies have examined the tendency for people’s judgments to reflect excesfitlence that
their beliefs are true and accurate. The most common paradigm used inrdtigéites to have
people specify confidence intervals around their estimates to indicate treqoref their
beliefs. Research typically finds that 90% confidence intervals contairuthartswer
somewhere between 30% and 50% of the time (Teigen & Jorgensen, 2005). Soll and Klayman
(2004) note that the standard paradigm tends to overstate the true size of the siermkect,
but that they find that overprecision is nevertheless robust. Some research has tound tha
overprecision is sensitive to exactly how the question is asked of participahtspmié
methods producing less overprecision than others (Budescu & Du, in press; Juslin, Wanmnerhol
& Olsson, 1999; Winman, Hansson, & Juslin, 2004), and overprecision tends to be stronger for

unfamiliar tasks (Block & Harper, 1991).

Problem 3: Inconsistency between overestimation and overplacement

The third problem with overconfidence is one that should be apparent after the preceding
discussion—its inconsistency. Easy tasks, which produce the most underestimation, als
produce the most overplacement. Hard tasks, which produce the most overestimation, also
produce the most underplacement (Moore & Small, in press-a). Research that finds
overestimation has tended to focus on difficult domains, such as challenging trstiangie
(Campbell, Goodie, & Foster, 2004; Fischhoff et al., 1977; Hoffrage, 2004). Research
presenting the most impressive findings of overplacement has tended to focugrodozagins,

such as driving a car or getting along with others (College Board, 1976-1977; Svenson, 1981).
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These inconsistencies have produced some serious disputes. For instance(1d80usi
asked smokers to estimate their chances of contracting lung cancer andhduheyt
overestimated this small risk. On the other hand, when Weinstein (1998) asked smokess whet
they were more or less likely than other smokers to get lung cancer, theyndlieliwere less
likely than others to fall ill. Slovic (2000) and Viscusi (2000) have argued bitterlyeon t
qguestion of whether smokers are overconfident or not.

In this paper, we attempt to address the three problems identified above, both
theoretically and empirically. Our work builds on that of Larrick, Burson, and&l7), who
present an insightful analysis of the statistical relationships betweerstwvetgon,
overplacement, and actual performance. Our theory goes beyond theirs by conidering
underlying beliefs regarding own and others’ performance that produce ¢tegmships, and
by considering overprecision. The theory we present describes the proedssibpeople
arrive at beliefs about their own and others’ performances, and it can accotet for t
inconsistencies between overestimation and overplacement. We also retate dhéhem to

overprecision. Finally, we test key aspects of the theory using a novel expierim

A Theory of Confidence
Stated simply, our theory is this: After experiencing a task, people oftenrhpgdect
information about their own performances, but even worse information about thenaertes
of others. As a result, people’s post-task estimates of themselves arsivegeasl their
estimates of others are even more regressive. Consequently, when perfasneaneptionally
high, people will underestimate their own performances, underestimate athersiere so, and

thus believe that they are better than others. When performance is low, people edtioate
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themselves, overestimate others even more so, and thus believe that they ateawaitets.

The theory’s predictions are illustrated in Figure 1.

In what follows, we elaborate and formalize this theory.

Figure L An example of the theory’s prediction of beliefs about performance by self ansl other
on a ten-item trivia quiz as a function of the actual score of the person doing the
predicting, assuming the person expected a score of five prior to taking the quiz.

Expected score

10

9 L

8 1

= = Own Score

= = Others' Scores

45 degree line

T T
5 6

Actual score

The Basic Model

10

For simplicity, we describe our model as it applies to beliefs about scores on a quiz,

though the application of the model to additional domains is straightforward. We suppose that a

quiz taker, denoted by the indixbelieves her score, denotedXyyto be the sum of two

components: the global average score on the quiz, deno®abg her own, idiosyncratic

performance on the quiz, denotedlhyWe think ofSas a proxy for the overall ‘simplicity’ of

the quiz, and.; as the individual subject’s ‘luck’ or unknown skill level. Th¥sz= S + L.
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Before seeing the contents of the quiz, the individual has some beliefs over the
distribution of values tha& andL; can take. As an illustrative example, we might assumeSthat
is normally distributed with meams and variances and that,; is normally distributed with
mean zero and variange If L has a mean of zero, people do not, prior to taking the quiz,
expect to be better or worse than others. However, the assumption of no baseline over- or
underplacement is not strictly necessaBiven these assumptions, persaelieves that her
scoreX; will be drawn from a normal distribution with meang and variancest+v,.

When asked about others’ scores, we assume pebstieves that persgrwill earn a
scoreX; = S + L, wherel, is also a mean-zero normally-distributed random variable with
variancev.. Thus, she believes that her score and others’ scores are realizations of random
variables with identical distributiorfs.

We consider four points in time, or states of knowledge: Before the quiz, when the
individual has no useful information about anyone’s performance (her own or othites’), a
taking the quiz but before learning her own score or the score of anyone, afteiglér own
score, but not the scores of others, and finally, after learning the scoresrsf othe

After taking the quiz but before learning her true score, we think of peesohaving
observed a ‘signal’ of her true score, in the same way that a student takBTthdas a ‘gut
feeling’ about his performance but won't know his true score for several dayse&swn our
model,i’s signal is a realization of the random varialjle X; + E;, whereE; is a zero-mean

random ‘error term’ that represents the imperfections in the individual'®gling. We assume

2 Assuming that Lhas a non-zero mean would not substantially #ieconclusions of the theory. The theory
would simply predict that a person with prior ow&imation, for example, would exhibit less ovemasiiion (or,
possibly, underestimation) after an easy quiz asshenore overestimation after a difficult quiz.

3 Havingv, differ betweeri andj will not affect the results in any way.
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thati believesE; to have a normal distribution with mean zero (her signal is, on average,

accurate) and varianeg.

Overestimation
Suppose persdrhas just completed the quiz but does not yet know her score. She has,
however, received a signal] which she believes to be a realization from the random vaNable
Knowingy; allows her to update her belief distribution about her scaxgytowhich is her
belief aboutX; conditional on knowing;. Given the assumptions above, her expected score,

E[Xilyi], is given by the formula
ElXily]l = a ms+ (1- a)
where
a= (VL + Vg)/ (Vs+ Vv + Vp),

which is between zero and ohin other wordsi’s expectation after observing her signgl is

that her score lies somewhere between the prior nrmeuaiid the observed signg])(
Assuming’s signal is unbiased, we know that, on average, the sygisa¢qual to the

true scores. Thus,i’'s expectation of her own score lies between the prior magra(d her true

score k). If the quiz is easier than expected, then on average, the true score is abowe the pri

mean and therefoii&s expectation of her own score is below her true saoge (E[Xi|yi] < Xi).

Thus, we observe underestimation after easy quizzes. If the quiz is hard then, ge, dkeraue

score is below the prior mean and therefore her expectation of her own score is albase he

* For a derivation, see, Berger (1980). This fornhdhis for other distributions besides the nornistrihution (see
Diaconis & Ylvisaker, 1979). Chambers and HealyQ®) investigate conditions under which the posteri
expectation is guaranteed to lie between the jpnigan and the realization of the signal.



Trouble with Overconfidence 17

score & < E[X|ly]] < mg), implying overestimation after hard quizZes.

Note that these conclusions follow directly from Bayes’s Law. The iotuttehind them
is fairly simple: if a person receives a surprisingly high signal opbgormance (“Did | just get
everything right on that test?”), she discounts that signal because it isl&ebt least part of
that high signal was due to a positive error in the signal itself (“Therehaustbeen some trick
qguestions in there”). From the individual's point of view, this is the best unbiasediestf
her own score. From the researcher’s point of view, however, the true score is known, and the
individual's estimate appears regressive (on average) because of trenddfan information

between the two perspectives.

Overplacement

Mathematically, the argument for overplacement is similar to that of siveetion,
though the effect runs in the opposite direction. Specifically, suppose now that indiveitcidl
her true scorg; and is asked to report her expectation about indivitkiatore, which she does
not yet know. To make such an inference, she must first derive updated beliefs\gptieer
overall average score on the quiz (the vari&hleising what she knows about her own
performance. We rely on abundant evidence showing that people use themselvesuhs a usef
albeit imperfect basis for predicting others (Krueger, 2000; Krueger, AceveldobBins,
2005).

