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Abstract

This paper studies why individuals sometimes seek feedback and sometimes
avoid it, even when feedback is payoff-irrelevant and cannot affect material out-
comes. It develops a behavioral explanation for why the same individual may seek
feedback in some states but avoid it in others.

The model combines three elements: a private cue that generates a task-specific
self-evaluation point, rank-based ego utility defined by the percentile position of
that self-evaluation within a subjective Beta belief distribution over fixed latent abil-
ity, and outcome-concordance salience in the prospective evaluation of feedback.
Realized feedback is processed by Bayes’ rule.

The model yields a unique feedback-seeking threshold. For interior self-
evaluation points, feedback is sought if and only if the current self-evaluation
lies below this threshold. Belief asymmetry determines the threshold’s position

relative to the mode of the belief distribution, while Bayesian updating shifts the
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threshold over time. Holding self-evaluation fixed, observed negative feedback
can therefore generate a reversal from feedback seeking to feedback avoidance in
subsequent decisions.

The paper provides a tractable threshold-based account of payoff-irrelevant
information demand that separates task-specific self-evaluation from beliefs about
latent ability. It links ego utility, information avoidance, and feedback seeking
within a single model and generates testable predictions showing that feedback
choice depends not only on current self-evaluation but also on the underlying belief

distribution.

JEL codes: C11, D80, D83, D91
Keywords: ego utility, feedback seeking, information avoidance, payoff-irrelevant
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1 Introduction

1.1 Motivation: A Feedback-Seeking Puzzle

Consider a completed task for which viewing the correct answer cannot affect any later
payoff-relevant action or performance measure. For example, an e-learning platform
may provide a costless “show the correct answer” button after a stand-alone practice
question, with no effect on grades, rankings, payments, or future opportunities. Yet
users differ sharply in whether they click it. Some immediately seek verification,
especially when they feel unsure. Others postpone, ignore, or actively avoid seeing
the solution, especially when it may threaten a favorable self-image. Similar behavior
appears in everyday low-stakes settings, such as home cooking, small do-it-yourself
projects, language practice, or informal skill exercises, when the feedback has no
material consequences: people sometimes actively seek feedback but at other times
prefer not to know.

The behavioral intuition we seek to capture is simple. A person who has a rela-
tively unfavorable assessment of her current performance may actively seek verifica-
tion, whereas a person with a more favorable self-evaluation may be more willing to
postpone or avoid feedback. Our model does not treat this as a simple confidence effect.
Instead, feedback seeking depends on where the current task-specific self-evaluation
point lies relative to the feedback-seeking threshold. Thus, the same self-evaluation
can lead to different feedback choices for individuals with different subjective belief
distributions over latent ability.

The puzzle is not simply why people avoid bad news. Standard accounts of infor-
mation avoidance emphasize that individuals may shy away from belief-threatening
information (Golman et al., 2017). Feedback behavior may nevertheless have a stage-
dependent structure: uncertainty about current performance can motivate information
seeking, while unfavorable self-relevant information can reduce the appeal of later

feedback. A unified behavioral account should therefore allow both initial feedback



seeking and subsequent feedback avoidance within the same framework.

We study payoff-irrelevant feedback: feedback about a completed task that cannot
change the submitted answer or affect material payoffs, grades, rankings, or oppor-
tunities. It may update beliefs and thereby affect subsequent feedback choices, but it
has no instrumental value for material outcomes in the baseline environment. This
environment isolates the belief-based and self-image-based value of feedback. Nev-
ertheless, feedback can matter psychologically because it changes the subjective belief
distribution relative to which the individual’s current task-specific self-evaluation is

assessed.

1.2 Behavioral Mechanism and Contributions

The model distinguishes two objects that are often conflated. The first is a subjective
belief distribution over possible values of a fixed latent ability parameter a € [0, 1],
interpreted as the long-run success probability in a homogeneous task class. The latent
parameter itself is fixed but unknown to the decision maker; the belief distribution
represents her subjective uncertainty about it. The second object is a task-specific self-
evaluation point x;, formed after attempting the current task and based on private
cues such as perceived difficulty, fluency, hesitation, familiarity, and confidence. The
former summarizes subjective beliefs about latent ability; the latter summarizes how
the current answer feels at the moment of the feedback decision.

We represent ego utility as rank-based. A self-evaluation point generates higher
ego utility when it occupies a higher percentile position within the individual’s own
subjective belief distribution over latent ability. Thus, the same self-evaluation can have
different psychological value for two individuals with different belief distributions. As
formalized in Section 2.4, this percentile position is represented by the cumulative
distribution function of the individual’s belief distribution.

The feedback decision is governed by a simple behavioral mechanism. Before
teedback is observed, the individual evaluates the possible ego consequences of two

outcomes: positive feedback, indicating that the current answer is correct, and negative



teedback, indicating that the current answer is incorrect. We model this prospective
evaluation through an outcome-concordance salience rule: when considering a pos-
sible feedback outcome, the individual places greater psychological weight on those
possible values of latent ability under which the contemplated outcome is more likely.
Once feedback is actually observed, beliefs are updated by Bayes’ rule. The departure
from standard Bayesian evaluation therefore lies not in updating after feedback is ob-
served, but in the salience-based prospective evaluation of possible feedback before it
is observed.

The behavioral primitives are the private-cue-based self-evaluation point, rank-
based ego utility, and outcome-concordance salience in the prospective evaluation
of feedback; realized feedback is processed by Bayes” rule. From these primitives,
the analysis derives three results. First, payoff-irrelevant feedback can have positive
or negative subjective value despite having zero instrumental value in the standard
benchmark. Second, for interior self-evaluation points, feedback is sought if and only
if the task-specific self-evaluation point lies below a unique threshold. Third, Bayesian
updating shifts this threshold and, holding the self-evaluation point fixed, can generate

history-dependent reversals between feedback seeking and feedback avoidance.

1.3 Related Literature

Ego utility and motivated beliefs. Ego-utility models (Kdszegi, 2006; Koszegi et al.,
2022) formalize the utility from self-image and show that individuals may avoid harm-
ful information. Related self-signaling work treats beliefs about imperfectly known
personal characteristics as a source of self-image and diagnostic utility (Prelec and Bod-
ner, 2003), while a recent survey organizes the broader economics of self-image around
beliefs about one’s core traits, values, goals, and social ties (Bénabou and Henkel, 2025).
Recent experimental evidence shows that individuals engage in motivated belief up-
dating and rationalization when processing ego-relevant information (Drobner and
Goerg, 2024). Relatedly, Mobius et al. (2022) document systematic asymmetries in

belief updating—overweighting positive signals and updating too little overall. These



asymmetries are substantially weaker in an ego-free control condition, suggesting that
they are driven in part by preferences over beliefs rather than by a general feature of
information processing. Building on this insight, we provide a rank-based formulation
of ego utility that yields a feedback-seeking threshold. By studying payoff-irrelevant
feedback, we isolate the belief-based channel from instrumental motives for informa-
tion acquisition. The model also connects to work on reference-dependent preferences
and attention allocation (Kovach and Suleymanov, 2023), while shifting the focus to

belief-based utility in payoff-irrelevant feedback settings.

Information avoidance. Our work builds on the broader literature showing that indi-
viduals may avoid information because of its anticipated psychological consequences
(Golman et al., 2017). In our setting, the decision maker chooses whether to observe
payoff-irrelevant feedback about a completed task. Our contribution is to show that
this choice is governed jointly by the subjective belief distribution over latent ability
and the current task-specific self-evaluation point. The model therefore characterizes

both feedback seeking and feedback avoidance through a single threshold rule.

