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Rewards bias self-evaluations of ability

®| Check for updates

Jean Luo ® <, Peter Mende-Siedlecki®? & Leor M. Hackel'

How do people learn about their own abilities? Often, people receive rewards that offer information
about their performance level. Yet, even when two people perform equivalently on a task, they may
receive disparate rewards. In these cases, could rewards still influence self-evaluations of ability? In
two behavioral experiments, we asked whether people feel more capable and confident when they
receive more rewards, even when their performance is held constant, and they know how they
objectively performed. Participants played a perceptual game in which they received trial-by-trial
accuracy feedback; a staircase procedure held their objective performance constant. However,
participants were assigned to either a high or low-reward condition, which varied the probability of
receiving areward for a correct answer. In Experiment 1 (N = 340), we found evidence that rewards bias
overall self-evaluations of ability after the task — particularly estimations of objective accuracy. Next, in
Experiment 2 (N = 342), we examined whether reward feedback would inflate participants’ trial-by-trial
expectations of their own accuracy before each round of the game. Results indicated that participants
updated their expectations to a greater extent when a correct response was accompanied with a
reward. These findings suggest that rewards enhance how much people integrate accuracy feedback

into their dynamic self-beliefs.

When learning new skills, people track their own performance, forming an
impression of their own abilities. Once developed, these self-beliefs can
influence the careers people pursue and the challenges they take on, shaping
future performance, outcomes, and earnings"”. One way people learn how
they are doing on a given task is through positive feedback, such as good
grades or performance bonuses, which can offer information about one’s
performance level. However, the same level of performance may also garner
different rewards. For instance, equally talented children may receive dif-
ferent amounts of praise, and equally skilled employees may receive dif-
ferent salaries. In these cases, rewards may still have an affective impact,
leading people to feel more positively about their successes. By extension,
would such variations in reward lead to biased perceptions of one’s own
ability?

Beliefs about one’s own ability reflect one component of the self-con-
cept, which encapsulates a broad collection of beliefs and attitudes about the
self in various domains. The self-concept includes both stable components
and temporary components that can be malleable in response to environ-
mental influences*’. As people form impressions of their ability in a task
domain, these beliefs may serve as a momentary and temporary aspect of
self-concept and, over many instances of learning, may eventually become
integrated into more stable aspects of the self”.

Past work suggests that rewards can indirectly influence these self-
beliefs by shaping behavior. For instance, greater financial incentives can
motivate people to work harder and perform better in the workplace®”. This

behavior change can fuel a positive feedback loop: By motivating employees
to work harder, rewards may lead them to develop an identity as a hard
worker’. Yet, beyond reinforcing behavior, receiving rewards typically feels
good. Affective experiences may, in turn, drive belief updating’™"*. In par-
ticular, people are often unaware of the source of their feelings"’, leading
feelings to seep into judgments. For instance, individuals in a good mood
tend to overestimate their overall life satisfaction'’, and individuals who find
instructions for a task easy to read tend to underestimate the difficulty of
completing the task". People may similarly attribute the positive feelings
induced by rewards to their own ability when performing a task, leading
them to form an inflated sense of their own performance. Indeed, in pre-
vious work, monetary incentives for accurate confidence judgments biased
those judgments, such that the prospect of gains increased confidence and
the prospect of losses decreased confidence'®. This work underscores that
rewards can elicit positive feelings that bias confidence in task-related per-
formance estimates. Local decision confidence then shapes the formation of
general self-beliefs about ability in a given task'”. Yet, in addition to shaping
immediate confidence in a particular response, rewards during learning
about one’s actual performance in a task may lead to biased self-evaluations
of one’s performance on the whole. Altogether, beyond indirectly influen-
cing identity by reinforcing behavior, rewards may also directly influence
self-beliefs through changing affect.

When forming impressions of others’ ability, rewards indeed influence
evaluations of others’ competence. In one study, participants learned about
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others who varied both a) in their competence in answering trivia questions
and b) in the amount of rewards they earned for participants through the
game, which was determined randomly by lottery scratch-off tickets. Par-
ticipants subsequently rated individuals who had earned them larger
material rewards as more competent, even when these individuals had
identical trivia performance to those who earned them lower rewards™. A
similar mechanism may govern self-perception, whereby rewards might
bias a person’s impression of their own competence even when they are
aware of their objective performance.

