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Abstract. We study belief updating about relative performance in an ego-relevant task.
Manipulating the perceived ego relevance of the task, we show that subjects substantially
overweight positive information relative to negative information because they derive direct
utility from holding positive beliefs. This finding provides a behavioral explanation why
and how overconfidence can evolve in the presence of objective information. Moreover,

we document that subjects who receive more negative information downplay the ego rele-

https://doi.org/10.1287/mnsc.2023.02537

vance of the task. These findings suggest that subjects use two alternative strategies to pro-

tect their ego when presented with objective information.
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1. Introduction

In standard decision theory, beliefs are unaffected by
people’s hopes and desires; instead, new information is
processed in a Bayesian manner. This Bayesian model
is difficult to reconcile with empirical evidence on over-
confidence, which often leads to suboptimal decision
making. Examples include excessive entry in competi-
tive markets (Camerer and Lovallo 1999), distorted
investment and merger decisions of managers and
chief executive officers (CEOs) (Malmendier and Tate
2005, 2008), and polarization in politics (Ortoleva and
Snowberg 2015). Furthermore, overconfident CEOs
exhibit reduced responsiveness to performance feed-
back due to their optimistic financial outlook (Schuma-
cher et al. 2020), whereas entrepreneurs’ overconfident
forecasts are associated with an increased risk of firm
failures (Invernizzi et al. 2017). Although overconfident
CEOs tend to explore novel technological avenues
(Galasso and Simcoe 2011), there’s evidence that over-
confidence in product selection can lead to inferior out-
comes compared with random choices (Feiler and
Tong 2022). Thus, overconfidence is a common phe-
nomenon, but a remaining puzzle is why and how
overconfidence can evolve and persist in the presence
of objective information.

We use a novel experimental design to provide
causal evidence for the hypothesis that people over-
weight positive information relative to negative infor-
mation because they derive direct utility from holding
positive beliefs. Specifically, we study belief updating

behavior in a single event (i.e., relative performance in an
IQ test) and manipulate the perceived ego relevance of
this event (i.e., how much people care about their rela-
tive performance in the IQ test). Our results show that
subjects overweight positive information relative to neg-
ative information when the perceived ego relevance of
the underlying event is increased. This finding provides
a behavioral foundation for the persistence of overcon-
fidence in ego-relevant settings despite the presence of
objective information.

Previous experiments tested this optimistic belief up-
dating hypothesis by comparing updating behavior be-
tween different events, which vary in their level of ego
relevance (Eil and Rao 2011, Ertac 2011, Grossman and
Owens 2012, Buser et al. 2018, Coutts 2019, Mobius et al.
2022, Coffman et al. 2023). For instance, Coutts (2019)
compares updating behavior in beliefs about other’s
(ego-neutral) versus own (ego-relevant) IQ scores. Taken
together, this experimental evidence has produced a
variety of mixed results with evidence in favor of and
against the optimistic belief updating hypothesis (Benja-
min 2019, Barron 2021, Drobner 2022). One fundamental
challenge of the methodology used in this literature is
that different events vary in many dimensions, potentially
confounding the causal relationship between ego rele-
vance and belief updating. For instance, ego-relevant
and ego-neutral events may differ in the size and ambi-
guity of prior beliefs, making it difficult to distinguish
optimistic belief updating from prior-biased inference
such as base-rate neglect (Barron 2021). One goal of this
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paper is to resolve this identification problem by intro-
ducing exogenous variation in ego relevance within a
single event while holding other properties of the updat-
ing task fixed.

In our preregistered experiments,1 subjects perform
an IQ test, and we elicit their beliefs about the probabil-
ity of scoring in the top half of the performance distri-
bution. After the elicitation of initial beliefs, we provide
subjects with different information about the impor-
tance of 1IQ tests. In the High-Ego treatment, subjects
read an article containing scientific evidence arguing
that IQ tests are a strong predictor for intelligence and
future productivity. In the Low-Ego treatment, subjects
read an article containing scientific evidence suggesting
that IQ tests are not a valid measure for the complex
phenomenon of intelligence. As a result, we argue that
subjects in the High-Ego treatment perceive the IQ test
as being more ego-relevant and consequently derive
more direct belief utility than subjects in the Low-Ego
treatment.” After the treatment manipulation, we pro-
vide subjects with two binary signals and elicit poste-
rior beliefs about their relative performance in the IQ
test. These signals are noisy but informative and we
explicitly inform subjects that the true state of the world
will not be resolved.