Initial feedback seeking and subsequent feedback avoidance. In an incentivized
learning environment in which feedback also has instrumental value, low confidence
in current performance predicts greater feedback seeking (Cagna et al., 2024). Other
evidence documents asymmetric processing of favorable and unfavorable self-relevant
information (Eil and Rao, 2011), while information demand can depart systematically
from standard informational benchmarks (Hoffman, 2016). More generally, experi-
mental work on learning from outcome feedback in repeated environments (Pittnauer
and Hohnisch, 2023) motivates our focus on how the feedback-seeking threshold, and
thus information demand, evolves over time. Our model shows how initial feedback
seeking and subsequent feedback avoidance following observed negative feedback can

arise from a single threshold mechanism that shifts through Bayesian updating.



Optimal optimism and anticipatory utility. Brunnermeier and Parker (2005) study
agents who optimally choose subjective beliefs to maximize average felicity, trading
off the immediate anticipatory utility of optimism against the deterioration in realized
outcomes caused by decisions taken under distorted beliefs. Their framework explains
why favorable beliefs may be sustained despite their behavioral costs. By contrast, our
model does not study the direct choice of beliefs, but rather feedback seeking condi-
tional on a given belief distribution, and therefore emphasizes how belief asymmetry
and current self-evaluation jointly govern information acquisition.

Caplin and Leahy (2001, 2004) analyze anticipatory utility in settings where beliefs
generate anxiety, suspense, and other feelings before uncertainty is resolved, which
makes the timing and disclosure of information central for welfare. Their focus is
therefore on the resolution of uncertainty and, in the 2004 paper, on strategic infor-
mation provision by an informed sender. Our model instead abstracts from sender
strategy and studies when an individual seeks or avoids feedback given an existing
subjective belief distribution and a current self-evaluation point.

Bénabou and Tirole (2003, 2009, 2016) develop models in which agents manage
beliefs because confidence, self-image, and anticipatory feelings affect motivation,
behavior, and strategic interaction. In this literature, maintaining favorable beliefs
can be instrumentally valuable because it supports effort, influences self-inference, or
shapes bargaining outcomes. By contrast, our framework isolates feedback seeking
in a payoff-irrelevant environment, so information acquisition is not driven by the
instrumental value of beliefs for future performance or strategic behavior.

Taken together, these literatures show that beliefs may matter because they generate
anticipatory utility, sustain motivation, or shape strategic interaction. Our contribution
is to show that, abstracting from these channels, payoff-irrelevant feedback seeking
admits a sharp threshold characterization: the feedback-seeking threshold depends
on belief asymmetry and task-specific self-evaluation, and shifts predictably under

Bayesian updating.



1.4 Paper Roadmap

The remainder of the paper proceeds as follows. Section 2 presents the behavioral
environment, including the private-cue stage, the latent ability interpretation, the Beta
belief specification, and rank-based ego utility. Section 3 analyzes the model, character-
izing the feedback-seeking threshold, its comparative statics, and its dynamic evolution
through experience. Section 4 discusses alternative mechanisms, states testable pre-

dictions, and concludes.

2 Model

2.1 Repeated Tasks, Latent Ability, and Feedback

The decision maker faces a sequence of independent tasks drawn from a homogeneous
task class 77. She possesses a latent ability parameter a € [0, 1], representing the
probability of correctly answering a randomly drawn task from 7. This parameter is
fixed but unknown to the decision maker. If she were to solve a large number of tasks
from 7, the empirical frequency of correct answers would converge to a. Thus, «a is
interpreted as her long-run success probability within this task class.

Many learning situations naturally fit this structure: a student solving calculus
problems of similar difficulty, a language learner answering vocabulary questions, a
medical trainee repeatedly diagnosing similar cases, or a chess player solving tactical
puzzles. In each case, there is an underlying ability to solve tasks from that class, and
each individual problem can provide a noisy signal about persistent ability.

For each task t, conditional on the fixed but unknown latent ability «, the outcome

follows a Bernoulli distribution: s; | @ ~ Bernoulli(«). Equivalently,

P(si=1]a)=ua, P(s;=0]a)=1-a.

Here s; = 1 denotes a correct answer and s; = 0 denotes an incorrect answer. The



decision maker knows the Bernoulli data-generating process but not the fixed value of
a. Her uncertainty about « is represented by a subjective belief distribution introduced
in Section 2.3, from which her subjective predictive probabilities for the current task
are derived.

Once the answer has been submitted, the outcome s; is realized but is not yet
observed by the decision maker. She then chooses whether to observe feedback.
Feedback is payoff-irrelevant: it cannot change the submitted answer, material payoffs,
or grades. If she observes feedback, the realized s; is revealed and enters Bayesian
updating. If she declines feedback, the realization remains unobserved and does not

update her beliefs in the baseline voluntary-feedback environment.

2.2 Private Cues and Task-Specific Self-Evaluation

After submitting an answer to task t, but before deciding whether to view feedback, the
decision maker obtains a private cue r; € R about the current task. The cue summarizes
task-specific impressions formed during problem solving, such as perceived difficulty,
fluency, hesitation, familiarity, and confidence.

Let u; denote the decision maker’s current subjective belief distribution over possi-
ble values of the fixed latent ability a. The private cue, together with the current belief
distribution, generates a task-specific self-evaluation point through a measurable func-
tion

x¢ = x(re, ue) €[0,1].

Higher values of x; indicate a more favorable task-specific self-evaluation of the current
answer, whereas lower values indicate a less favorable one.

The variables x; and «a play different roles. The fixed latent parameter a represents
the individual’s persistent long-run success probability within the task class, whereas
x; represents her evaluation of the particular answer just submitted. We place x; on
the same normalized performance scale [0, 1] as the possible values of «, so that the
position of x; within the individual’s subjective belief distribution p; is well defined.

For the feedback-choice analysis, we restrict attention to interior self-evaluation
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points x; € (0,1). The boundary cases are degenerate because the subjective value of
feedback satisfies V(0) = V(1) = 0, as established in the feedback-seeking threshold
analysis in Section 3.2.

The private cue enters the baseline model only through x;; it is not an additional
likelihood term for updating beliefs over a. This is a modeling restriction, not a
claim that task-specific impressions are uninformative about correctness. The analysis

conditions on the realized x;; Section 4.3 discusses the omitted joint stochastic structure.

2.3 Beliefs over Latent Ability

The decision maker is uncertain about the fixed latent ability & and holds a subjective
belief distribution p; over its possible values at each task t. We use 0 € [0, 1] to index
a generic possible value of a in the support of this belief distribution. Thus, @ denotes
the fixed but unknown latent ability, whereas 0 is the variable over which the decision
maker’s subjective belief is defined.

We now specialize u; to the Beta family. Specifically, at the moment of the feedback
decision for task t, beliefs are represented by u; = Beta(a;, b;). The parameters (a¢, by)
summarize the current belief, incorporating the initial belief and all feedback about
past tasks that has been observed up to that point. For the single-task analysis, we
suppress the task index and write y = Beta(a, b).

Formally, the density of the subjective belief i, written as a function of the possible

value 0 of the latent ability, is:

1
B(a,b)

f(O|a,b)= 0" 11-0)y""1, a>1,b>1, (1)

where B(a, b) is the Beta function.
The parameters (a, b) characterize two features of the current subjective belief dis-

tribution. Its mean,

represents the individual’s subjective expected long-run success probability. The con-
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centration parameter a + b captures the concentration of that belief. Holding the belief
mean fixed, larger values of a+b correspond to more concentrated beliefs, while smaller
values imply greater uncertainty.