Using Bayes’s Lawi,'s expectation oS givenx; is

E[SIx] = B ms+ (1- B) X,

where

ﬂ =v/ (Vs+ V|_),

® Note that these arguments are taken on averageigeave can rarely observe the signal practice. It is
possible, for example, that a person with a highieson an easy quiz could receive an especially $ignaly;,
leading to a situation wheres < x; < E[X|]y]] <Yi, which is consistent with overestimation, not wedémation.
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which is between zero and one. In other wortglieves that the overall average score will lie
between her prior expectation for the overall averaggdnd her own score}. Recall that
believes thaX; = S + Lj, but as long ass score is not informative abopi$ idiosyncratic
component to his scorgj, i’s belief is thatE[X;] = E[S]. Thus,i’s expectation is thats score
lies between her prior expected average seugeand her own score). If her own score is
above the prior expected average (because the quiz was easier than expentstg exhibits
overplacementn(s < E[X||x] < X;), and if her own score is below the prior expected average
(because the quiz was difficult), then she exhibits underplacemenE[X;|x] < mg).

The intuition for this result is similar to that for overestimatiom:garns a high score,
she believes this is partly because the quiz was easier than expected gripante the
idiosyncratic component of her score was positive (“I really kicked thas testt”). Since the
idiosyncratic component of her score is the only thing that differentiatesdrerfsom others,
she concludes that she outperformed others, on average (“Others probably didn’ttkiels qui
much butt as | did”). Note that this argument holds regardless of whethgerves her score
(x) or only an unbiased signal of her scoig (The theory’s predictions are illustrated in Figure
1, which shows how expected score by self and others should react to quizzes of varying

difficulty (along the x-axis), given a priomg) of 5 out of 10 on the quiz.

Overprecision
Our theory has little to say about the origins of overprecision. However tidbey is
correct regarding the origins of overestimation and overplacement, then we shouatd expe

precision of beliefs to be correlated with each of them. Specifically, pmeamsbeliefs ought to
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be associated with reduced bias in estimation of one’§ galfthermore, precision in beliefs
about others ought to reduce bias in placement of one’s self relative to others.

What is the logic underlying these predictions? Our theory holds that regnessive
estimates of self leads to over- and underestimation, and that regressinezstgnates of
others lead to over- and underplacement. Regressiveness, for its part, acslysfidim
imperfection of information. If a quiz-taker observed her own score with zero(Errer0) and
she knew it, then her belief should update to the signal of her &g/ = vi), which would
be the same as her actual scgre X;). Her beliefs would not, on average, show any over- or
underestimation. However, when people receive information that is imperfettegnkhow it,
they should make estimations with wider confidence intervals and thus tend ts tegrasi
their priors. Estimations made by people who are unsure of themselves ought to be more
regressive and ought therefore to display greater underestimation oasa&syas well as more
overestimation on difficult tasks.

The effect of precision of beliefs about others on overplacement followsryymildnose
who are most unsure about others’ performances ought to make the least ptceteof
others’ scores and make estimates of others that are most regressrdetheivaprior
expectations. These are the people who are most likely to underestimate otfersgrees
on easy tasks, resulting in overplacement; and most likely to overestimate oh hard tasks,

resulting in underplacement.

A Disclaimer
Our theory is based on a model of Bayesian belief-updating processes. Haweever,

should hasten to add that we do not believe that people are perfectly rationaligayesia

® Note that we are focusing on the effect of precish beliefs on the accuracy (with respect tonestion and
placement) of those same beliefs. Elsewhere waieeathe separate question of how precision inrprio
expectations should affect overestimation and daegment in subsequent, updated beliefs (Healy &id02007).
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Sometimes, people appear to neglect priors (such as base rates) and overweigidarece
(Grether, 1990). Under other circumstances, people appear to overweight priors acidnesg|
evidence (Edwards, 1968; McKelvey & Page, 1990). Which of these errors people commit
depends on the order and form in which they acquire information (Griffin & Tversky, 1992;
Hogarth & Einhorn, 1992; Wells, 1992).

The important thing, however, is that while people are not perfect Bayesians, their
judgments adhere to the basic logic, if not the precise formulas, of Bayas'sTlbeir posterior
judgments generally fall between their priors and the new evidence, andepidggometimes
adhere to Bayesian principles remarkably well (Ajzen, 1977; Griffiths @efibaum, 2006;
Kersten, Mamassian, & Yuille, 2004). Since our theory’s predictions rely only ornréuotiah
in which individuals update their beliefs and not on the exact magnitude, the theodycsiqgme
are robust to non-Bayesian beliefs as long as the actual updating proceds tasperudest
approximation of Bayes’s Law. We have chosen to base the formalization of ourdheory
Bayesian reasoning not because we believe people always reason in @maréscaBfashion,
but because it provides a clearer, less ambiguous, and more parsimoniousiantictitatr
theory than alternative approaches could have provided, while providing a reasonabl

approximation of the psychological processes involved.

Our Theory’s Relation to Prior Work
Our theory is built on the foundations laid by work that has preceded ours, but makes two
key contributions. First, we distinguish between the three different typesrobafidence and
specify their relationships to one another. Prior research has not done this. Our second

contribution is the application of the Bayesian principle of updating from prior ékefed on
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data. Below we enumerate how our theory is related to, and also distinct from, the most
important theories that have offered to explain overconfidence.
Thurstonian Theories of Overconfidence

Our theory is quite consistent with Thurstonian explanations for the hard/easyreffect
overestimation, (Erev et al., 1994, Pfeifer, 1994). Like the Thurstonian account for
overconfidence, our theory rests on the assumption that people make imperfeatessiif their
own performances. Like Thurstonian theories, ours predicts that on any givehitagigse
who perform worst who are most likely to overestimate their performait®sever, ours is
not a straight Thurstonian account, as the random error present in human judgment is not
sufficient to produce systematically biased estimates of performance hdtgretformance is
not constrained by floor or ceiling effects. Thurstonian accounts of overconfidanedocused
on probabilistic item-confidence judgments, which are bounded by the probabiléy scal

Our theory, by contrast, would predict that estimates of performance tenddssregr
toward people’s prior beliefs, and that this holds even when the range on which perfasmance
measured can range from infinitely good to infinitely bad. Empirical seshtiw that the
hard/easy effect persists, even for tasks on which neither performance meagurement is
bounded by floors or ceilings (Moore & Small, in press-b). Our theory can accotim:s$e
results better than can Thurstonian theories. The central role our the@yogpreor
expectations and their updating makes it more of a Bayesian than a Thurstonian Begbaps
more importantly, Thurstonian theories have not yet been applied to explaining ceergte,

whereas our theory offers such an explanation.
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Brunswikian Theories of Overconfidence
Ecological validity

Some important explanations for overconfidence have been inspired by Brunswik’s
(1952) concern for ecological validity in judgmental tasks. These explanation®pbihat
research paradigms examining overestimation have long employed pastidiffastilt (even
“tricky”) trivia questions selected by the experimenter without i@gathe issue of whether
these items were in any way representative of the problems people mashsmteryday life.
When the problems people are asked to solve are sampled more broadly, reséadctinet
overestimation of performance tends to decrease (Gigerenzer et al., 199letlais|i1997).

Brunswikian explanations for overconfidence hold that overconfidence is antatifac
the way items were selected. In particular, that experimenters chokg™items that fooled
participants into thinking they knew the answer when in fact they did not. The solution to such
selection is to establish a reference class with which people are likelyamihar, and
randomly select judgments from that set. For instance, Gigerenzer anduedl¢4991)
randomly picked 25 German cities with populations above 100,000 and presented their
participants with all 300 pairwise comparisons between them. Participants hddeamjhich of
two cities had the larger population. They found that their participants were not dickncbn
regarding the correctness of their answers on these questions.