Overall, our results provide several important in-
sights. First, we show that subjects update their beliefs
more optimistically as direct belief utility increases. We
provide several pieces of evidence in support of this
finding: (i) we document more optimistic final beliefs
in the High-Ego treatment compared with the Low-Ego
treatment, (ii) we compare updating behavior to the
Bayesian benchmark and show that subjects in the
High-Ego treatment update their beliefs optimistically,
whereas there is no such optimistic updating in the
Low-Ego treatment, and (iii) we show evidence for
motivated errors as the propensity of updates that go
in the opposite direction of the Bayesian prediction
increases for negative signals in the High-Ego treat-
ment, whereas it is independent of the valence of sig-
nals in the Low-Ego treatment. Taken together, these
results provide causal evidence for the optimistic belief
updating hypothesis and confirm a broad range of the-
oretical models with direct belief utility (Bénabou and
Tirole 2002, Caplin and Leahy 2019, Mobius et al.
2022).3 Moreover, these results complement the finding
of a contemporaneous project by Kozakiewicz (2022),
who introduces exogenous variation in ego relevance
by comparing updating behavior in response to either
a realized signal or potential realizations of signals. In
line with our results, Kozakiewicz (2022) documents a
positive effect of direct belief utility on self-serving sig-
nal interpretations.

Second, we show that subjects alter their perceptions
ex post about the ego relevance of the IQ test depend-
ing on the valence of signals received. Exploiting the

noisy signal structure, we provide causal evidence that
subjects consider the IQ test as being less ego-relevant,
and they indicate exerting less effort in the IQ test as
the number of negative signals increases. This finding
complements evidence presented by Van der Weele
and Siemens (2020) who find similar patterns in a self-
signaling experiment, where subjects downplay the
importance of doing well in a task if they receive nega-
tive performance feedback. Interestingly, we find that
this ex post rationalization of information is predomi-
nantly driven by the minority of subjects with pessimis-
tic updating patterns in the belief updating task.

2. Experimental Design

Figure 1 illustrates our experimental design. To esti-
mate the causal effect of direct belief utility on belief
updating, the experiment requires (i) a belief updating
task and (ii) exogenous variation in subjects’ per-
ceived ego relevance of the underlying event. We cap-
ture these features by implementing the following
experimental methodology. First, subjects performed
an IQ-related test. Second, we elicited subjects’ initial
beliefs about their relative performance in the IQ test.
Third, using a between-subjects design, we provided
subjects with different information about the impor-
tance of IQ tests. Fourth, subjects received noisy but
informative signals. Fifth, we elicited subjects” poste-
rior beliefs. The last two stages were repeated such
that subjects received two binary signals and reported
their posterior beliefs twice.

One important aspect of the experimental design is
that the treatment information was randomly assigned
after the prior belief elicitation to rule out the possibil-
ity that other prior related errors such as base-rate
neglect confound treatment differences in belief updat-
ing patterns. In addition, we explicitly informed sub-
jects that the true state of the world remains uncertain
during the course of the experiment. We implement
this design feature as Drobner (2022) demonstrates that
optimistic belief updating vanishes when subjects ex-
pect the immediate resolution of uncertainty. We now
provide a detailed description of the different parts of
the experiment.*

2.1. 1Q Test

Subjects performed a quiz with puzzles from Civelli
and Deck (2018) that are similar to the Raven Progres-
sive Matrix test, which is commonly used as an IQ test.
Subjects saw a set of 15 puzzles and had 30 seconds
each to choose the correct answer from a set of four
possible answers as illustrated in Figure 2. Subjects
received a piece-rate payment that varied between
€0.1 and €0.5 for each correct answer in the test. The
size of the payments was randomly selected for each
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Figure 1. (Color online) Experimental Design
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question to obfuscate the relationship between pay-
ments and IQ test performance.