Under the Bernoulli probability model, the subjective predictive probabilities im-

plied by the current belief distribution are

a

1
PH(s=1)= /0 O u(do) = P

a+
) 2)

a+b’

1
PH(s =0) = /0 (1-0)u(do) =

These probabilities integrate over the decision maker’s uncertainty about the fixed
latent ability @. Heterogeneity in belief mean and belief concentration therefore enters
the model through heterogeneity in (a,b). Beliefs with a < b are called pessimistic:
both the mean and mode lie below 1/2. Beliefs with a > b are called optimistic: both
the mean and mode lie above 1/2. A symmetric belief (a = b) is centered at 6 = 0.5.
The Beta family is the natural conjugate family for the Bernoulli likelihood; its
support [0, 1] matches the set of possible values of «, indexed by 6, and the pair (a, b)
maps transparently into the belief mean and belief concentration.! Figure 1 illustrates

three representative belief distributions.

1By varying (a,b), the Beta family accommodates left-skewed, right-skewed, and symmetric uni-
modal beliefs under the maintained restriction a, b > 1.
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Figure 1: Subjective belief distributions over possible values of the latent ability «, indexed by 0,
for three individuals with different belief asymmetries. The solid curve represents an optimistic
belief, Beta(5, 2), with mode at Omoge = 0.80. The dashed curve represents a pessimistic belief,
Beta(2,5), with mode at Omode = 0.20. The dash-dotted curve represents a symmetric belief,
Beta(3, 3), with mode at Oyp4e = 0.50. The horizontal axis represents a possible value 6 of the
latent ability a, and the vertical axis represents the belief density f(6 | a,b). Source: Authors
own work.

2.4 Rank-Based Ego Utility

“Ego utility” is the utility derived directly from self-image—the psychological payoff
from perceiving oneself as capable (Koszegi, 2006). We model ego utility as depending
on the relative position of the current task-specific self-evaluation within the individ-
ual’s own subjective belief distribution over latent ability.

This specification is motivated by three related ideas in behavioral economics. First,
models of ego utility and belief utility emphasize that beliefs about oneself can enter
preferences directly, rather than merely serving as inputs into material payoff max-
imization (Koszegi, 2006; Bénabou and Tirole, 2016). Second, reference-dependent
preference theory models subjective value as depending on comparisons with a ref-
erence standard, rather than on absolute outcomes alone (K&szegi and Rabin, 2006).
Third, theories of relative utility and status emphasize that utility or well-being may

depend not only on the absolute level of an outcome, but also on its rank or relative
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position within a comparison distribution (Hopkins and Kornienko, 2004; Brown et al.,
2008). The latter literature studies relative position in social comparison environments,
where an individual’s standing is evaluated relative to others. Relatedly, Decision by
Sampling evaluates an attribute by its relative rank among comparison values drawn
from the current context and memory (Stewart et al., 2006). Our model adapts this
relative-rank logic to the domain of self-image. The relevant comparison distribution
is not a social distribution of other individuals” outcomes or a sample of externally
encountered attribute values, but the individual’s own subjective belief distribution
over possible values of the fixed latent ability a.

Recall that x; and the possible values of a, indexed by 0, are represented on the
same normalized scale, although x; is not itself a belief about «.

We define rank-based ego utility directly as the cumulative belief mass weakly

below the current task-specific self-evaluation point:

U(xe, ue) = pe([0, x¢]).

Hence, ego utility equals the cumulative subjective belief probability assigned to pos-
sible values of a that are no greater than x;. Equivalently, it is the percentile position of
x; relative to the individual’s current subjective belief distribution over the fixed latent
ability a. A higher percentile corresponds to a more favorable self-evaluation relative
to that belief distribution.

Under the Beta specification u; = Beta(at, b), and suppressing the task index as
in the single-task analysis, let F(- | a,b) denote the cumulative distribution function

associated with the belief density f(- | a,b). The current pre-feedback CDF is

F(z|a,b) = ! /Z w11 -u)tdu = B.(z;a,b), z€[0,1], 3)
0

1
B(a,b) B(a,b)

where B.(z;a,b) is the incomplete Beta function. Rank-based ego utility therefore
becomes

U(x|a,b)=F(x|a,b).
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Thus, changes in the belief distribution can change ego utility even when the task-
specific self-evaluation point is held fixed.

This distributional feature is essential to the mechanism. A specification based only
on the belief mean [E,,[0] would discard information about the shape and concentration
of the belief distribution and therefore could not capture the percentile position of x
within that distribution. Earlier work has also used cumulative distribution functions
as utility or relative evaluation functions (Van Praag and Kapteyn, 1973; Gregory, 1980;
Chen and Novick, 1982).2

2.5 Belief Mode and the Location of Self-Evaluation

Given the current subjective belief density f(6 | a,b) over possible values of «, let
Omode denote the mode of this belief distribution. For a Beta(a, b) distribution with

a,b>1,
a-1
Omode = 5y —2

This is the possible value of the latent ability at which the current belief density is
maximized. We describe evaluation points satisfying x < Omode as below-mode and
those satisfying x > Omode as above-mode. These labels refer only to the location of x
relative to the mode of the individual’s subjective belief; they do not compare x with

the true latent ability a.

3 Analysis and Results

3.1 Bayesian Updating and Feedback Evaluation

At the time of the feedback decision, the task outcome has already been realized but
is not yet observed by the decision maker. Suppressing the task index, let the current
pre-feedback subjective belief be u = Beta(a, b), with density f(0 | a,b) as defined in

(1). The corresponding subjective predictive probabilities are given in (2).

ZWe use these papers as formal precedents for CDF-based relative evaluation, not as direct empirical
evidence for the present ego-utility mechanism.
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As specified in Section 2.2, the private cue affects x butis not an additional likelihood

term. If feedback is chosen, the realized outcome is revealed and the belief over « is
updated by Bayes’ rule.

3.1.1 Posterior Distribution

By conjugacy of the Beta—Bernoulli model, conditional on observing a correct answer
(s = 1), the decision maker’s posterior belief distribution is Beta(a+1, b). Conditional on

observing an incorrect answer (s = 0), her posterior belief distribution is Beta(a, b + 1).
An algebraic derivation is given in Appendix A.

Figure 2 illustrates Bayesian updating.
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Figure 2: Bayesian updating after observing feedback. The solid curve represents the symmetric
pre-feedback belief distribution Beta(a,b), where a = b. The dashed curve represents the

posterior belief distribution after observing that the answer is correct, Beta(a + 1,b). The
dash-dotted curve represents the posterior belief distribution after observing that the answer

is incorrect, Beta(a, b + 1). The horizontal axis represents a possible value 6 of the latent ability
«, and the vertical axis represents belief density. Source: Authors own work.
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3.1.2 Outcome-Concordance Salience Rule

Recall from Section 2.4 that rank-based ego utility is F(x | a,b). To distinguish the two

actions at the feedback decision, define the ego utility from avoiding feedback as
Favoid(x) := F(x | a,b).

Using the posterior distributions characterized above, the standard Bayesian expected-
utility benchmark evaluates prospective feedback by averaging the two posterior ego

utilities using the subjective predictive probabilities defined in (2). Hence,
T P(xr|a+1,b)+ —F(x|a,b+1) = Paygra(x) @)
1+b ’ 1+b ’ = Favoid\A),
where the equality follows from B(a +1,b) = -5 B(a, b), B(a,b + 1) = H%B(a, b), and
0%(1-0)1+6°1(1-6) =611 -0

Thus, under ordinary subjective predictive averaging, expected ego utility after realized
feedback equals ego utility from avoiding feedback, so payoff-irrelevant feedback has
zero subjective value. The behavioral model departs from this benchmark only in
its prospective evaluation of possible feedback outcomes; Bayesian updating after
observed feedback remains standard.