Our theory would offer two explanations for the tendency for overconfidence to go down
when problems are randomly drawn from a familiar reference class, skicstrandom
selections will necessarily produce some very simple items. MostaBsemwill correctly
identify Berlin as more populous than Wirzburg. These simple items are moyedikebduce

underestimation than overestimation, since it turns out to be difficult to overestimat
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correctness when you are 100% correct. Consistent with this explanation, Soll (1996h&und t
item difficulty can account for much of the reduction in overconfidence on repregeisets.
Second, the more familiar the class of problems is, the better information peop&bbatéeir
performances. If, in familiar domains, people are better at determinirtbevleey are right or
wrong, then we should expect to see less over- or underestimation of performance.
The BIAS model

Fiedler’'s (1996) Brunswikian induction algorithm for social cognition (BIAS3 wailt
on the Brunswikian or Lewinian principle that “to understand human behavior, one fitet has
analyze the texture of the environment” (p. 193). Fiedler's BIAS model focuses on the
differential information people obtain from their environments regardingdbles and their
ingroups rather than other people and outgroups. Given the key role that differeibitiesel
information plays in our theory, Fiedler's (1996) BIAS model is clearly relakgedler (1996;
2000b) proposed that better information about the self than others could explain overplacement
effects, as well as a variety of other important psychological phenomenaourieFiedler’s
model begins with the fact that people usually have more information about themisaivteet
do about others, because they observe more instances of their own behavior than that of others
Since desirable behaviors such as being cooperative and friendly arelgeneralfrequent
than undesirable behaviors such as being rude and phony, people will conclude that positive
traits are more descriptive of themselves than of others (e.g., Alicke, 1985).

Our work builds on Fiedler’'s work in several ways. First, we show how this same basic
theoretical model can account for findings of underplacement on difficult tasks ardor r
behaviors.Second, our theory elaborates on Fielder's model by explicitly allowingdor t

possibility that people use information about themselves to make inferences abouidoees
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& Small, in press-a). Third and most importantly, while Fiedler's BIAS madebt
inconsistent with the possibility that agents use the information at their dispogaldte their
prior beliefs, Fiedler does not develop this Bayesian logic. This omission hasamport
repercussions because the theory’s predictions will not hold under some prior béiefs. T
development of the Bayesian logic is essential for explaining the overaucgiééfects our
theory seeks to account for, and for generalizing the explanation to circumstanbéshin w
signals (and beliefs) are not constrained by ceilings or floors.
Integrative theories

Several researchers have proposed interesting and useful theories thaehedpei and
reconcile the Thurstonian and Brunswikian explanations for overconfidence (Dou@oérty
Juslin et al., 1997; Soll, 1996). These integrative theories show how the two perspeetives a
many ways, consistent with one another. However, because all of these theories focus on
explaining results from the item-confidence paradigm, they are of motedimalue outside this
specific paradigm.

Hypotheses

Our theory makes four basic predictions regarding overestimation and overgidce

OverestimationWhen people perform worse than they expected, they will overestimate their
performances on average.
UnderestimationWhen people perform better than they expected, they will underestimate their
performances on average.

OverplacmentWhen people perform better than they expected, they will, on average, overplace

their performance relative to the performance of others.
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UnderplacementWhen people perform worse than they expected, they will, on average,
underplace their performance relative to the performance of others.

We expect all four of these effects to follow straightforwardly from updatiog Ipeliefs
using imperfect information about performance. In our experimental paradigmmast of
life, people have imperfect information about the performance of both self ang, dtliethey
have much better information about themselves than they do about others.

We are agnostic with respect to the origins of overprecision, as our theory doegenot ha
much to say about how precise people’s judgments ought to be. None of the hypotheses
described above depend on the accuracy in people’s estimations of performaneseriour
theory implies that the precision with which people are able to estimate panfmershould
moderate the effects of task difficulty on both estimation and placement. bufzartie expect
that those individuals who are least confident in their estimations of their ovanrparices will
make estimates that are most regressive toward the prior and will alsthehl@ast precision
(i.e., the greatest variance). If this effect holds, then the hard/easyvaffde associated with
greater precision in estimates of one’s own performance.

Likewise, our theory implies that accuracy in beliefs about others willtiedobth more
precision of estimates and also in less overplacement on easy tasks and umdenplacédiard
tasks. On the other hand, individuals who are least confident in their estimations of others
performance will make the most regressive estimates of others. éffénis holds, then greater
precision in the estimates of others will be associated with less overptacameasy tasks and
underplacement on hard tasks.

Our theory implies that we ought to be pessimistic regarding the possititieedback

or experience could overcome any of these biases. If they representthefriBayesian
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judgment processes, then there is little room to improve upon them. Our experimerysesmpl
repeated-measures design that allows us to examine the effects of egyeheaddition, we
ask whether there are reliable differences between people with respeet much they display

each type of overconfidence.

ILLUSTRATIVE STUDY

In addition to investigating the consistency between different varietieseafanfidence,
we are interested in asking whether any of them correlate with resasfundividual differences
between people (Stanovich & West, 1998). Of course, the first question we must ask of our data
in this regard is whether we find stable individual differences in measuogsr@onfidence. In
other words, do our repeated measures of each variety of overconfidence replasdat r
measures?

If the answer to this question is affirmative, then we can ask whether individual
differences between people can account for the differences in overcoafidemmbserve. There
have been some attempts to examine individual differences in the propensity tocoa fokent.
While not every study that looks has found a relationship (Jonsson & Allwood, 2003), there are
some that claim to have identified the traits that predict overconfidence. Weaddome
measures because prior research has found them to be related to overconfidépigefitke
dimensions of personality (Schaefer, Williams, Goodie, & Campbell, 2004), gernddefM &
Vesterlund, in press; Pulford & Colman, 1997; Soll & Klayman, 2004), narcissism (Ames &
Kammrath, 2004; Campbell et al., 2004), and cognitive abilities (Kleitman & Stankovss) pre
Stankov & Crawford, 1996). In addition, because we expected them to be related to self-
enhancement, we measured overclaiming (Paulhus, Harms, Bruce, & Lysy, 20655teseh

(Rosenberg, 1965), and the generalized sense of power (Anderson, John, & Keltner, 2005).
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Because we suspected that they might be related to individuals’ willingness lggdabi
understand others, we included measures of empathy and perspective-takingl@33)isand
social comparison orientation (Gibbons & Buunk, 1999). Finally, because we suspecied that
might be related to confidence in one’s judgments and willingness to endure uncergainty w

included measures of political conservatism (Jost, Glaser, Kruglanski, &yl 2003).

Method

Participants

Participants were 82 students from a private research university in the States.
Participants were recruited using the following posting on a web site thaitsesxperimental
participants under the nam&dns o’ Trivid with the following description: Participants in this
study will take a number of different trivia quizzes. They will get paid based on their
performance and based on their ability to guess how they and othérsIdhe entire
experiment was run on computers via a web server, but all participants were présent i
experimental laboratory.Participants were, on average, 24 years ®i< 6.42, range 18 to
59). Males constituted 51% of participants and females constituted 49%. Thirtypeigent of
participants identified themselves as white, 38% as Asian or Asian-AmericargslAffican or
African American, 5% as Hispanic, and 8% as another racial category.
Procedure

In each of 18 rounds, each participant took a 10-item trivia quiz. The 18 quizzes included
three quizzes on each of six topics: science, movies, history, sports, geognalpimysic®
Each topic included one easy, one hard, and one medium difficulty quiz. Each participant

encountered a different ordering of these 18 quizzes. The ordering was random, Gtitgect t

" To run through the experimental stimuli yourseisit http://cbdr.cmu.edu/roand log in using the participant ID
number 0000.
8 The questions from the quizzes are availabhetpt//www.andrew.cmu.edu/user/donm/CRO
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constraint that each three-round block include one quiz at each level of difficultyeskitewas
six three-round blocks.

In each round, participants earned §28herer was his or her percentile rank relative to
all other participants who had already taken that quiz. For the sake of computpeytheistile
rank, participants were counted as having scored better than half and worse tbathba#
who had obtained the same score.