2.2. Belief Elicitations

We elicited subjects” beliefs about the probability of
scoring in the top half of the IQ test performance distri-
bution in the session at three points at a time. In round
0, we elicited subjects’ initial beliefs before receiving

Figure 2. (Color online) IQ Test Question
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information. In round 1, we elicited subjects’ beliefs
after receiving the treatment information and the
first binary signal about their relative performance. In
round 2, we elicited subjects” beliefs after the receipt of
the second binary signal about their relative perfor-
mance. To incentivize truthful reporting, we imple-
mented a variation of the Becker-DeGroot-Marschak
(BDM) mechanism (Karni 2009). We asked subjects to
state the probability x which makes them indifferent
between winning a monetary prize of €2 with proba-
bility x and winning the same monetary prize if they
indeed performed in the top half of the performance dis-
tribution within the session. This mechanism ensures
that truthful reporting maximizes expected utility from
payments regardless of subjects’ risk preferences (Traut-
mann and van de Kuilen 2015).

2.3. Information About IQ Tests

In a between-subjects design, we asked subjects to read
an article that contains simplified and shortened infor-
mation summarizing scientific papers with evidence
about the importance of IQ tests. Subjects in the High-
Ego treatment received an article with scientific evi-
dence in favor of IQ tests as predictors for success and
well-being. Specifically, the article highlighted strong
correlations between IQ and ego-relevant future life
outcomes such as income and health. Subjects in the
Low-Ego treatment received an article with scientific
evidence against the validity of IQ tests as a measure
for intelligence.
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Figure 3. (Color online) Signal Generating Process
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To incentivize careful reading of the articles, subjects
were told that they would receive a question about the
content of the article at some later stage in the experi-
ment, providing the opportunity to win €2 if they
answer the question correctly. Specifically, we asked
subjects in the final questionnaire to choose the correct
name of authors cited in these articles.

2.4. Signals

Subjects received two binary signals containing either
positive signals or negative signals about their relative
performance in the IQ test. The signals were noisy but
informative with an accuracy level g = 66.67%. Follow-
ing Coutts (2019), subjects were told that one messenger
is randomly chosen from a set of three messengers to
transmit the signal as illustrated in Figure 3. Although
two messengers always transmit a truthful signal, the
third messenger always lies. The signal realization of

Figure 4. (Color online) Signal Realization
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Your performance was in
the Top 50%
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Messenger Nr. 2

Messenger Nr. 3

both positive signals and negative signals is illustrated
in Figure 4. While transmitting the signal, the messen-
gers wore sunglasses such that individuals could not
infer the reliability of the signal.

2.5. Questionnaire

We asked subjects to rate the importance of their per-
formance in the IQ test for their study and job success
on a seven-point Likert scale. The ratings serve as prox-
ies for subjects’ perceived ego relevance of the IQ test.
In addition, we elicited subjects’ self-reported effort in
the IQ test on a seven-point Likert scale. We concluded
the experiment with questions about the comprehensi-
bility of the instructions and standard demographics.

2.6. Setting and Sample Size

The experiments were conducted with subjects from the
laboratory for economic experiments at the Technical
University Munich (ExperimenTUM) using both offline
and online sessions due to the outbreak of COVID-19.
We programmed the computerized experiments with
the experimental software otree by Chen et al. (2016).
Recruitment was automated using the online recruit-
ment software ORSEE by Greiner (2015). A total of 419
subjects finished the experiment in 16 sessions (2 offline
and 14 online).” The number of subjects in a session var-
ied between 20 and 30.

3. Framework

In this section, we provide a stylized model of moti-
vated beliefs in the context of our experimental setting
to derive our main hypothesis. The framework follows
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Engelmann et al. (2024) by modeling the benefits and
costs of belief distortions as a function of direct belief
utility, instrumental belief utility, and cognitive costs
of belief distortions. In our experiment, subjects form
beliefs about the probability of scoring in the top half of
the IQ test within the session. After observing a binary
signal, subjects form beliefs i that may deviate from
objective Bayesian beliefs 1.