The outcome-concordance salience rule (hereafter, the salience rule) is motivated by
three related bodies of evidence. First, work on representativeness and judgment under
uncertainty suggests that people evaluate uncertain events partly by the states or types
for which those events appear representative or diagnostic (Kahneman and Tversky,
1972; Tversky and Kahneman, 1974). In the present setting, a possible positive outcome
is more concordant with higher values of the latent ability, whereas a possible negative
outcome is more concordant with lower values. Second, salience-based models in
behavioral economics show that features that stand out in a given choice context can

receive disproportionate decision weight (Bordalo et al., 2012). Third, evidence on self-
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relevant information shows that people process and acquire good and bad news about
themselves asymmetrically, especially when the information concerns ego-relevant
qualities such as ability or attractiveness (Eil and Rao, 2011; Mobius et al., 2022). Related
work on information avoidance and psychological expected utility also emphasizes that
people may avoid information because of its anticipated psychological consequences
(Sweeny et al., 2010; Caplin and Leahy, 2001).

To formalize this idea, consider a possible value 0 of the latent ability and a possible

outcome s € {0, 1}. Define the Bernoulli likelihood

L(0;s) :=P(s | a = 0) = 6°(1 — 0)' 5.

Hence,

LO;1)=06, L(6;0)=1-06.

We use L(6;1) = 0 and L(6;0) = 1 — 0 as outcome-concordance salience weights. This
is a reduced-form representation, not a claim that agents consciously compute the

weights.’

Assumption 1 (Outcome-concordance salience). Before deciding whether to observe feed-
back, the decision maker prospectively evaluates the ego consequences of possible feedback by
placing greater psychological weight on those possible values O of the fixed latent ability o
under which each possible outcome is more likely. In the Beta—Bernoulli environment, this
outcome-concordance weighting is represented by the Bernoulli likelihood values: the posterior
density following a positive outcome is weighted by L(0;1) = O, and the posterior density

following a negative outcome is weighted by L(0;0) =1 - 0.

This assumption changes only the prospective ego evaluation of possible feedback.
The subjective predictive probabilities in (2) define the standard benchmark but do not

weight the two branches under the salience rule. We therefore define the following

3The cited literatures motivate the idea of outcome-concordance salience but do not uniquely imply
the likelihood-based weights used here. We adopt L(6;1) = 0 and L(0;0) = 1 — 0 as a parsimonious
specification that introduces no additional salience parameters.
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salience-adjusted prospective ego-evaluation kernel:
ﬁeek(e):Qf(Q|a+1,b)+(1—6)f(9|a,b+1). ®)

No additional branch-level parameters are introduced: the positive and negative
branches are specified symmetrically, and their relative contributions are implied by
the salience weights and the normalization constant.

Because (5) is an ego-evaluation kernel rather than a probability density, we nor-

malize it. Its total mass is

1~
Zs(a,b) = é Freer(6) O

_a+l N b+1 a+b+2
T a+b+1 a+b+1 a+b+1

(6)

The salience-adjusted prospective ego utility from seeking feedback is the normal-

ized cumulative mass of this kernel up to x:

1 X
Feeek(x) = Ze@ ) /O [0f(01a+1,b)+(1-0)f(0]a,b+1)]de. 7)
Equivalently,
a+1 b+1
Pseek(X) = mF(x | a+ 2, b) + mF(x | El,b +2) (8)

The mixture representation (8) provides a useful algebraic interpretation of the
salience rule. Under the standard benchmark (4), the positive branch uses the posterior
rank-based ego utility F(x | a +1, b), and the negative branch uses F(x | a,b +1). Under
the salience rule, multiplying the positive posterior density by 0 produces a density
proportional to f(0 | a +2, b), while multiplying the negative posterior density by 1-0

produces a density proportional to f(0 | a,b + 2):

0FfOa+1,b)x fO|a+2,b), (1-0)fO|ab+1)ex f(O]a,b+2).
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Thus, the salience rule reweights each possible posterior in the direction favored by the
corresponding outcome. This is a transformation of prospective ego evaluation, not
a second Bayesian update. Unlike under the standard benchmark, payoff-irrelevant

feedback can therefore have positive or negative subjective value.

3.2 Feedback-Seeking Threshold

Under Assumption 1, Fayoida(x) = F(x | a,b) is the ego utility from avoiding feedback,
whereas Feeex(x) in (7) is the salience-adjusted prospective ego utility from seeking

teedback. The subjective value of feedback is their difference (see Appendix B):

V(x) = Fseek(x) - Pavoid(x)
_ 1
" (a+b+2)B(a,b)

a-b a+b a+b}
Xy,

x”(l—x)b{ ——+——(1-x)- 9)

The decision maker observes feedback if the salience-adjusted prospective ego utility
from seeking strictly exceeds the ego utility from avoidance. Thus, she chooses to ob-
serve feedback if V(x) > 0, and avoids observing feedback if V(x) < 0, with indifference
resolved in favor of avoidance.

The value function V(x) becomes zero at three points: x =0, x =1, and

C_a—b+a2+ab
B (a + D)2

The roots at x = 0 and x = 1 occur because both Fgeex and Fayoiqg equal 0 at x = 0 and 1

at x = 1. The threshold C lies in the open interval (0, 1) for a, b > 1.

Proposition 1 (Feedback-Seeking Threshold). There exists a unique threshold C € (0, 1)

given by
_a—-b+a’+ab (a-1Db+a+a?
B (a +Db)? B (a + D)2

such that

* V(x) > 0forx € (0,C): feedback seeking;
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e V(x) <O0forx €[C,1): feedback avoidance.

Proof. Since

a-b a+b a+b_ (a+Db)?
2 + 2 1-x)- . X = 2 (C-x),
we can write
2
Vix) (a+b) 24(1 = x)P(C — x).

" ab(a+b +2)B(a,b)
For x € (0, 1), the coefficient multiplying (C — x) is strictly positive. Hence V' (x) > 0 if

and only if x < C.

Moreover,
a>+ab+a-b=a>+a+@-1)b>0,
and
(a+b)?—(@®>+ab+a-b)=alb-1)+b>+b>0.
Thus, C € (0, 1). O

Figure 3 illustrates the subjective value of feedback V(x) for the case (a,b) = (2,2).
The function is positive for x € (0,0.5) and negative or zero for x € [0.5,1), where

C = 0.5 is the threshold.

0.04 -
0.03 A .
eedback-se&ing region c=05
0.02
0.01
=
s 0.00
—0.01 1
—0.02 1
Feedback-avoiglance region
—0.03 1
—0.04
0.0 0.2 0.4 0.6 0.8 1.0

Task-specific self-evaluation point x
Figure 3: Subjective value of feedback V(x) = Fseek(X) — Favoid (x) for (a,b) = (2, 2). The function
is positive for x € (0, C), negative for x € (C,1), and zero at x = 0, x = C, and x = 1, where
C = 0.5. For interior self-evaluation points, (0, C) is the feedback-seeking region and [C, 1) is
the feedback-avoidance region. The horizontal axis represents the task-specific self-evaluation
point x; the vertical axis represents the change in ego utility from observing feedback. Source:
Authors own work.
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3.3 Comparative Statics: Threshold Position and Belief Structure

For each current Beta belief with parameters (a,b), feedback is sought if and only
if x < C(a,b). The sign of a — b characterizes the belief’s asymmetry, using the
terminology introduced in Section 2.3.

To understand how belief asymmetry affects feedback-seeking behavior, we com-
pare the threshold C with the belief mode Omode. The difference between the two

is
2(a — b)
(a+b)2a+b-2)

Gmode -C= (10)

Since the denominator is strictly positive, the sign of Opnede — C is determined by the

sign of a — b.