Before taking the quiz each round, participants were asked to predict the prol@bility
that they would obtain each of the 11 possible scores, 0 through 10. Predictions were rewarded
according the quadratic scoring rule, as follows. Participants earned W dtallars, where =
2p for the score they actually received and w equals the sum total ghfacteach of the 11
scores. This quadratic scoring rule maximizes participants’ expectedpHyb#y accurately
report their best estimate of the truth (Selten, 1998). It is equal to $2 wheitipg@rcorrectly
estimates his or her own score with certainty (100% confidence), beca@sandw = 1. Itis
equal to $0 when a person attaches 100% confidence to a score she did not obtain; beétause
andw = 1. Participants were instructed His formula may appear complicated, but what it
means for you is very simple: You get paid the most when you honestly report your best guesses
about the likelihood of each of the different possible outcomes. The range of your payoffs is from
$0 to $2 for each set of guesses

Participants made these predictions on the computer by sliding each of 11 barsate indic
probability. When they slid one bar, the other 10 automatically adjusted proportion&iat so t
the total probability across all 11 bars was always equal to 100%. These 11 bedostawvith

different random settings for each set of predictions a participant made.
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In addition to predicting what their own score would be, participants predictecdbtiee sc
of a randomly selected previous participant (the RSPP). These arextheitepredictions,
made before they had any specific information about the quiz they were alaké.td'hen they
took the actual quiz. Participants then estimated their own $coréshe RSPP’s score again.
Then they were shown the correct answers to the quiz and were asked to gradedkeriibely
were then again asked to estimate the RSPP’s score. Finally, theyiwvesréull feedback for
the round: Their own scores, the RSPP’s score, their payoffs for each of the dircéiquie (two
for their own and three for the RSPP’s score), and their percentile ranks.

Dependent measures

We derived all our key dependent measures of overestimation, overplacement, and
overprecision by comparing participants’ score estimations with actualsscéfe can compute
predicted scores using the eleven probability estimates by multigdgiciy of the eleven
possible scores by its reported probability, and summing these.

Overestimation A participant’s actual score was subtracted from his or her reported
expected score to measure overestimation.

Overplacement We computed a measure of overplacement that takes into account
whether a participant really is better than others. We used the followmgléor

Overplacemert (E[X] - E[X]]) — & —X;)
WhereE[X] is an individual’s belief about his or her own expected perform&ijig, is that

person’s beliefs about the expected performance of the RSPP on that quiarahgrefer to

° Note that participants could have guaranteed #isiity to predict their own score perfectly byeficting scores
of zero for self and intentionally getting all theiz questions wrong. While this would be worthi§4arnings, it is
not a wise strategy because $4 represents a gatibh of what a higher performance was worth.dBing well
on the quiz, participants could earn up to $25,glralild have expected to earn $12.50, on avenagspiectation,
for doing well. Such sandbagging would be mosti@lov on the easy quizzes. In fact, of the 492 gagzes, we
observe only eleven scores of zero or one from difierent participants. Only three of these foltd ex ante
predictions of scores below two. We conclude faatdbagging is not a large influence on our results
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the actual scores of the individual and the RSPP. In other words, this measure libgans wi
individual’'s belief that he or she is better than others and corrects that for the tteghich he
or she actually is better than others.

Overprecision Prior research has generally measured overprecision by having
participants specify confidence interval ranges. Unfortunately, Soll andiiélay2004) have
shown that this method has the problem that it tends to overstate the size of the omarprecis
effect. Our paradigm allows us to obtain better measures of beliefs thanudest gb, because
we can measure perceived probability of every possible outcome. One of the othi&s benef
this approach is that our measures are not subject to the overprecision thaluartees
constraints on memory capacity as documented by Hansson, Juslin, and Winman (200&; see als
Juslin, Winman, & Hannson, in press). We test for overprecision in these data inytsvo wa
First, we compare the shape of this subjective belief distribution with the distndution in
scores. Second, we compare rated probabilities with actual probabilitiae &odres
participants actually obtained.

Individual difference measures

After all 18 rounds were done participants completed 17 measures of individual
differences. The 17 measures appeared in a different randomly determingdroedeh
participant. Those 17 measures were as follows: the “big five” dimensions ohakrs(John
& Strivastava, 2000), gender, narcissism (Raskin & Terry, 1988), cognitive inedfleess
(Frederick, 2005), overclaiming (Paulhus et al., 2003), self-esteem (Rosenberg,965), t
generalized sense of power (Anderson et al., 2005), the empathy and perspkictg/e-
subscales of the Interpersonal Reactivity Index (Davis, 1983), social comparesaatam

(Gibbons & Buunk, 1999), and a basic measure of political conservatism. This lastemeasur
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included two questionsHow liberal or conservative do you tend to be when it comes to social
issues?and “How liberal or conservative do you tend to be when it comes to economic issues?
Participants were provided with a 7-point scale on which to respond, with endpoints labeled,
“very liberal’ and “very conservativé
Payoffs

After participants had completed these questionnaires, five of the 18 quiz rounds were
chosen at random as payoff rounds. Participants’ earnings in those five roundgenagedto
compute their actual payoffs for the experiment. Participants were paaddeage of $20.23

after about 90 minutes in the laboratory), debriefed, thanked, and dismissed.

Results

Manipulation checks

In order to check that our manipulation of difficulty affected quiz performanoeea
intended, we submitted participants’ quiz scores to a 6 (blo8kdifficulty) within-subjects
ANOVA. The results show the expected main effect of difficlHty2, 162) = 781p < .001,;72
=.91. Scores on easy quizzes were highler 8.86) than on medium quizzed € 5.92) which
were higher than scores on hard quizi¢s=(.69).

Participants correctly perceived differences in difficulty betweenlififerent quiz types.
We analyzed reported scores for the self at the interim phase using a 6 Xdo@kificulty)
within-subjects ANOVA. The results show a significant main effect fdicdity, F (2, 162) =
586,p < .001,7° = .88. Participants believed they had scored better on quizzes that were easy
(M = 8.64) than mediumM = 5.93) or hardM = 1.50). Clearly, however, the effect of the

difficulty manipulation is smaller on beliefs about performance than it istoalgmerformance.
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This is consistent with our theory, and gives rise to the well-documented IsgreffEact on
overestimation.

Note that in the analyses below, we do not analyze results from the first rpanatsky
because they do not differ from, and are therefore redundant with, the repeatecemeas
analyses.

Overestimation

Overall, our participants do display a modest degree of overestimation. Atehmi
phase, they report believing that they scored 82 1.31) points higher than they did, and this
overestimate is significantly greater than zé(d475) = 5.82p <.001. However, this tendency
is powerfully moderated by quiz difficulty.

Participants’ interim overestimation was subject to a 6 (bbd&]difficulty) within-
subjects ANOVA. As expected, there was a main effect of difficBl(®, 162) = 42.53p <
.001,5#? = .34. Participants underestimated their performances on easy qiizzeQ),
overestimated them on difficult quizzed € .79), and were (on average) accurate on medium
quizzes 1 = .01). There was no main effect of bloEk6, 405) < 1p = .89, but the block
difficulty interaction does attain statistical significangg10, 810) = 2.65p = .003,5* = .03.

See Table 1.
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Table 1
Participants’ overestimation of their own performances, measured at the interim phasbgeove

six trial blocks for the three different quiz difficulties. (Standard deviations imffases.)
Block Number

1 2 3 4 5 3] Overall

Eas 040 -020 -029 -010 -0.10 -0.22  -0.22
y (1.07) (0.79) (0.83) (0.78) (0.82)  (1.20)  (0.93)

Medum 013 001 0.05 -005 -015  0.31 0.01
(1.65) (1.14) (1.25) (1.16) (1.33) (0.94)  (1.27)

1.15 0.69 0.87 0.71 0.69 0.63 0.79

Hard (1.63) (1.62) (1.61) (1.22) (1.37) (149)  (1.50)

Overplacement

At the prior phase, our participants do not, on average, report believing thatltkey (
5.36) will perform better than the RSPAR € 5.36).

Participants exhibit underplacement at the interim phdse {27), t (1475) =-3.35 =
.001. And their posterior beliefs continue to display underplacement-(37), t (1475) = -
4.69,p <.001. This underplacement is, as expected, moderated by task difficulty.

Participants’ interim overplacement was subject to a 6 (bko&{difficulty) within-
subjects ANOVA. There was a main effect of difficuy(2, 162) = 24.88p < .001 > = .24.
Participants overplaced their performances on easy qui¥zes48), underplaced their
performances on difficult quizze®i(= -1.36), and demonstrated no over- or underplacement on
medium quizzesM = .04). There was no main effect of bloBk(6, 405) = 1.04p = .39,,° =

.01, nor a block difficulty interaction,F (10, 810) < 1p =.99. See Table 2.
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Table 2

Participants’ overplacement of their own performances, measured at the interim phagbgover
six trial blocks for the three different quiz difficulties. (Standard deviations imfjases.)