In our framework, subjects choose the optimal belief
(i, trading off the benefits and costs of belief distortions:

A 1. .
U= af  +5(1+20p— M= plu—p)° .
~—~ —_——

Direct belief utility

Cognitive costs

@

Instrumental belief utility

3.1. Direct Belief Utility

The first term describes that subjects derive direct util-
ity from beliefs (i through motives such as ego-utility
(Koszegi 2006), self-esteem (Bénabou and Tirole 2002),
or anticipatory utility (Brunnermeier and Parker 2005).
The parameter a captures the perceived ego relevance
of the underlying event.®

3.2. Instrumental Belief Utility

The second term describes the monetary incentives for
reporting beliefs (I under the BDM mechanism that we
used in the experiment.” The BDM mechanism implies
that subjects maximize their chance of winning a mone-
tary price M at fi = u.®

3.3. Cognitive Costs of Belief Distortions
The third term describes that deviations of beliefs i
from objective Bayesian beliefs 1 are associated with
cognitive costs of distorting reality (Bracha and Brown
2012, Coutts et al. 2024).
Maximizing Equation (1) results in the following
optimal belief fi:
. o
A VTR

@

Figure 5. Manipulation Check
(a)

3
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Notes. (a) Study success. (b) Job success.

If a =0, subjects form beliefs according to Bayes’ rule
(4 =p). If @>0, subjects derive positive direct belief
utility, resulting in inflated posterior beliefs in compari-
son with Bayesian beliefs ({i > ). In our experiment, we
manipulate @ by providing polarizing scientific infor-
mation about the importance of IQ tests in High-Ego and
Low-Ego treatments, respectively (a!fish—F > glow=Ego)
Consequently, we expect subjects in the High-Ego treat-
ment to process information more optimistically than
subjects in the Low-Ego treatment.

4. Results
The results of our experiment are contingent on the
assumption that subjects perceive the 1Q test as being
more ego relevant in the High-Ego treatment compared
with the Low-Ego treatment. To perform a manipulation
check, we compare subjects’ self-reported importance
of the IQ test for study and job success measured on a
Likert scale (1, very low importance; 7, very high impor-
tance) between High-Ego and Low-Ego treatments.
Figure 5 illustrates the ratings for study success (a)
and job success (b) separately for High-Ego and Low-Ego
treatments. It shows that subjects in the High-Ego treat-
ment in fact rate the importance of the IQ test higher
than subjects in the Low-Ego treatment for both study
success (Wilcoxon rank-sum test, p < 0.001) and job suc-
cess (Wilcoxon rank-sum test, p < 0.001).°

4.1. Aggregate Beliefs

The main outcome variables from our experiment are
subjects” beliefs about scoring in the top half of the IQ
test within the session. Initial beliefs, measured before
subjects received the treatment information about the
importance of IQ tests, exhibit signs of overconfidence.
Pooling data from both treatments, initial beliefs of being
in the top half are on average 55.7% and, thus, signifi-
cantly above 50% (Wilcoxon signed-rank test, p <0.001).
The same result holds when testing within the two treat-
ments separately. In both treatments, initial beliefs are
significantly above 50% (Wilcoxon signed-rank test, both

(b)

Fraction
2 3

1

12 3 4 5 6 7

== High-Ego 1 Low-Ego
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Figure 6. Distributions of Final Beliefs: High-Ego vs. Low-
Ego
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p <0.05). As expected, the distributions of initial beliefs
do not differ significantly between High-Ego and Low-
Ego treatments (Kolmogorov-Smirnov test, p = 0.647).

To study the effect of ego relevance induced direct
belief utility on belief updating we compare final beliefs
between High-Ego and Low-Ego treatments. Final beliefs
are measured after subjects received the treatment infor-
mation about the importance of IQ tests and the two
noisy signals about their actual performance. Figure 6
depicts the distributions of final beliefs and shows that
subjects in the High-EQo treatment form more optimistic
final beliefs than subjects in the Low-Ego treatment (Wil-
coxon rank-sum test, p = 0.004).