Proposition 2 (Threshold Position and Belief Asymmetry).
1. If a > b (optimistic belief), then C < Omode-
2. If a = b (symmetric belief), then C = Omode-
3. If a < b (pessimistic belief), then C > Omode-

Proof. Direct calculation gives (10). When a > b, this expression is positive, implying
C < Omode- When a = b, it is zero, implying C = Omode- When a < b, it is negative,

implying C > Omode- O

The belief mode Omode provides a reference point for interpreting the threshold
rule. As defined in Section 2.5, an evaluation point is below the mode when x < Opode
and above the mode when x > Opyode. Comparing C with Onge clarifies how belief
asymmetry shifts the feedback-seeking region. When a > b, the threshold lies strictly
to the left of the mode, so the feedback-seeking region {x < C} is entirely contained in
the below-mode region. When a = b, the threshold coincides with the mode. When
a < b, the threshold lies to the right of the mode, so the feedback-seeking region
extends beyond the belief mode and includes all below-mode points plus some above-

mode points. This is a statement about the position of the seeking region relative to
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the mode of the individual’s current belief, not about the absolute size of the seeking

region across different belief distributions.

Figure 4 illustrates how the position of the threshold varies with belief asymmetry.

254 = QOptimistic belief = = Pessimistic belief

N
7 (@) =WR5)
\

2.0

-
5

Belief density f(6 | a, b)

o =
e =}
_—
-
-
————
-~
-~
-~
~
~
~

Omode

™
]

Pessimistfc belief: feedback-se.eking set

| Optimistic belief: feedback-seeking set !

0.0

0.0 0.2 0.4 0.6 . 0.8 1.0
Possible value of latent ability 8 and threshold/self-evaluation scale

Figure 4: Threshold position C(a,b) under different belief asymmetries. The solid curve
represents an optimistic belief, Beta(5,2), with mode at Omoqe = 0.80. The dashed curve
represents a pessimistic belief, Beta(2, 5), with mode at Omode = 0.20. The vertical dashed lines
mark the belief modes, and the vertical dotted lines mark the corresponding feedback-seeking
thresholds. For the optimistic belief, C = 0.776 < Omode, S0 the feedback-seeking set (0, 0.776)
is contained within the below-mode region. For the pessimistic belief, C ~ 0.224 > Omode, SO
the feedback-seeking set (0, 0.224) extends into the above-mode region. The horizontal axis
uses the common [0, 1] scale on which possible values of the latent ability a (indexed by 0), the
task-specific self-evaluation point, and the feedback-seeking threshold are represented. Source:

Authors own work.

The threshold-position result describes the feedback choice for a given self-evaluation
point x. By itself, it does not rank how frequently people with different belief distribu-
tions seek feedback, because their task-specific self-evaluations may also differ.

It may be natural to suppose that individuals with pessimistic beliefs are more
prone to forming task-specific evaluation points below their respective belief modes,
whereas individuals with optimistic beliefs are more prone to forming task-specific

evaluation points above their respective belief modes.*

This auxiliary behavioral hypothesis is not required for the threshold-position result. Relative
self-assessments and different forms of under- and overconfidence vary with task difficulty and the
comparative structure of the judgment problem (Moore and Cain, 2007; Moore and Healy, 2008). Ma-
nipulated prior beliefs about task performance can affect reported confidence without affecting objective
performance (Van Marcke et al., 2024), while lower task-specific confidence is associated with greater
feedback seeking when feedback also has instrumental learning value (Cagna et al., 2024). These find-

22



Under this auxiliary behavioral hypothesis, the evaluation point and the feedback-
seeking threshold tend to lie on opposite sides of the belief mode. For a pessimistic
belief, the evaluation point is more likely to lie below the threshold, favoring feedback
seeking. For an optimistic belief, the evaluation point is more likely to lie above the
threshold, favoring feedback avoidance.

The model therefore accommodates the intuitive pattern that individuals with rel-
atively unfavorable task-specific self-evaluations are more likely to seek feedback,
whereas those with relatively favorable self-evaluations are more likely to avoid it.
Importantly, this pattern is not driven by self-evaluation alone, but by its position
relative to the feedback-seeking threshold. It is a conditional behavioral implication
rather than an unconditional consequence of belief asymmetry. Appendix C provides
a precise sufficient condition under which the corresponding population-frequency

comparison holds.

3.4 Effect of Experience on Subsequent Feedback Choice

Recall that, for interior self-evaluation points, feedback is sought if and only if x <
C(a,b). Because the cue rule allows x; = x(r¢, u), the results below isolate the effect
of belief updating on the threshold while holding the self-evaluation point fixed. They
are therefore ceteris paribus comparative statics, not an unconditional prediction that
an individual’s realized choice path must reverse after any particular sequence of
outcomes.

We now investigate how this threshold evolves in response to accumulated observed
feedback. Let m represent the number of observed positive feedback outcomes and
n the number of observed negative feedback outcomes. Under the conditionally i.i.d.
Bernoulli data-generating process given «, Bayesian updating transforms a current

pre-feedback belief Beta(a, b) into Beta(a + m, b + n) after these feedback outcomes are

ings motivate the hypothesis but do not establish either the belief mode as the relevant reference point
or the proposed mode-relative propensity.
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observed. The corresponding threshold becomes

_ (@a+m)—b+n)+(a+m)?+(a+m)b+n)

C
e (a+b+m+n)?

Proposition 3 (Effect of Experience on Threshold). Forany a,b > 1 and any m,n € Zx:

1. For every fixed n, Cy, , is strictly increasing in m, and

lim Cp, , = 1.
m—00

2. For every fixed m, Cy, , is strictly decreasing in n, and

lim C,, , =0.

n—oo

Proof. See Appendix D. O

Figure 5 visualizes the comparative statics of the threshold under Bayesian updat-
ing. Starting from the baseline belief Beta(2, 2), for which Co = 0.5, m positive and
n negative feedback observations yield C,, , = C(2 + m,2 + n). The figure shows the
resulting threshold for different combinations of accumulated positive and negative
feedback. Additional positive feedback observations raise C,, ,,, whereas additional
negative feedback observations lower it. The overlaid paths trace illustrative positive

and negative feedback streaks.
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80 neg. feedback streak:
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m: Number of positive feedback observations
Figure 5: Evolution of the feedback-seeking threshold C,,, with experience. Starting from
Beta(2,2), additional positive feedback observations increase the threshold, while additional
negative feedback observations decrease it. Darker shading indicates higher values of C, ,,
whereas lighter shading indicates lower values. Each contour line connects combinations of
positive and negative feedback observations that yield the same threshold value. The two

marked paths illustrate a positive streak and a negative streak. Source: Authors own work.

Observed feedback affects feedback-seeking behavior through its effect on the sub-
jective belief distribution and hence on the threshold. Observed positive feedback
increases a relative to b, raises the belief mean, and moves the threshold rightward.
This expansion of C enlarges the region {x < C, ,} in which feedback seeking is
optimal. Conversely, observed negative feedback increases b relative to a, lowers the
belief mean, and moves the threshold leftward. This contraction of C reduces the set
of evaluation points for which feedback seeking is optimal. At each decision point, the
individual seeks feedback if and only if the task-specific self-evaluation point satisfies
x < Cpmn.

Holding the evaluation point fixed, this threshold dynamic can generate two types
of feedback-choice reversal. First, consider an individual whose evaluation point sat-
isfies x < Cy, 5, so that she initially seeks feedback. Each additional negative feedback

observation lowers the threshold. After sufficiently many such negative feedback ob-
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servations, the threshold may fall below the evaluation point, so that x > C,, 4+« for
some k > 1. At that point, feedback avoidance becomes optimal. Thus, the seeking-to-
avoidance reversal is endogenous in the baseline voluntary-feedback environment: an
individual initially seeks feedback, observes negative outcomes, updates her beliefs,
and may subsequently enter the avoidance region.

The converse avoidance-to-seeking reversal is different. Holding the evaluation
point fixed, once an individual declines voluntary feedback, she continues to decline
it in the baseline environment unless new information changes the threshold. An
avoidance-to-seeking reversal through the threshold can therefore arise when posi-
tive performance information about the same task class arrives through an external
channel, such as mandatory disclosure, unsolicited feedback, or publicly observable
performance outcomes. Under sufficiently favorable externally observed information,

the threshold moves rightward and may eventually exceed the fixed evaluation point,

making feedback seeking optimal again.