Block Number

1 2 3 4 5 3] Overall
Eas 0.56 0.55 0.08 0.59 0.75 0.36 0.48
y (2.70) (2.45) (2.84) (2.13) (2.44) (2.89) (2.59)
Medium -0.25 -0.23 -0.10 0.41 0.22 0.15 0.04
(3.82) (4.14) (4.03) (3.46) (3.99) (4.10) (3.91)
-1.46 -1.47 -1.52 -1.19 -1.10 -1.39 -1.36
Hard

(254) (245) (251) (219) (217) (251)  (2.39)

The relationship between overestimation and overplacement

One of the contributions of this paper is to document the interrelationships between
different forms of overconfidence. This is made possible by the fact that asireall three
varieties of overconfidence on the same task.

Within any given quiz, overestimation and overplacement are correlatbchimaverage
correlation coefficient of .29. This is for trivial reasons: both measures ameraasing
function of an individual’s beliefs about his own score and a decreasing function ofulais act
score (see Larrick et al., 2007). On the other hand, across the 18 quizzes, overestitda
overplacement are negatively and significantly correlated, r (18) =p-64004. This is a
natural consequence of the effects documented above: task easy affectsnstvastnd

overplacment in opposite ways. See Figure 2.
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Figure 2 Participants’ estimated scores for self and other as a function of quiz tiffi€utor
bars show standard errors.
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Two features of Figure 4 deserve mention. First, the regressivenessnattestior both self and
the RSPP are obviously smaller for easy than hard quizzes. Second, the lirssiaednes

for estimates of self and the RSPP do not cross the identity line at 5.36 (padigpant
expected score), but closer to 7. Both of these results may be attributable totthe fact
participants had better information about performance on easy quizzes than on difsult
Participants are likely to know whether they have correctly answereasyequestion, “What is
the capital of the United States?” They are less likely to know whethefahagyone else) has
correctly answered the hard question, “What album ranks #1 on the best-selling @lllaims

time, just ahead of Michael Jackson's ‘Thrillef%”

19 Answer: “The Eagles: Their Greatest Hits”
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Overprecision

Unlike overestimation and overplacement, participants’ judgnuerdppear to show
systematic overprecision at the prior stage. The entire sample of 1476 qagls®w~ariance
of 16.97. But participants’ prior judgments have a smaller variance, suggestingetieey w
inappropriately sure they knew what their scores would be. The variance of pats$icipa
estimates of themselves is 6.37 and of the RSPP is 6.51, both of which are significalhly sm
than 16.97ps < .001. But that could just be because the distribution of actual quizzes was more
strongly bimodal than they were expecting, as the quizzes included so marsirsglgpeasy
and surprisingly difficult quizzes, which pushed up the variance on actual quiz scores.

More interestingly, their estimates of the RSPP show lower variandarqply greater
precision) than the actual set of scores on each specific quiz, both at the intethre posterior
phase. Across the 18 quizzes, the average variance in scores is 5.19. However, anthe inter
phase, the variance in the average participant’s estimate of the RSPP’s sttye2i86 and this
shrinks to 2.67 at the posterior phase. Both of these represent significant undeoestintae
actual varianceps < .001. Note that it does not make sense to perform this analysis on
participants’ estimates of their own scores because they observe usefel gignats that ought
to produce more precise estimates of their own scores.

The tendency toward overprecision in estimation of the RSPP’s score is mibdgrate
test difficulty. We computed an index of interim overpreciSidny subtracting the variance of

each participant’s estimate of the RSPP from the actual variance on thavhen this

™ Note that we observe the same results if we coenghar variance of posterior (rather than interist)neations of
the RSPP with actual quiz variances. We thinkdleglyses are less interesting, however, if peddron prior
estimates. Also, the comparison of variances batvireliefs and the actual distribution of scoressdwot make
sense for the self at either the interim or postgshase, because then people have excellent kdgevibout their
own particular quiz performances, and so the vadan each person’s estimate ought to be smaler time
variance across all participants.
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measure is subject to a3 within-subjects ANOVA, the result reveals a significant main effect
for difficulty, F (2, 162) = 1647p < .001,4° = .95. Participants’ judgments reveal greater
overprecision for medium quizzesi¢an variance= 6.63) than for easy quizzeadan variance

= 2.17), and underprecision for difficult quizzese@n variance= -1.78). Neither the main

effect for blockF (5, 405) = 1.56p = .17, nor its interaction with difficultys (10, 810) < 1p =

.96, attains significance.

The reason for the significant difference across quiz difficulties ighbairecision
implied by participants’ estimates of performance is not sufficieaipansive to changes in the
variance of actual quiz scores. Because the variance in medium quizzes @rgeitad¢an
variance= 9.87), participants’ estimatemnéan variance= 3.12) appear too precise. Because
variance in the difficult quizzes is so smaligan variance= 1.48), participants’ estimatenéan
variance= 3.05) appear insufficiently precise.

Our theory offers a hint regarding why we might be most likely to observe uedisrpn
in participants’ estimates of others’ scores on difficult quizzes. We hguedthat
overestimation occurs on difficult tests in part because when performanee isis easier to
overestimate it than undererstimate it. Just so, when variance on a quiz ipeatlgpow, it is
easier to overestimate it than to underestimate it. As with estimationdahpence, the
precision of those estimates is insufficiently sensitive to realigyBsglescu & Du, in press).

An additional measure of overprecisiowe should admit that the comparison of
variances is an incomplete measure of overprecision, because it fails to tak@eatracy into
account. Not all precision is overprecision. There is, in fact, a positive camdbatiwveen
precision and accuracy. The smaller the variance in people’s interimtestiofidheir own

scores, the smaller the error in their estimates.b5,p < .001). The same is true for people’s
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estimates of the RSPP: the smaller the variance in their interimagssinthe smaller the error in
those estimates € .25,p <.001). Consider, for instance, a quiz on which no one gets anything
right. An individual who reports that he is sure (100% confidence) that the RSPP1ieaa 8¢
would not be overestimating the precision of his beliefs. An alternative apprdactxemine

the one score an individual estimates is most likely. When takers of a difficutegoiz that a
score of 2 is most likely, how often did they, in fact, get just 2 correct?

At the interim phase, participants report being, on average, 73% confident that tivey kno
their own scores but are correct only 59% of the tin(#476) = 18.84p < .001. They report
being 43% sure they knew what the RSPP had scored, but are only correct 31% of the time,
(1476) = 17.86p < .001. When averaged across all rounds and all belief elicitations for both
self and the RSPP, participants reported, on average, being 44% confident thatitbeygrectly
identified the score. In actuality, they were only correct 29% of the time, atndgzarts’ 44%
estimate is significantly greater than this figure, t (81) = §64,001. Overprecision measured
this way is greater than zero for all five belief elicitationsggalk .001), all quizzes (ghs <
.005), all levels of difficulty (alps <.001), and all blocks (g < .001).

The relationship between overprecision, overestimation, and overplacefAgnt.
expected, the precision of participants’ judgments are related in interastysgo
overestimation and overplacement. These associations are most fruitbutiinex at the
interim phase, where participants have some information about performance on that quéez a
have measures of beliefs for both self and others.

We predicted that precision in estimates of one’s own score would be asbadihtiess
underestimation on easy quizzes and also with less overestimation on hard quizzed, tinsl

was the case. On the easy quizzes, the correlation between variancek(icé pfacision) and
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undeestimation is positiver (= .45,p < .001). Participants’ tendency to underestimate their
scores on easy quizzes was smaller among those who reported narrow configevals. On
the hard quizzes, the correlation between variancewaerdstimation is also positive € .46,p
<.001), because the more precise the estimate, the less the overestimationdé&rey ti®
overestimate one’s score on the hard quiz was associated with narrower cenfitemvals.