In Table 1, we quantify the average treatment effect
on final beliefs, accounting for potentially confounding
imbalances between treatments. Specifically, in column 1
of Table 1, we regress final beliefs on a treatment
dummy (1 if High-Ego, 0 if Low-Ego), controlling for ini-
tial beliefs, gender, and IQ test scores.’’ The estimated

Table 1. Final Beliefs: High-Ego vs. Low-Ego

coefficient for the treatment dummy documents that
final beliefs in the High-Ego treatment are on average
4.81 percentage points more optimistic than final beliefs
in the Low-Ego treatment (p = 0.026).

One alternative interpretation of the treatment effect
on final beliefs is that the treatment induces a level
shift in beliefs rather than a difference in updating be-
havior. This conjecture would imply that we see simi-
lar treatment differences in final beliefs independent of
the signal distribution. In columns 2—4 of Table 1, we
exploit the heterogeneity in signal distributions and
estimate the treatment effects on final beliefs for differ-
ent distributions of signals. Specifically, we run the re-
gression analysis separately for subjects who received
two negative signals, two mixed signals, or two posi-
tive signals. The results provide suggestive evidence
that the treatment effect is mostly driven by the sub-
jects who received two positive signals. This indicates
that a mere level shift in beliefs that is independent
of signals cannot explain the treatment effect on final
beliefs."'

Result 1. Initial beliefs are overconfident. Final beliefs in
the High-Ego treatment are more optimistic than final
beliefs in the Low-Ego treatment.

4.2. Comparison with Bayesian Benchmark

We now extend the analysis and compare belief updat-
ing behavior to the normative benchmark of Bayes’ rule
using a structural empirical framework (Mobius et al.
2022). This structural framework provides several addi-
tional insights. First, in Section 4.1, we have shown that
subjects in the High-Ego treatment form more optimistic
final beliefs than subjects in the Low-Ego treatment, but
this analysis remained agnostic about whether the belief
updating process is generally optimistic or pessimistic
in comparison with the Bayesian benchmark. Second,

)

Dependent variable: Final Belief Full sample

negative signals

(2) 3) “)
Two Two
Mixed signals positive signals

High-Ego 4.807**
(2.155)
Initial Belief 0.708***
(0.055)
Female —2.316
(2.179)
IQ Test Score 1.520***
(0.489)
Constant 2.554
(4.726)
Observations (Subjects) 419
R? 0.407

3.667 0.563 8.074*
(3.363) (2.091) (3.238)
0.716*** 0.700%** 0.572%++
(0.096) (0.070) (0.086)
2.641 —0.484 —8.936***
(3.367) (2.180) (3.146)
0.019 ~0.238 0.203
(0.896) (0.494) (0.791)
—8.065 22,9394+ 42.028**
(6.762) (5.251) (8.985)
109 194 116
0.445 0.512 0.425

Note. Analysis uses OLS regressions with robust standard errors in parentheses.

*p < 0.10; **p < 0.05; ***p < 0.01.
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the structural framework allows a richer description
of updating behavior because we include updating in
both rounds after observing each binary signal. Third,
it implicitly takes initial beliefs into account and hence
controls for any between-subject differences in initial
beliefs. Fourth, it allows a direct comparison of sub-
jects” responsiveness to positive and negative signals,
accounting for other deviations from Bayes’ rule such
as conservatism or base-rate neglect.

Following Mobius et al. (2022), we use a logit trans-
formation to derive an augmented version of Bayes’
rule with indicators for positive signals I(s; = P) and
negative signals I(s; = N), respectively,

logit(f1,) = logit(d, ) +1(s; = P)log (ﬂ—pq]?)