Proposition 4 (Reversals under Observed Feedback). Fix a common self-evaluation point
x € (0,1) across decisions, and let C,, , denote the threshold after m positive and n negative

feedback observations.

(i) Seeking-to-avoidance reversal after negative feedback. If x € (0, C,, ), there exists
a finite k* > 1 such that

Conrkr < X.

Hence, after k™ additional negative feedback observations, feedback avoidance becomes

optimal.

(ii) Avoidance-to-seekingreversal afterexternal positive information. Ifx € [Cyy 5, 1),

there exists a finite k™ > 1 such that

x < Cm+k’”,n .

Thus, conditional on observing k™ additional positive performance outcomes from the
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same task class through an external channel, feedback seeking becomes optimal.

Proof. See Appendix E. O

4 Discussion and Conclusion

4.1 Relation to Asymmetric Updating and Alternative Mechanisms

The threshold mechanism also highlights a distinction between asymmetric belief
updating and endogenous feedback avoidance. For example, Mobius et al. (2022) doc-
ument asymmetric updating of ego-relevant beliefs, with positive feedback receiving
greater weight than negative feedback. Our model does not generate such asymmetry
conditional on an observed signal: once feedback is observed, beliefs are updated
according to Bayes’ rule. Instead, the model generates an asymmetry in subsequent
teedback seeking. By Proposition 3, negative feedback lowers the threshold C, ;.
Holding x fixed, repeated negative feedback can therefore move the individual out of
the feedback-seeking region, so that subsequent feedback is no longer voluntarily ob-
served. This mechanism, in which negative feedback can reduce subsequent feedback
seeking, is complementary to models of asymmetric updating conditional on observed
signals.

This perspective distinguishes our framework from mechanisms that relate infor-
mation demand directly to the expected valence of news. In our model, feedback
seeking is not determined by optimism, pessimism, or expected news valence alone.
Instead, it is governed by the interaction between two objects: the subjective belief
distribution, which determines the position of the feedback-seeking threshold C(a, b),
and the task-specific self-evaluation point x, which determines where the individual
currently stands relative to that threshold.

Confirmation bias (Nickerson, 1998) and cognitive dissonance (Festinger, 1957)
offer mechanisms through which belief-threatening information may be discounted or
avoided. Anticipatory-utility models analyze how beliefs about future outcomes and

the timing of information affect current utility and information demand (Brunnermeier
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and Parker, 2005; Caplin and Leahy, 2001). Our mechanism is distinct: feedback choice
depends jointly on the current belief distribution and the location of the task-specific
self-evaluation point relative to the threshold. Optimism or expected news valence

alone is therefore insufficient to determine feedback choice in the present model.

4.2 Empirical Implications and Testable Predictions

The model can be tested experimentally in controlled feedback environments in which
participants complete objectively scored tasks and decide whether to observe payoff-
irrelevant feedback. The key empirical objects are the task-specific self-evaluation point
xt, the subjective belief distribution over latent ability, and the subsequent feedback
choice. These objects can be elicited separately, allowing the model’s central threshold
condition for interior self-evaluation points, x; < C(ay, b;), to be tested directly.

The central prediction is not that feedback seeking is determined by self-evaluation
alone. Rather, feedback choice depends on the position of the task-specific self-
evaluation point relative to the feedback-seeking threshold implied by the individual’s

subjective belief distribution. This yields the following testable predictions.

1. Threshold effects beyond self-evaluation. Conditional on task-specific self-
evaluation x;, feedback choice should vary systematically across subjective belief
distributions that imply different thresholds C(a;, b¢); the estimated threshold

should therefore explain feedback choice beyond self-evaluation alone.

2. Seeking-to-avoidance dynamics after negative feedback. For comparable val-
ues of x¢, voluntarily observed negative feedback should lower the future thresh-

old and increase subsequent feedback avoidance.

3. External positive information and renewed seeking. If positive performance
information about the same task class arrives through an external channel after
voluntary feedback has been declined, the threshold should rise and subsequent

teedback seeking may resume.
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The first prediction distinguishes the model from a self-evaluation-only account;

the latter two test the ceteris paribus threshold dynamics.

4.3 Limitations and Extensions

The model makes several simplifying assumptions that future research could relax.

Private cue formation. The present model gives the private cue an explicit role in
generating x;, but it does not impose a full joint stochastic structure linking private cues,
current correctness, task difficulty, and ability. Such a structure would be necessary to
derive the distribution of x; across tasks from underlying factors such as task difficulty,
latent ability, and the distribution of private cues. This is beyond the scope of the
present paper, which conditions on the realized self-evaluation point at the feedback

decision.

Bayesian updating. We assume individuals update beliefs according to Bayes’ rule
after observed feedback. Extensive evidence documents systematic deviations from
Bayesian updating, including base-rate neglect (Kahneman and Tversky, 1973), conser-
vatism (Edwards, 1968), and confirmation bias (Nickerson, 1998). Incorporating these

biases would generate richer predictions about how the threshold evolves over time.

Heterogeneous ego sensitivity and attention costs. Our baseline model allows indi-
viduals to differ in their belief distributions through heterogeneity in (4, b). Individuals
may also differ in the importance they attach to self-image and the subjective cost of
attending to feedback. Let A; > 0 denote individual i’s sensitivity to ego utility, and
let ¢; > 0 denote the individual-specific attention or psychological cost of viewing

feedback. The utilities from avoiding and seeking feedback can be written as

U?VOid(x) = AiFavoid(x)/
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and

ulg,eek(x) = AiFseex(x) — ci.

Hence, individual i seeks feedback if and only if A;V(x) > c;.

Holding beliefs and the evaluation point fixed, feedback seeking is more likely
when ego sensitivity A; is higher or attention cost c; is lower, provided that V(x) > 0.
When c¢; = 0, the baseline decision rule is recovered because A; > 0 does not alter
the sign of V(x). When ¢; > 0, feedback is sought only when its ego-utility gain is

sufficiently large to exceed the individual-specific cost.

Instrumental motives. We focus on payoff-irrelevant feedback to isolate ego-utility-
based preferences. In many real-world settings, feedback affects subsequent decisions
and material outcomes. Integrating ego utility with instrumental information acqui-
sition would allow the model to address environments where both channels operate
simultaneously, such as educational settings where grades affect both self-image and

future opportunities.

4.4 Conclusion

This paper develops a behavioral model of why individuals seek or avoid payoff-
irrelevant feedback. The model has three primitives: a private cue that generates
a task-specific self-evaluation point, rank-based ego utility, and outcome-concordance
salience in prospective feedback evaluation. From these primitives, the analysis derives
a unique feedback-seeking threshold. For interior self-evaluation points, feedback
is sought if and only if the current task-specific self-evaluation point lies below the
threshold.

The threshold depends on the subjective belief distribution over latent ability. Op-
timistic beliefs place the threshold below the belief mode, restricting feedback seeking
to sufficiently low self-evaluation points. Pessimistic beliefs place the threshold above
the belief mode, allowing feedback seeking to extend into the above-mode region.

Bayesian updating shifts the threshold over time: observed positive feedback raises
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it, while observed negative feedback lowers it. For a fixed evaluation point, this can
generate history-dependent transitions between feedback seeking and feedback avoid-
ance.

Taken together, these results imply that feedback seeking depends not on confidence
or optimism alone, but on the position of the task-specific self-evaluation point relative
to the feedback-seeking threshold implied by the subjective belief distribution. The
model therefore offers a tractable behavioral account of why payoff-irrelevant feedback
may be sought in some states, avoided in others, and reversed over time through belief-

driven threshold movements.
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A Derivation of Posterior Distributions

This appendix provides an algebraic derivation of the posterior distributions stated in
Section 3.1.