Prior neuroimaging work similarly raises the hypothesis that rewards
could become intertwined with expectations of success. Brain regions
involved in reward processing often overlap with those that process accu-
racy feedback’?, track perceptions of one’s own ability”, and form con-
fidence judgments™”. Thus, reward feedback may become conflated with
ability as part of an expectation of success as people evaluate their task
performance—a hypothesis we tested behaviorally in the present work.

Altogether, beyond indirectly shaping self-beliefs by reinforcing spe-
cific behaviors, reward may also directly mold self-beliefs by leading people
to feel more positively about their performance. Although reward feedback
can sometimes hold informative value about performance, we asked whe-
ther it has an influence even when a more objective metric of performance is
readily available. In two preregistered experiments, we examined the impact
of rewards on self-evaluations of ability by decoupling reward feedback
from objective performance feedback. Using a between-subjects design, we
manipulated the frequency of monetary rewards participants received for
correct answers in a perceptual game. This game allowed us to hold
objective performance (i.e., accuracy) constant and give explicit accuracy
feedback after each round. In this way, participants could learn based on
feedback about their performance in a task that did not clearly map onto
pre-existing abilities, similar to prior paradigms used to study self-
beliefs'****. We measured the effect of rewards on participants’ (1) esti-
mations of previous accuracy, (2) predictions of future accuracy, and (3)
overall judgments of game competence. We refer to these measures as task-
specific self-beliefs—measures reflecting impressions of performance,
expectations of success, and generalized beliefs about ability in a task
domain. Next, we examined the trial-by-trial mechanisms driving biased
self-belief formation, testing whether rewards inflate immediate predictions
of accuracy after the same accuracy feedback.

Given that participants received explicit feedback about accuracy, they
could form self-beliefs by integrating across objective performance feed-
back. However, at times, people must assess their performance by reflecting
on their experience—an ability known as metacognition. For instance,
people may assess how confident they are in a response based on the
experience of responding”. As a secondary question, we asked whether
frequent rewards for correct answers would also shape later confidence in
the absence of feedback. To do so, we included a separate phase of the game
that measured trial-by-trial confidence in responses in the absence of
external feedback. We refer to this measure as local confidence.

Across both studies, we hypothesized that participants who received
more rewards during the task would estimate higher previous accuracy,
predict higher future accuracy, and rate themselves higher in competence in
the game. We also predicted that receiving more rewards would lead to
having higher local confidence when completing the task again without
feedback. On a trial-by-trial level (Study 2), we hypothesized that rewards
would increase the influence of accuracy feedback on self-evaluations.

Methods
Study 1
All manipulations and measures, sample size and exclusion criteria used in
this study were preregistered on June 2, 2023. A preregistration document
can be found at https://aspredicted.org/S2]_XSG. All data in Study 1 were
collected in June 2023.

Participants. We employed a convenience sampling strategy and
recruited 400 participants from CloudResearch with an approval rate of 95%
or above. All participants were compensated $2.40 for their participation in

the study, with bonuses beyond this base payment dependent on their per-
formance in the game (these ranged from an additional 20 to 80 cents). 364
participants self-reported their age and gender. They ranged from 18 to 75
years (M =39.86, SD =11.46). 206 identified as men, 157 identified as
women, and 1 as other. 360 reported their racial/ethnic affiliation (they could
select multiple categories). The majority identified as White or Caucasian
(68.6%), followed by Black or African American (10.8%), East Asian (8.2%),
Hispanic or Latinx (6.4%), South Asian (2.3%), American Indian or Alaska
Native (1.8%), Middle Eastern (0.8%), Other (0.8%), and Pacific Islander or
Native Hawaiian (0.3%). The sample size was determined through a power
analysis based on the exclusion rate and effect sizes observed in a pilot study
(described in Supplementary Note 2). Participants were eliminated from
analyses based on our preregistered rule: if they failed an attention check
phase after the main task that included six rounds of the game at the easiest
level (i.e., no noise in dot motion), defined as answering three or more rounds
incorrectly. This left a total of 340 participants (85.0%) whose data were used
in all Study 1 analyses (unless otherwise specified), with 176 participants in
the high-reward condition and 164 in the low-reward condition. All parti-
cipants completed informed consent in accordance with the University of
Southern California Office of the Protection of Research Subjects, which
approved the study procedures. We only included in our sample the parti-
cipants who recorded task data; there were an additional 84 participants who
started the Qualtrics survey (containing the study link) without participating
in the experiment. In cases where multiple entries were recorded for the same
participant, we only used their data from the first entry for analysis.