+1(s; = N)log (1 ﬁNqN> , 3)

Adding parameters 0, fp, and Sy allows us to estimate
the following empirical model, which nests Bayes’ rule
as a special case (6 =, =y, = 1):

logit(f1,) = ologit(d; , 1) + Bpl(sit = P)log <1 qup>

+ Bp(sit = N)log (1 ﬁNw) + €. “)

The parameters fp and Sy represent subjects” responsive-
ness to positive and negative signals, respectively. Conser-
vatism implies that subjects update too little in response to
both positive and negative signals (8, < 1 Vs € {P,N}).
Optimistic belief updating is identified if subjects update
their beliefs more strongly upon the receipt of positive sig-
nals compared with negative signals (5, > f)-

Table 2 shows that the estimated coefficients for sub-
jects” responsiveness to signals are significantly below

Table 2. Belief Updating

one, providing evidence for conservatism. Pooling data
from both treatments shows that subjects update their
beliefs more strongly on the receipt of positive signals
compared with negative signals (8, > f,, p = 0.016).
More importantly, however, this asymmetry in respon-
siveness to positive signals and negative signals is
almost entirely driven by subjects in the High-Ego treat-
ment. Although subjects in the High-Ego treatment
are substantially more responsive to positive signals
(ﬁ?lgh_Ego > ﬁxlgh_EgO, p=0.001), there is no such opti-
mistic updating in the Low-Ego treatment (5™ " >

i,ow*Ego, p=0.798). This treatment difference in the
level of optimistic belief updating is confirmed by a
Chow test (ﬁgzgh—Ego - ﬁﬁzgh—Ego > ‘Bleow—Ego - IL\;)w—Ego, p

=0.025)."

Result 2. Subjects update their beliefs optimistically. Sub-
jects in the High-Ego treatment update their beliefs more
optimistically than subjects in the Low-Ego treatment.

In line with previous literature, 19.8% of our subjects
never update their beliefs and 10.5% update their
beliefs at least once in the opposite direction that Bayes’
rule would imply (Mobius et al. 2022). In the following
exploratory analysis, we analyze whether these zero or
wrong updates can be attributed to noise or motivated
errors, that is, an extreme form of optimistic belief
updating (Exley and Kessler 2024). The idea of moti-
vated errors in our setting is that people have a higher
propensity for wrong and zero updates if they i) receive
a negative signal and ii) belong to the High-Ego treat-
ment. In Table 3, we regress a dummy variable for zero
and wrong updates on a dummy for observing a nega-
tive signal and IQ test scores. Controlling for IQ test
scores, the noisy signal structure allows us to estimate
the causal effect of observing a negative signal on the
propensity to form zero and wrong updates in a given
round. Causality is established because, conditional on

M

@ ®)

Dependent variable: Logit Belief Pooled High-Ego Low-Ego

o 0.877*** 0.841%** 0.899***
(0.030) (0.055) (0.032)

Br 0.716*** 0.796*** 0.642%*
(0.048) (0.070) (0.067)

Bn 0.557*** 0.477%%* 0.619***
(0.051) (0.073) (0.068)

Observations 715 348 367

R? 0.703 0.677 0.728

Bp—Bn 0.159 0.318 0.023

p value (B, = By) 0.016 0.001 0.798

p value (Chow test) for (8, — ) (Regressions 2 and 3) 0.025

Notes. Analysis uses OLS regressions with robust standard errors clustered at the individual level. Analysis includes two observations (belief
updates) for each subject but excludes observations with boundary beliefs because the logit is not defined for zero or one.

*p < 0.10; **p < 0.05; **p < 0.01.
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Table 3. Motivated Errors

Table 4. Ex Post Rationalization

Dependent variable Zero Update

@ @ ©) ©
High-Ego Low-Ego High-Ego Low-Ego

Wrong Update

M @) ®)

Dependent variable Importance Effort

Study success  Job success

Negative Signal 0.279** 0.054 0.436*  —0.028
(0.131) (0.118)  (0.203)  (0.223)
IQ Test Score 0.050 0010  —0.097  0.008
(0.036) 0.028)  (0.054)  (0.045)

Constant —1.030**  —0.333 —0.742 —1.424%**
(0.373) (0.283) (0.497) (0.463)

Observations 395 398 284 255

Pseudo-R? 0.011 0.001 0.067 0.000

Notes. Zero or wrong updates are dummy variables which are equal
to 1 if subjects do not update in a given round or update in the wrong
direction. To provide a clean comparison with correct updates, the
regression analysis of zero updates excludes wrong updates and the
regression analysis of wrong updates excludes zero updates. Analysis
uses Probit regressions with clustered standard errors at the individual
level in parentheses.
*p < 0.10; **p < 0.05; ***p < 0.01.