Suppose the decision maker’s current pre-feedback subjective belief over possible
values of the fixed latent ability « is Beta(a,b). Using O to index a generic possible

value of the latent ability, this belief has density

f(O|a,b)= ﬁ@“‘l(l —9)bL.

Conditional on the fixed latent ability «, the task outcome follows a Bernoulli distribu-
tion:

st | @ ~ Bernoulli(a),

or equivalently,

P(si=1]a)=a, P(s;=0|a)=1-a.

The decision maker knows this Bernoulli probability model but not the fixed value of
a. For a fixed observed outcome s;, these conditional probabilities, viewed as functions

of a possible value 0 of the latent ability, define the Bernoulli likelihood:
L(0;s;) = P(s¢ | a = 0) = 6%(1 — 6)'7*.

In particular,

LO;1)=0, L(6;0)=1-0.

Correct answer (s; = 1). After a correct outcome is observed, Bayes’ rule gives

Pls=1la=0)f(0lab)
folp(st =1la=0)f(0|a,b)do

fO]se=1) =
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The denominator is the decision maker’s subjective predictive probability of a correct

outcome: :
Ph(s; = 1) = /O 0f(6 |a,b)d0 = E,[0] = ——.
Substituting gives
flOls =1 =" e -0,

which is the Beta(a + 1, b) distribution, using the identity B(a + 1,b) = -2-B(a, b).°

a+b

Incorrect answer (s; = 0). Similarly, the denominator is the decision maker’s subjec-

tive predictive probability of an incorrect outcome:

b
a+b’

1
PH(s¢ :O):/O (1-0)f(0]a,b)d0 =E,[1-0]=

yielding
a+b 1
f(@lSt—O)— b B(a,b)

611—1(1 _ Q)b,

which is the Beta(a, b + 1) distribution.

SThis identity follows from B(a,b) = I'(a)[(b)/T(a + b) and T(a + 1) = al(a).
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B Derivation of the Salience-Adjusted Prospective Ego
Utility and V (x)

Notation. Throughout this appendix, x denotes the task-specific self-evaluation point
for the current task, while a denotes the fixed latent ability and 0 indexes the possible
values of the latent ability over which the decision maker’s subjective belief is defined.

By integrating the normalized kernel defined in (5), we obtain the salience-adjusted

prospective ego utility from seeking:

a+b+1 1
a+b+2B(a,b)

{aZbBe(x;a +2,b)+#Be(x;a,b+2)}. (B.1)

From the definition of the regularized incomplete Beta function,
Be(x;a,b) = I(a,b)B(a,b),

where I,(a, b) is the regularized incomplete Beta function. We can derive the relation-

ship between B, (x;a +2,b) and B(a, b) as follows:

Be(x;a+2,b)=1,(a+2,b)B(a+2,b)

- :Ix(a +1,6)- f;g(;f)lb b)l B(a +2,b)
- :I"(”’b) - xaag(a_, ?ﬁib " {a ii;;gl(;j)lbb)l Bla+2,b)
B »BEB(EZ,az;)b) - x:g(a_, i;b " (a i;g(a_ f )1b b)l Bla+2,b).
Since
B(a+1,b) = aaﬂB(a,b),
we have
B(a+2,b) = %B(a P10 = o ‘;;‘(1;:; 3B b
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Thus, B.(x;a + 2,b) can be rearranged as

Be(x;a,b) x*(1-x) (a+b)x*1(1-x)
B(a,b)  aB(a,b)  a(a+1)B(a,b)

a(a+1)
(a+b)a+b+1)

B(a,b).  (B.2)

Similarly,

Bo(x;a,b+2) = I(a,b +2)B(a,b +2)

x“(l _ x)b+1
(b+1)B(a,b+1)
xa(l _ x)b x“(l _ x)b+1

bB(a,b) | (b+1)B(a,b+1)

= |Iy(a,b+1)+ B(a,b +2)

= |Iy(a,b)+

B(a,b +2)

_ »Be(X;ﬂ, b) x%(1- x)b x?(1 - x)b+1

= 7B@,») T bBa,b) T G+DB@brD| T2
With

b
Bla,b+1) = —=B(a,b),
and
_ b+1 b+
B(a,b+2)= PR +1B(a,b +1) = TEDICET +1)B(a,b),
we obtain
B.(x;a,b) x%*(1-x)" (a+b)x?(1-x)t*? b(b +1)
[ Ba,b)  bB@b) T b0+ DB@b) |@rharbrn P B

According to (B.2) and (B.3), the salience-adjusted expression (B.1) can be rearranged

as

1 (@ +1)Bo(x;a,b) (a+1Dx*(1-x) (a+b)x(1-x)b

a+b+2 B(a,b) ~ aB@,b) aB(a,b)
(b +1)Bo(x;a,b) (b +1)x*(1—x)° . (a + b)x*(1 — x)r*1
B(a,b) bB(a,b) bB(a,b)

_ Be(x;a,b) x*(1—x)b b+1 a+b a+1 a+b
=By TairsoBan| v T YT T
_ Be(x;a,b) x%(1 - x)P a-b a+b a+b
~ B(a,b) +(a+b+2)B(a,b)l b Ty ATV
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Therefore, we derive the following expression for Fgeek(x):

1 . 1 a4 _p)a-b a+b = a+b
TP g 0= e
Subtracting Fayeia(x) = F(x | a,b) = B.(x;a,b)/B(a, b) from (B.4) gives
_ o x"(1-x) a-b a+b a+b
V(x) = Fseek(x) — Favoid(x) = (a+b+2)B(a,b) { b + b (1-x) p x} . (B.5)

Since x*(1-x)? > 0 for x € (0, 1), the sign of V(x) is determined solely by the expression

in braces. Setting that expression to zero and multiplying through by ab/(a + b) yields

a—b B _a-b+ala+b) a’+ab+a-b
arp TN =0 = x = S = T

= C.

Equation (B.5) provides a closed-form expression for V(x), and the unique interior root

of V(x)=0on (0,1)isx = C.
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C A Sufficient Condition for Comparing Feedback-Choice
Frequencies

This appendix formalizes the conditional frequency comparison discussed in Sub-
section 3.3, Comparative Statics: Threshold Position and Belief Structure. Consider two
otherwise comparable groups with mirrored beliefs. Let O denote the optimistic-
belief group, whose members hold Beta(a, b), and let P denote the pessimistic-belief
group, whose members hold Beta(b, a), wherea > b > 1.

The belief modes and feedback-seeking thresholds for the two groups are defined

by
0 St Co = C(a,b)
mode,O—a+b_2/ o= a,v0),
0 - b1 Cp=C(b,a)
mode,P—a+b_2/ P = ,a).
Define
2(a —b)
= 0. C1
@+bPa+b-2) €D
Applying equation (10) to the two groups gives
Co = Qmode,O -9,
(C.2)

CP = Qmode,P + 0.

For each group j € {O, P}, define the mode-relative self-evaluation and its cumula-

tive distribution function by

Zj:=xj— Qmode,]'/ Hj(Z) = PI‘(Z]‘ < z).

Assumption 2 (Directional ordering of mode-relative self-evaluation). The random vari-

ables Zo and Zp have continuous cumulative distribution functions, and x; € (0,1) almost
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surely for j € {O, P}. Moreover,

Hp(z) > Ho(z) for every z € R, (C.3)

Ho(=6) < Ho(d). (C.4)

Condition (C.3) states that Zp weakly first-order stochastically dominates Zp.
Equivalently, the distribution of mode-relative self-evaluation in the pessimistic-belief
group is stochastically no higher than that in the optimistic-belief group. Under conti-

nuity, condition (C.4) is equivalent to

Pr(=6 < Zo < 8) > 0.