A post-hoc sensitivity analysis in G*Power 3.1 showed that the
minimum detectable effect size at 80% power was f*=0.018 for a single
coefficient in a multiple linear regression model.

Procedure. We programmed the study using PsychoPy (version
2021.2.2)"" and set up a Qualtrics survey, which directed participants to
the study link on the online platform Pavlovia. Thus, participants com-
pleted the experiment online without a researcher present. All participants
played 80 rounds of the dot motion game, in which they saw dots moving
on the screen and indicated the direction in which the majority of the dots
were moving. On each round, the dots appeared for 0.75 seconds, after
which subjects had unlimited time to indicate the direction of motion by
pressing the left or right arrow keys. To ensure similar accuracy levels
across all participants, we used a “staircase” procedure to adapt task dif-
ficulty and keep accuracy at roughly 70%". This algorithm makes the task
harder when a participant answers several rounds correctly and easier
after incorrect rounds. Specifically, this meant adjusting the amount of
random noise in the motion of dots, making it harder or easier to tell
which direction the majority of dots were moving. We implemented a
QUEST staircase using JsQuest”, which calculates the most probable
Bayesian estimate of the difficulty level on each round that would yield the
target accuracy rate of 70%’". Before starting the game, participants had 3
practice rounds, for which the task was at the easiest level (i.e., all dots
moving in the same direction with no noise).

For every correct answer in the game, participants had a turn with a
virtual slot machine; for incorrect answers, they got no turn with the slot
machine. The virtual slot machine determined whether the participant
received a token, and tokens translated to a monetary bonus on top of their
base payment at a rate of 1 token =1 cent. After each round in the game,
participants received feedback both about their accuracy on that round as
well as whether they earned a token in the case of a correct answer. This
feedback appeared sequentially—first, accuracy feedback (i.e., “correct” or
“incorrect” text) would display. In the event that participants had answered
the round correctly, an image of a slot machine appeared underneath the
accuracy feedback after 0.75 seconds. Then, reward feedback (i.e., an image
of a token or no token) appeared 1.5 seconds after accuracy feed-
back, underneath the slot machine. All three items (accuracy feedback, slot
machine, and reward feedback) would remain on screen for another second
before the next trial, for a total of 2.5 seconds on this feedback page. If
participants had answered the round incorrectly, only the accuracy feedback
would display for the full 2.5 seconds.
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Although answering correctly guaranteed participants a turn with the
slot machine, it did not guarantee a reward. Participants were randomly
assigned (via assignment logic within the experimental platform) to one of
two between-subjects conditions. In the high-reward condition, the prob-
ability of the slot machine giving a token was 85%, while in the low-reward
condition, the probability was 25%. We used these probabilities to generate
strong and weak experiences of reward; specifically, a 70% accuracy rate
from the staircase procedure would yield 56 trials on average with correct
answers, and an 85% reward rate would yield approximately 48 rewarded
trials, while a 25% rate would yield approximately 14 rewarded trials. In this
way, reward delivery was probabilistic and unrelated to accuracy. After
completing all rounds of the game, participants answered several questions
about their previous performance. We used 3 measures to probe task-
specific self-beliefs: estimated previous accuracy, predicted future accuracy,
and self-evaluations of competence in the game. Participants rated their
estimated previous accuracy and predicted future accuracy on continuous
scales ranging from 0 to 100, corresponding to the percentage of rounds they
believed they had answered correctly or would answer correctly in the
future, respectively. For self-evaluations of competence, participants rated
how good they were at the game on a continuous scale ranging from 0 to 100,
with 0 as Not good at all and 100 as Very good. Additionally, participants also
rated their enjoyment (i.e., “how much did you enjoy completing the dot
motion game?”), perceived difficulty (i.e., “how difficult did you find the dot
motion game?”), and motivation (i.e., “how motivated were you to do well at
the dot motion game?”), all on continuous scales ranging from 0 to 100.