subjects’ IQ test scores, whether they observe a positive
or negative signal is completely random. The results in
columns 1 and 2 show that the propensity of zero
updates is positively affected by observing a negative
signal in the High-Ego treatment (p=0.034), whereas it
has no effect in the Low-Ego treatment (p=0.648). Like-
wise, the results in columns 3 and 4 show that the pro-
pensity for wrong updates is positively affected by
observing a negative signal in the High-Ego treatment
(p=0.032), whereas it has no effect in the Low-Ego treat-
ment (p=0.899).

Result 3. The propensity of wrong and zero updates is
increasing for negative signals in the High-EQo treatment,
whereas it is independent of the valence of signals in the
Low-Ego treatment.

4.3. Ex Post Rationalization

One implicit assumption of the framework in Section 3
and the analysis thus far is that ego relevance induced
direct belief utility affects the way people process infor-
mation but not vice versa. We now relax this assump-
tion and allow subjects to choose the ego relevance of
the IQ test depending on what type of signals they
receive (i.e., they exert some control over the shape of
their direct belief utility function).

To this end, we estimate how our proxies for ego rel-
evance, that is, subjects’ self-reported importance of the
IQ test for study and job success, are affected by the
number of negative signals received. In addition, we
also test whether subjects rationalize negative signals
by indicating lower effort provision.

In columns 1 and 2 of Table 4, we regress subjects’
self-reported importance of the IQ test for study and
job success on the number of negative signals received

Negative Signals —0.306** —0.285** —0.266**
(0.124) (0.125) (0.127)
1Q Test Score 0.094** 0.110%** 0.178***
(0.040) (0.040) (0.041)
Initial Belief 0.010** 0.004 0.012%**
(0.004) (0.004) (0.004)
High-Ego 0.679*** 1.088*** 0.130
(0.177) (0.182) (0.178)
Observations (Subjects) 419 419 419
Pseudo-R* 0.033 0.043 0.039

Notes. Subjects’ self-reported importance of the IQ test for study and
job success as well as the indicated effort are measured on a seven-
point Likert scale. Analysis uses ordered logistic regressions with
standard errors in parentheses.

*p < 0.10; **p < 0.05; **p < 0.01.

and IQ test scores. Following the identification strategy
in Table 3, causality is established because conditional
on subjects’” IQ test scores, the number of negative sig-
nals received is completely random. The results show
that subjects in fact rate the importance of the IQ test
for study success (p =0.014) and job success (p = 0.023)
lower as the number of negative signals increases.
One interpretation of this result is that subjects ex
post rationalize negative signals by downplaying the
importance of the IQ test. An alternative interpretation
is that people hold a certain belief about their intelli-
gence and (rationally) update their beliefs about the
reliability of the IQ test as a signal for intelligence
depending on the valence of signals observed. How-
ever, the result in column 3 shows that subjects also
indicate less effort provision in the IQ test when they
observe more negative signals (p = 0.036), although we
are controlling for IQ test scores. The latter result is dif-
ficult to reconcile with a rational belief updating pro-
cess but rather confirms the ex post rationalization
in’cerp1’e’ca’cion.13

In Online Appendix C.5, we demonstrate that ex post
rationalization is stronger among subjects with pessimis-
tic belief updating patterns (compared with Bayes) and
almost vanishes for subjects with neutral or optimistic
belief updating patterns. This finding suggests that ex
post rationalization provides a substitute strategy for
optimistic belief updating to explain away negative infor-
mation. In other words, subjects have no reason to engage
in optimistic belief updating if they find alternative ways
to protect their ego utility.

Result 4. Subjects rationalize negative signals about their
relative performance ex post by downplaying the impor-
tance of the 1Q test and pretending that they did not exert
much effort in the IQ test.
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5. Conclusion

We used experiments to demonstrate the importance of
ego relevance-induced direct belief utility on belief
updating behavior. As opposed to a comparison of
belief updating between different events with varying
ego relevance, we manipulate the perceived ego rele-
vance in a single event. This design feature allows us to
study the causal effect of ego relevance on belief updat-
ing behavior while holding other properties of the
updating task fixed.