We also predicted that greater precision in estimates of the RSBRs\sld be
associated with less overplacement on easy quizzes and also with less underglacehard
quizzes. Indeed, this was the case. On easy quizzes, the correlation betwaea {iaialack
of precision) anavemplacement is positive € .34,p <.001). The broader the confidence
interval in estimating others, the more the overplacement. On hard tests, ¢feticorbetween
variance andindeplacement is also positive € .26,p < .001) because the broader the
confidence interval in estimating the RSPP, the less the overplacement. warlthgrprecise
estimates decrease the tendency to underplace one’s own performance on hasd quizze
Individual differences

We would like to ask whether the measures we took of individual differences between
our participants are correlated with any of our overconfidence measurestsBittrhakes
sense to ask whether any of the three types of overconfidence are consikiaandinidual. If
measures of overconfidence do not vary consistently between people, then theosearch f
individual-difference correlates of overconfidence is likely to prove &sstl We have multiple
measures of overconfidence for each person. What is the test-retedityetibthiese different
measures?

The alpha reliability for the 18 measures of overestimation is .21. ClearlpalthisHort

of satisfactory reliability. The situation is much the same with ovenplexnt its alpha
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reliability is only .29. Overprecision is different, however. The average @gsmn measure
yields an alpha reliability of .95.

Correlations between our measures of overconfidence and a variety of individual
difference measures appear in Appendix A. While three correlations indla@sata significant
at the .05 level, that criterion is not sufficiently stringent given that waseng about for
possible associations between our 17 individual difference variables and our three
overconfidence measures. After the Bonferroni adjustment to our significgéec®i for these
51 tests, none of the correlations is significant.

Origins of beliefs about self and others

Beyond specifying the relationships between the three different forms of ovderad,
our theory specifies the processes that give rise to post-quiz beliefs albantisothers.

One of the unique features of our data is that we collected measures of peist Hali
order to examine the degree to which participants updated their beliefs abowiviesraad
others, we computed measures of updating by computing the absolute difference fram prior
interim in estimated scores. These measures were then subject to a 3t{diiéulblock)x 2
(target: self vs. other) within-subjects ANOVA. Participants updatedltbkefs from prior to
interim more so for self| = 3.43) than for otherd = 2.63), resulting in a main within-subjects
effect for targetF (1, 81) = 98.23p < .001,;72 =.55. This makes sense, since participants at the
interim stage had better information about themselves than they did about otherssultse r
also reveal a main effect of difficulty, since participants updated moted@imple 1 = 3.45)
and the difficult {1 = 3.51) than the mediunVi(= 2.13),F (2, 162) = 67.86p < .001,;° = .46.
This also is consistent with our theory, since participants’ priors were manatetor the

medium than for the easy or difficult quizzes.
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Our theory predicts that participants’ interim beliefs about their own ssboegd be a
joint function of their prior expectations and the private signals they reegaeding their own
performance (i.e., their experience taking the quiz). These predictions aesobibby the
regression results presented in Table 3. A few features of these regressitsnmerit
comment. First, the prior featured more heavily in interim estimates of tAB;RStimates of
others are more regressive. Second, participants’ own actual scouesdeabre heavily in
estimations of their own scores; they had better information about themselveshibis, and
knew it. Third, quiz ease was a useful predictor of beliefs about others, but not faftself (
controlling for the individual's own actual score); people tried to infer how difftbe test

would be for others when making predictions about the RSPP.

Table 3

Regressions predicting post-test score estimates for self and RSPP. Quiz easdfistjasutiie
mean score among all participants on that particular quiz. (Standard errors in parentheses.)

Model 1 predicting interim beliefs Model 2 predicting interim beliefs
about own performance about RSPP’s performance
Independent variable UnstandardiZd Independent variable Unstandardizd
coefficient coefficient
Prior estimated xk Prior estimated xk
score for self 087 (.02) score for RSPP 287 (.03)
Own actual score .86*** (.02) Own actual score 31*%* (.02)
Quiz ease (mean score .02 (.02) Quiz ease .35%** (.02)
on quiz)
R Q0¥ R BT
** p<.001

These process results do not distinguish our theory from any alternativetiteor
explanation for the negative correlation between overestimation and overplac&keskhow

of no alternative explanation that can account for the set of results we presenthdles® we
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believe it is valuable to document the psychological processes that git@thegudgment

outcomes we observe.

DISCUSSION

Our theory posits a parsimonious explanation, based on basic Bayesian principles of
belief-updating, for the negative relationship between overestimation and ceenpla across
tasks. Our results are consistent with the predictions of this theory, which W#itise
assumption that people have imperfect knowledge of their own performances and even more
imperfect knowledge of others’ performances. As a result of this impé&rfeetiledge, beliefs
tend to regress toward prior expectations (more so for others than for self),ipgatiecpattern
of results we observe.

Our experiment allowed us to measure all three varieties of overconfidetica sve
could relate them to each other and to the predictions of our theory. We find that ovécestima
increases with task difficulty but that overplacement decreases with thskltyif As a result,
estimation and placement are negatively correlated across tasks. Much ofahecvia
estimation and placement appear to be driven by task difficulty. We do not find aansiste
differences between people in their tendencies to overestimate or oceefpa performances,
as evidenced by their low alpha reliabilities.

We observe more systematic overprecision, as well as more consisteehdéter
between people in its display. Furthermore, the tendency for greater precisidgrnrepts is
correlated with overestimation and overplacement. Greater precision @sSel&tes appears to
reduce overestimation. In addition, greater precision in other-estimaterapp reduce

overplacement.
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Our data do not reveal useful predictors of overconfidence among the individual-

difference questionnaire measures of individual differences we used.

Implications

It should be clear that our theory applies not just to performance (as in ounexueri
but would generalize to risk perception and to inferences about abilities, behaviorajtand t
both retrospectively and prospectively.
Extensions and applications of our theory

Our theory can help explain a number of otherwise incongruous research findings. For
instance, evidence shows that the risks to which people believe that they arenlessblaithan
others are often those where they most overestimate their own actual riskst&ace, women
dramatically overestimate their chances of contracting breastrogtdeelieve they are at less
risk than other women (Woloshin et al., 1999). Americans overestimate the risk ofrfpaiad i
in a terrorist attack but believe they are at less risk than other Americanegi(let al., 2003).
Chinese respondents reported that they were at less risk than their peentrémtiog SARS,
but they nevertheless overestimated their actual chances of catchthigetse (Ji et al., 2004).
People overestimate their risk of dying in the coming year (Fischhoff 2085) yet believe
they are at less risk of death than their peers (Weinstein, 1980). And most notablyssmoke
overestimate their chances of getting lung cancer (Viscusi, 1990) but belie\srdhaytess risk
than other smokers (Slovic, 2001).

Our theory may be able to reconcile these findings. Take, for example, the tlee Slovi
Viscusi debate about whether smokers over- or underestimate their risk. rSohomkedeed
overestimate the probability of contracting lung cancer, as Viscusi (19903 stiw they also

believe that others are more likely than they are to experience this eaite &v\Weinstein
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(1998) shows. Our theory can accommodate these findings if people have impéfettion

about their own risky behavior and its consequences, but have better information aboutrtheir ow
behavior than that of others. Likewise, when it comes to predicting whetharthgging to die

in the coming year, people tend to overestimate this small probability. NdgsstHeecause

people have better information for themselves than for others, they overestingtemore

than self and consequently believe they are at less risk than others.

False consensus and false uniquen&dgr results reveal the simultaneous co-occurrence
of both false consensus (thinking that others are more like you than they are, L. Ress, &re
House, 1977) and false uniqueness (believing that others are more differenvértmary they
are, Perloff & Brickman, 1982) on the same dependent measures (see also Nkor,e2803;
Moore & Small, in press-a). Participants’ judgments reveal false uniquertessbe
participants reported believing that their scores were more excephanahiey actually were—
.48 points higher than those of others on the easy quiz and 1.36 points lower on the hard quiz. At
the same time, participants’ judgments reveal false consensus becausdpbeved that
others would perform more like them than they actually did. Performance bypaarts and
their RSPPs were uncorrelated within quiz(.05). However, participants believed that others
were like them—estimations of performance by self and other are sticrgiyated within quiz
(r =.48).

As Dawes (1989) pointed out, there is a rational basis for the so-called “fals@asis
effect. If the only source of information participants had about quiz difficulty heasdawn
performance, then they would do well to assume others would perform as they did (Krueger
2003; Krueger et al., 2005). Indeed, people who assume others are like them will, oe,averag

make more accurate estimates of others than will people who ignore the irdarthay have
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about themselves and do not update their prior beliefs (Dawes & Mulford, 1996). And false
uniqueness effects arise quite naturally from the fact that people possessmfimmation about
themselves than about others, as Fiedler (1996) has shown.
Can Our Theory Accommodate Other Moderators of Overconfidence?