Thus, the distribution of mode-relative self-evaluation in the optimistic-belief group
assigns positive probability to the interval between the two relevant cutoffs.

The assumption is an explicit sufficient distributional restriction. It does not require
every member of the pessimistic-belief group to evaluate herself below the belief mode
or every member of the optimistic-belief group to evaluate herself above it.

This stochastic-order restriction is neither implied by nor equivalent to the qual-
itative behavioral hypothesis stated in the main text. Rather, it provides one suf-
ficient distributional condition consistent with the broader idea that mode-relative
self-evaluations tend to be lower under pessimistic beliefs than under optimistic be-

liefs.

Proposition 5 (Feedback-choice frequencies under directional self-evaluation). Under
Assumption 2 and the baseline feedback-choice rule, the pessimistic-belief group seeks feedback

more often than the mirrored optimistic-belief group:

Pr(seek | P) > Pr(seek | O). (C.5)
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Equivalently, the optimistic-belief group avoids feedback more often:

Pr(avoid | O) > Pr(avoid | P). (C.6)

Proof. For the optimistic-belief group, equation (C.2) and the baseline feedback-choice

rule imply

Pr(seek | O) = Pr(xp < Cp)
= Pr(xo - Gmode,O < —5)
= Pr(Zo < —5)

= Ho(-9).

Similarly, for the pessimistic-belief group,

Pr(seek | P) = Pr(xp < Cp)
= Pr(xp - emode,P < 5)
= PI‘(ZP < 6)

= HP((S)

The final equalities in the two displays use the continuity of Hp and Hp, respectively.

Assumption 2 therefore gives

Pr(seek | P) = Hp(0) = Ho(6) > Hp(-0) = Pr(seek | O).

The comparison of avoidance probabilities follows because seeking and avoidance are

complementary actions under the baseline feedback-choice rule. O

The proposition is deliberately conditional. Without a restriction on the distribu-
tions of xp and xp relative to their respective belief modes, the threshold-position

result alone does not rank population feedback-seeking frequencies.
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D Proof of Proposition 3

This appendix proves Proposition 3. We first derive the updated threshold after
accumulated positive and negative feedback observations and then establish its mono-
tonicity and limiting behavior.

After m positive feedback observations and 7 negative feedback observations, Beta—
Bernoulli conjugacy implies that the decision maker’s posterior belief distribution is
Beta(a +m, b+mn). Since the threshold is a function of the Beta parameters, the updated

threshold is obtained by substituting a + m and b + n into the formula for C(a, b):

(@a+m)—b+n)+(a+m)+(a+m)b+n)

Cmpn=Cla+m,b+n)= G1brmn) (D.1)
For notational convenience, define
A=a+m, B:=b+n, S=A+B=a+b+m+n.
Because a,b > 1and m,n > 0, we have A > 1 and B > 1. With this notation,
lenzA—B+A2+AB=A(S+1)—B. D2)

(A + B)? S2

Lemma 1 (Monotonicity of the threshold). For every fixed n, C, , is strictly increasing in

m. For every fixed m, C, ,, is strictly decreasing in n.

Proof. Although m and n are integers in the model, extend C,, , to a differentiable
function of real variables m,n > 0. Since A = a + m and B = b + n, differentiating with
respect to m is equivalent to differentiating with respect to A, and differentiating with
respect to n is equivalent to differentiating with respect to B.

Let
A-B+A2+AB _A(S+1)-B
(A + B)2 B 52 ’

C(A,B) = S=A+B.
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First consider the effect of increasing m, equivalently A. Let

N(A,B)=A-B+A2+AB=A(S+1)-B, D(A,B) =52

Then

JON dD

8—A:2A+B+1, a—AZZS

By the quotient rule,

JdC _(2A+B+1)S? - 25N

_(2A+B+1)S-2N
0A G4 Bl '

g3

Using N = A(S + 1) — B, the numerator becomes

A+B+1)S-2{A(S+1)-B} =(B+1)S+2B -2A.

Since S = A + B, this can be rewritten as

(B+1)(A+B)+2B-2A=A(B-1)+ B(B+23).

Because A > 1 and B > 1, this expression is strictly positive. Hence

aC

ﬂ>0.

Therefore, for every fixed n, C,, , is strictly increasing in m.
Next consider the effect of increasing 7, equivalently B. We have

ON oD
ﬁ—A—l, ﬁ—ZS
Thus,

dC _(A-1)§2-25N (A-1)S-2N
0B G4 B S3
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Again using N = A(S + 1) — B, the numerator is
(A-1)S-2{A(S5+1)-B}=—-(A+1)S-2A +2B.

Since S = A + B, this becomes
—~(A+1)(A+B)-2A+2B=-A?2-3A-B(A-1).

Because A > 1 and B > 1, this expression is strictly negative. Hence

aC

£<O.

Therefore, for every fixed m, C, , is strictly decreasing in n. Since the continuous
extension is strictly increasing in m and strictly decreasing in 7, the same monotonicity

holds for integer changes in m and n. O

Lemma 2 (Limits of the threshold). For every fixed n,

lim Cp, =1.
m-—-00

For every fixed m,
lim C,, , =0.
n—oo

Proof. Using (D.2), write

len:A(S+1)—B:é(1 1) B

S2 S S| g2

First fix n. Then B = b + n is fixed, while A =a+m — cocand S = A+ B — oo as

m — oo. Hence

Therefore, limy, 00 Cry n = 1.

Next fix m. Then A = a + m is fixed, while B=b+n - ccand S = A+ B — o as
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n — oo. Hence

Therefore, limy, 00 Cpi,n = 0. O

Combining Lemmas 1 and 2 proves Proposition 3.

E Proof of Proposition 4

This appendix proves Proposition 4. The proof uses the monotonicity and limiting
properties of the threshold established in Appendix D.
Let x € (0,1) be fixed, and let Cy, ,, denote the threshold after m observed positive

feedback outcomes and n observed negative feedback outcomes.

Part (i): Observed negative-feedback reversal (seeking — avoidance).
Suppose
x €(0,Cumn).

Then feedback is initially sought. By Lemma 1, C;;, , is strictly decreasing in 1, holding
m fixed. By Lemma 2,

llm Cm,n+k = O.

k—o00

Since x > 0, there exists a finite integer k > 1 such that
Cm,n+k <x.

Let

k' :=min{k > 1: Cp p+r < x}.

Then Cy; y+k- < x. Thus, after k* additional observed negative feedback outcomes, the

evaluation point lies weakly above the threshold:

X 2 Cp otk
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By the feedback-seeking rule, feedback avoidance becomes optimal. This proves Part (i).

Part (ii): Positive-signal reversal under external disclosure (avoidance — seeking).
Suppose
x € [Cpn, 1).

Then feedback is initially avoided. Holding the evaluation point fixed, the decision
maker continues to decline voluntary feedback in the baseline environment unless
new information changes the threshold. Therefore, an avoidance-to-seeking reversal
through the threshold requires positive performance information about the same task
class to arrive through an external channel.

Suppose that the decision maker subsequently observes additional positive per-
formance outcomes from the same task class through such an external channel. By

Lemma 1, C,, , is strictly increasing in m, holding n fixed. By Lemma 2,
kh—{rolo Cm+k,n =1.
Since x < 1, there exists a finite integer k > 1 such that
Cutkn > X.

Let

kK™ :=min{k > 1: Cpirn > x}.

Then x < Cpy4k~ . Thus, after k™ additional positive performance outcomes from the
same task class observed through an external channel, the evaluation point lies below
the threshold. By the feedback-seeking rule, feedback seeking becomes optimal. This

proves Part (ii).
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