Our results show that subjects update their beliefs
more optimistically as direct belief utility increases. To
this end, we even find evidence that subjects are more
likely to update their beliefs in the opposite direction of
the Bayesian prediction when they are confronted with
information that negatively affects their direct belief
utility. In addition, we show that subjects ex post ratio-
nalize negative information by downplaying the ego
relevance of the underlying event. This ex post rational-
ization is more prevalent among subjects with pessi-
mistic belief updating patterns.

From a methodological perspective, our experimen-
tal manipulation of ego relevance provides a portable
paradigm to study interactions of direct belief utility
with other biases in people’s belief formation process.
Our findings on ex post rationalization are of relevance
to researchers interested in identifying motivated be-
liefs. For them, it is important to constrain people’s abil-
ity to downplay the ego relevance of the event after
receiving negative information because it undermines
their motive for self-serving biases in belief formation.

From a practical perspective, our documented biases
in information processing might adversely affect
managerial decision making. The negative impact of
overconfidence on decision making has been widely
documented in the literature, and our results causally
link higher overconfidence to settings with increased
ego relevance. Our findings suggest that decision en-
vironments designed to downplay the ego relevance
of a decision might result in less biased decision mak-
ing. An alternative strategy worth exploring involves
implementing data-driven decision support systems,
which should not be prone to people’s ego-protecting
biases in the processing of information.
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Endnotes

! Table A.1 in Online Appendix A maps the preanalysis plan to our
paper.

2 Direct belief utility describes a hedonic value of holding a particular
belief such as deriving ego utility (Készegi 2006) or anticipatory utility
(Brunnermeier and Parker 2005) from holding positive beliefs. To this
end, direct belief utility is distinct from belief utility in the Bayesian
model, which is purely instrumental and indirectly derived by mak-
ing the best possible decision based on accurate beliefs.

8 Other behavioral predictions of this type of models include moti-
vated memory (Zimmermann 2020) and motivated information
avoidance (Golman et al. 2017). In this paper, we focus on optimistic
belief updating in the short run but the intuition of our results also
applies to these related behavioral mechanisms.

# Full experimental instructions are provided in Online Appendix D.

5 Overall, 451 subjects participated, but 32 students dropped out
during the online experiments.

6 For simplicity, we assume linearity in direct and instrumental
belief utility because we only need monotonicity but not risk neu-
trality or other properties of von Neumann-Morgenstern utility the-
ory to derive our main hypothesis.

7 The formula is derived from Engelmann et al. (2024) and Hill (2017).

8 For simplicity, we abstract from the fact that individuals may
derive instrumental utility from the beliefs they hold about their rel-
ative IQ from decisions they make outside the laboratory because it
does not affect the qualitative predictions of the framework.

? The responses to the self-reported importance of the IQ test might
be prone to experimenter demand effects. However, in Online
Appendix B, we discuss why experimenter demand effects are only
of minor concern for the main results of our experiment.

19 Online Appendix C.1 shows that initial beliefs, gender, and IQ
test scores do not differ significantly between treatments.

" In Online Appendix C.3, we expand this discussion in the context
of the structural framework used in the following section.

2Tn Online Appendix C.2, we provide several robustness checks.
First, we replicate the analysis with restricted samples excluding sub-
jects who do not update their beliefs in the direction of the Bayesian
prediction. Second, we smooth boundary priors to run the regression
analysis including the most optimistic and pessimistic subjects in the
sample. Third, we address the potential endogeneity concern that
arises when belief updating systematically differs between subjects
ranked in the top half or the bottom half of the IQ test (Barron 2021).
The robustness checks confirm the results in Table 2.

13 Table 4 shows the regression analysis for the pooled data from
both treatments. In Online Appendix C.4, we run the regressions
separately for High-Ego and Low-Ego treatments. The corresponding
results indicate some differences in the magnitude of ex post ratio-
nalization, which are, however, not statistically significant at any
conventional level.
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