Prior research has documented a number of important moderators of overconfidence.
Below we discuss ways in which our theory is (and is not) compatible with thesenuiogs$.

Controllability. A number of studies have found that the tendency to believe that one’s
performance will be better than that of others is stronger for outcomes unaergbemtrol
than for chance outcomes (for reviews see Harris, 1996; C. T. F. Klein & Helwsegnl 2002).
Our theory would explain such effects by pointing out that when performance i$yentire
determined by chance, it is not possible for people to have better information aboavthei
future performances than about others’, because both will be determined for thadyhdyuck.
Our theory would predict, however, that controllability will lead people to belletethey are
worsethan others on hard tasks. This prediction has been confirmed by Moore and Cain (in
press). Their results showed that people believe they are better tharabteesyg tasks, worse
than others on hard tasks, and equal to others when performance is determined by chance

Observability People believe that they are more likely than others to exhibit common
unobservable behaviors (such as honesty); however, this belief is reduced for common
observable behaviors (such as friendliness) (Alicke, 1985; Allison, Messick, &&set989;
Paunonen, 1989). As our theory would predict, this effect reverses itself for nakedos
(Kruger & Savitsky, 2006). Our theory’s explanation for these results is sthmgilpeople have
worse information about others on unobservable than observable traits and behaviors.

Differential regressiveness to the prior occurs when people have betteratitor about
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themselves than others. The lack of information about others for unobservable behakesrs ma
people’s estimates of others more regressive, exaggerating the tetalbrieve that one is

more likely than others to engage in common behaviors and less likely than othergg®ienga
rare behaviors.

Frequentistic vs. probabilistic judgmen®rior research has found more overconfidence
on probabilistic than frequentistic estimations of performance (Gigar&ndeffrage, 1995).
However, these probabilistic judgments have usually come from the problematic it
confidence probabilistic paradigm, and so it is possible that the differenc@ismtent for by the
role of overprecision in that paradigm. It is possible to measure perceivedrte at the
item level without reliance on probabilities. For instance, runners can estimeatrace times,
or test-takers can estimate the distance of their own answers from & eoswers. We
would expect to find little or no systematic overestimation of performanckdse tsorts of
judgments, after controlling for task difficulty.

Item selection.Test items randomly selected from within a reference class arg tikel
include a mixture of easy and hard items. This is one of the reasons why such repesetta
produce less overconfidence (Soll, 1996). We should note that it is for this reason tbaldwve c
not use randomly selected items to constitute the trivia questions in our study. Raledtionse
from a given class will necessarily mix the difficulty levels of thestjoas, whereas we wanted
to manipulate difficulty systematically.

Personal experienceéSome research has found that personal familiarity with some event
or outcome seems to increase comparative optimism (Weinstein, 1980). The findings on
familiarity contrast with those of observability: Observability irses information about

performance or outcomes, particularly for others. Personal famihgitlyone’s own chances
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of experiencing an event, on the other hand, is likely to increase the dispariégbehe quality
of information about self vs. others. The fact that personal experience shouldateace
overplacement for common events, then, is consistent with our theory.

Absent/exemptWhen people have exposed themselves to some risk but haven't
experienced a negative outcome, they sometimes conclude that they are imthaheisk. For
instance, young women who have unprotected sex and do not get pregnant may incorrectly
conclude that they are infertile (Downs, Bruine de Bruin, Murray, & FischRB0@4); or
sexually active college students who have had unprotected sex but who haven'teshAtia&
may come to believe think they're less vulnerable to getting AIDS thastlzees (Weinstein,
1982). Basically, their personal experience with (the absence of) a rateeaegant leads
them to reduce their estimates of their own personal risk, and they wind up believihgyha
are less likely than others to experience it (see Hertwig, Barron, \\ekeey, 2004). People
remain quite clueless about the low actual risk of contracting AIDS (rodghl¥%00 chance of
becoming infected from a single act of unprotected coitus with an infecteg@paiearst &
Hulley, 1988), and so overestimate this small probability. This result is obviouslgtenihs
with our theory.

Training and improvementDriving an automobile is a complex task that is certainly
difficult when we start doing it. But we get better at it and it gets easi@rth@ory is consistent
with the evidence which says that beginning drivers (for whom the task isilfjfflunk they're
worse than average (Rutter, Quine, & Albery, 1998). Experienced drivers thinletbetter
than average (Svenson, 1981). When they’re learning a task, people overestimate their
performance. As they gain experience, they are more likely to undettestiras performance

(Koriat et al., 2002) but come to believe that they are better than others.
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Cognitive vs. perceptual judgmentSome prior research has suggested that tendencies
toward overconfidence are stronger in cognitive than in perceptual judgmeres,(K@88).
Bjorkman, Juslin, and Winman (1993) asked their participants to determine which of two
weights was heavier and which of two rectangles, viewed from a distars&ngar.

Participants then made confidence judgments regarding their answers. ultsestggyested a
general tendency toward underconfidence in these judgments. However, otlrehegsea
replicate the hard/easy effect, wherein hard tasks generate overcoafaheheasy tasks
generate underconfidence, for both cognitive and perceptual judgments (B& &sthkusic,
1999). Unfortunately, all of these studies use the item-confidence paradigm thatitmake
impossible to distinguish the roles of overestimation and overprecision. More impgoani
of these studies measure participants’ expectations for performans@od#sible that there are
systematic differences between cognitive and perceptual judgment&sp#ct to prior
expected difficulty, and that this can account for some of the observed differences.

Debiasing Metcalfe’s (1998) review discusses debiasing methods that work to reduce or
eliminate overestimation where it does occur. These are all strikiogbystent with our
differential information theory. Most of Metcalfe’s recommendations invalieg people
better information about themselves or others. Indeed, Metcalfe (1998) arguelsaha
evidence exists for overestimation is more consistent with poor information abosioame’

performance (and the causes of it) than with self-deception.

Extensions to Other Phenomena
Fiedler's work (1991; 1996; 2000a) has persuasively demonstrated the broad applicabilit
of explanations such as the one we present in this paper. Fiedler applied his BIA®rele

explain such diverse phenomena as outgroup homogeneity, ingroup-serving bias, tonfirma
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bias and auto-verification, illusory correlations, the mere thinking effecttitunda polarization,
group polarization, constructive memory illusions, unpacking and category-spiisetiad
numerous other applications. The Bayesian logic presented by our theory isarsgbelcifying
the conditions under which the effects hypothesized by Fiedler’s theory will acd when they
will not.

In particular, Fiedler's BIAS model hypothesizes that when we recedgmprinantly
positive information about two groups, we will wind up with a more positive impression of the
group about whom we get more information. This is, for instance, why people have more
favorable attitudes toward ingroups and why outgroups are perceived as more homogeneous
(Sanbonmatsu, Sherman, & Hamilton, 1987). Our theory helps clarify the question af/&Posit
relative to what?” The answer is that information must be, on balance, betteritinan pr
expectations for it to influence judgments. When people have positive impressiogsoapi
and outgroup to begin with (before they gain more information about the ingroup), additional

positive information will be uninformative, and the predictions of the BIAS modehwailhold.

Limitations

The new data we present are illustrative, not definitive. We cannot clairhehaattern
we observe would hold regardless of context, task domain, or subject population, although our
theory does not suggest that these factors should matter. Our theory is, howeveanhtd me
account for all overconfidence effects. For instance, our theory cannot explaratianal
effects on overconfidence, nor can it account for the role of elicitation formats.

Motivational effects Some have found that overestimation increases with the personal
importance of the task domain (M. Ross, McFarland, & Fletcher, 1981; Sanbonmatsu et al.,

1987; Sanitioso, Kunda, & Fong, 1990). Other research has found that people are more likely to
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believe that they are better than others with whom they expect to compete vsatsofeiM.
P. Klein & Kunda, 1992). However, it is not simply the case that overconfidence is driven by
event desirability. A number of researchers have examined the effect of eveatililgson
optimism and found no effects (Helweg-Larsen & Shepperd, 2001; Weinstein, 1980). As Krizan
and Windschitl's (2007) review of the literature shows, the evidence for wishfulriginki
which optimism is influenced by event desirability, is not strong.

Our theory cannot account for evidence showing that estimations of future peeriman
reduced when the time for the task draws near (Carroll, Sweeny, & Shepperd, 2006hGil
Kerr, & Medvec, 1993; Nussbaum, Liberman, & Trope, 2006). Nor can we account farevide
showing that estimations of future performance go down when the task is real vs. tigglothe
(Armor & Sackett, 2006).

While research on motivation has generally focused on motivational causes of
overestimation and overplacement, we ought to point out the fact that there ai@nsiina
which people may be motivated to report that they are worse than others. Such is thiéhcas
social status, where overestimating one’s status can lead to ostracisnraugdonp conflict
(Anderson, Srivastava, Beer, Spataro, & Chatman, 2006). And while there are some @omains
which overconfidence can be adaptive, it can also undermine effort and performaneg (St
1994; Vancouver, Thompson, Tischner, & Putka, 2002) and it can lead to greater disappointment
when performance falls short of inflated expectations (McGraw, Mellersiat,RR004).

Motivational effects on confidence judgments are real and robust. They avatgide
the purview of our theory. And we would hasten to note that none of the theories that can

account for these motivational effects can account for the empiricakresufiresent:
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underestimation on easy tasks, underplacement on difficult tasks, and overpreceiaction
of both overerstimation and overplacement.

What constitutes performanceé®e have implicitly assumed that it is easy to specify
what constitutes performance. In our study, there is little ambiguity aboutlow items each
participant answered correctly on each trivia quiz. However, a substantialtimo@dithe
evidence showing overplacement employs tasks on which performance lig satgective.
Svenson (1981), for instance, did not tell his participants exactly what constituted dkivirg
he asked them how their driving skills compared with those of other drivers and lef ithaort
to determine how to assess driving skill. Indeed, Dunning, Meyerowitz, and Holzbergy (1989
showed that the more subjective the domain, the more latitude people have to cldweythes t
better than others. This may be because the motivation to claim undeservedwisgastis
unleashed in domains where people know that nobody can expose their exaggerations. It could
also be the consequence of varied and idiosyncratic definitions of what congtitemmance
(Santos-Pinto & Sobel, 2005; Van den Steen, 2004).

We should note that when the performance criterion is vague, it becomes difficult t
assess the accuracy of estimations of performance. Consequently, it syrtotre@asure the
relationship between overestimation and overplacement in vague domains. Thighgesehy
vague performance domains did not provide a useful context in which to test our theory.

Direct vs. indirect measureslhe leading explanation for above- and below-average
effects is differential weighting: When making comparative judgmeetsple overweight self-
knowledge and underweight knowledge about others (J. R. Chambers & Windschitl, 2004;
Giladi & Klar, 2002). In our study we only measured comparative judgmentsatiglir§Ve did

not directly ask people to compare themselves with others. Research hasygenecithat
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both overplacement on easy tasks and underplacement on difficult tasks is stronger when
comparisons are elicited directly than indirectly (J. R. Chambers & Wirij904). Our
theory cannot account for this difference in elicitation formats.

However, some research suggests that discrepancies between direct actd indire
elicitation methods are an artifact of question format, and that paralleiauEstnats can
eliminate the discrepancy (Burson & Klayman, 2005; Moore, 2007). And while the diféére
weighting explanation is useful for accounting for some important resultseit domparative
judgments (Kruger, Windschitl, Burrus, Fessel, & Chambers, in press), it cacoonhafor the
presence of overplacement or underplacement effects in indirect comparativeniglguch as
those we present. (Indirect comparative judgments are computed using th& copgiarison
between individual judgments of self and other.)

The self-selection problenktven if, as our theory implies, people believe just as easily in
their own inferiority as in their superiority, it does not follow that we should expesse
unbiased judgment in everyday judgments. In life, people are not randomly assidreed to t
universe of all possible tasks. Instead, people self-select based, in part, othefyéedieve
they can distinguish themselves from others (Tesser, 1988). This fact has twamnpor
consequences. First, easy tasks, on which more people feel competent, aiitcitraany
competitors (Moore, Oesch, & Zietsma, in press). Itis, after all, indsistigh as restaurants,
bars, and hobby shops that see the highest rates of entry, most intense competition, and,
consequently, the highest rates of failure (Geroski, 1996; U.S. Small Business agtam,
2003). Second, we should expect overplacement to be the rule if we sample the beliefs of only

those who have chosen to enter or compete.
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Future Research
Our failure to replicate prior findings regarding correlations betwesasuores of
individual difference and overconfidence is notable. We cannot account for this disgtepa
We can only speculate that its cause may have to do with differencesretwaeseasures of
overconfidence and those used in those other studies. However, this is cleargr fomfatture
research.

We think that the greater robustness of overprecision in our data is interesting, dnet w
reluctant to conclude that overprecision is a universal tendency. Researghstieas that
overprecision is sensitive to the situational context (Block & Harper, 1991) andkcitedieh
method (Budescu & Du, in press; Juslin & Persson, 2002; Juslin et al., 1999). Furthermore,
important questions remain about the causes for overprecision. Some researghdstiedthat
anchoring and insufficient adjustment might be at work in causing overprecisomk &

Harper, 1991; Juslin et al., 1999). If people anchor on an initial answer and adjust argbyffici
from it when building a confidence interval around it, that would produce apparent
overprecision. Other researchers have suggested that confirmation biaedriarmation
retrieval may be at work (Hoch, 1985; Klayman et al., 1999; Koriat, LichtensteiiscHoff,
1980). Some research suggests the same memorial processes that gianBenation bias
may lead to anchoring (Mussweiler & Strack, 1999; Strack & Mussweiler, 1997), atieg ma
also to overprecision. Some of the most promising evidence highlights the role of faulty
statistical intuitions surrounding the construction of confidence interuatir(&t al., in press).

Despite the many studies that that have shown overprecision, it has been examined
primarily in just two ways: (1) using interval estimates of numerical arsto trivia questions

and (2) using the item-confidence paradigm, which confounds it with overestimation.
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Overprecision deserves to be studied with a greater variety of methods and iervagiresty of

contexts than it has been in the past.

Conclusions

We began this paper by discussing findings on overconfidence that seem penplexingl
inconsistent. Part of the reason for the apparent inconsistency was that ostermnhfas been
studied in three distinct ways, and prior research has not always been good ainguishsig
them. The most common paradigm used to study overconfidence actually confounds two
varieties—overestimation and overprecision—with one another.

In this paper, we have attempted to present an explanation for overconfidenca that ca
help relate the three different varieties to each other and explain theirigteno®s in empirical
evidence. Most notably, our theory explains the negative relationship between oar@stim
and overplacement across tasks. It also leads to the prediction, confirmed in the plissent,
that more precise beliefs tend to reduce both overestimation and overplacementddineee
we have reviewed and the new evidence we present both suggest that overestimation,
overplacement, and overprecision ac¢ different manifestations of the same underlying

construct. The three different types of overconfidence are conceptudlgnapirically distinct.
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Appendix A
Correlations across the 82 individuals between measures of overconfidence angsnas

individual difference. Alpha reliability measures for the three differgregyof overconfidence

also appear.
Overestimation Overplacement Overprecision
Overestimation o=.21

Overplacement 0.06 a=.29
Overprecision 0.24 -0.03 a=.95
Extraversion -0.15 -0.02 -0.08
Agreeableness 0.13 0.01 0.12
Conscientiousness -0.02 -0.09 0.11
Neuroticism -0.08 -0.15 0.04
Openness -0.11 -0.26 -0.08
Social comparison orientation 0.03 0.14 0.05
Narcissisism -0.01 0.09 -0.19
Self-esteem -0.13 0.03 -0.10
Overclaiming 0.21 0.07 -0.12
Generalized sense of power _g 16 0.01 -0.12
Perspective-taking 0.12 -0.11 -0.07
Empathy 0.13 0.00 -0.13
Cognitive reflection -0.19 0.08 -0.19
Social conservatism -0.10 -0.01 0.17
Economic conservatism -0.10 -0.01 0.20
Male 0.18 0.13 0.02

Age 0.18 -0.08 0.10
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