Local Confidence. We use the term “local confidence” in this study to
refer to metacognitive judgments of confidence about one’s immediate
performance at the trial level. In order to measure local confidence in
immediate responses, participants played 20 additional rounds of the game.
Participants received neither accuracy nor reward feedback during these
trials. Trials were presented at the difficulty level at which the staircase had
ended for each participant and were not subject to further staircasing, as
prior work has suggested that using a single difficulty level provides the most
accurate measure of metacognitive ability’. After each response, partici-
pants rated their confidence level on a scale ranging from 1 = Guessing to
4 = Very confident. Thus, these rounds provided a trial-by-trial measure of
participants’ internal evaluations of confidence in a particular response
while playing the game—as opposed to global evaluations of their perfor-
mance—without influence from additional rewards or objective perfor-
mance feedback. Past work has used this procedure for studying
metacognitive judgments of confidence®. For this portion of the study,
participants also learned that each correct answer earned one token; this
instruction served both to incentivize performance as well as to establish a
new reward structure in which previous reward contingencies became
irrelevant. (See Supplementary Note 8 and Supplementary Fig. 2 for analyses
of these data.)

Finally, participants played 6 additional rounds of the game at the
easiest level. Like the previous trials, participants learned that each correct
answer earned one token. We used performance on these trials to exclude
inattentive participants. Since the easy trials occurred at the end of the
experiment, we reasoned that performing at a chance level or below on these
trials likely indicated a lack of learning or attention. We also had used a
similar rule previously in a pilot study (reported in Supplementary Note 2).
Further, to probe for knowledge about reward structure in the main phase of
the game, participants estimated the probability with which they had pre-
viously received a token from the slot machine for a correct answer, forming
a measure of perceived reward (see Supplementary Note 7 and Supple-
mentary Table 11 for exploratory analyses associated with this measure).
Since the 20 rounds probing local confidence and 6 additional rounds of the
game did not have a slot machine that could give tokens for correct answers,
we included these rounds before the questions probing perceived reward.
However, if these additional rounds of the game had some biasing effect on
estimates, this bias would have affected all participants regardless of the
reward condition to which they were assigned. Finally, participants

provided their demographic information and read a debriefing form
regarding the study. See Fig. 1 for an overview of the experiment design.

Analytic Strategy. We analyzed all data using R version 4.3.3”. Graphs
were generated using the ggplot2”, ggdist”, and cowplot’ packages. We
used multiple linear regression models to test whether reward condition
(coded as —1 for low-reward and 1 for high-reward conditions) predicted
estimations of previous accuracy, predictions of future accuracy, and
competence ratings, controlling for objective accuracy. Even though the
staircase procedure held accuracy at roughly 70%, we included objective
accuracy as a covariate to account for any remaining variability in actual
performance between participants and to confirm that participants had
some veridical sense of how they had performed. For all multiple linear
regression models reported, unless otherwise noted, residual plots showed
no signs of major deviations from normality or evidence of hetero-
skedasticity, and variance inflation factors indicated no concerning multi-
collinearity, suggesting that model assumptions were met. In cases of
deviation from normality or evidence of heteroskedasticity, we used the
sandwich*' and Imtest* packages to conduct regression with robust stan-
dard errors. For all t-tests reported, the data were visually inspected to be
approximately normal. All statistical tests were two-tailed and used an alpha
level of 0.05 to determine significance.

To test the effect of rewards on later local confidence, we fit a gen-
eralized estimating equation (GEE) model assuming a Poisson distribution
(according to our preregistered plan) using the geepack package®. This
approach assumes that the outcome is count-like, with equal spacing. Model
diagnostics confirmed that the asymptotic and dispersion assumptions of
the Poisson GEE were adequately met (dispersion ratio = 0.12). To ensure
that the observed effect was robust to modeling assumptions, we also fit an
exploratory cumulative link mixed model (including random intercepts for
participants) using the ordinal package*, which is better statistically suited
for modeling ordered categorical outcomes (results of this model are
reported in Supplementary Note 8).

Study 2

Experimental procedures, analyses, exclusion criteria for Study 2 were
preregistered on September 8, 2023 on AsPredicted. A preregistration
document and can be found at https://aspredicted.org/F92_NGB. All data in
Study 2 were collected between September and October 2023.

Participants. We aimed to recruit 400 participants, but due to a plat-
form error, data were collected from 399 unique participants. We employed
a convenience sampling strategy. Of the recruited participants, 208 came
from the University of Southern California subject pool and received course
credit in exchange for participation in the study. 187 self-reported their age
and gender. These respondents ranged from 18 to 44 years (M =20.31,
SD = 2.19), and 73 self-identified as men, 113 as women, and 1 as other. 184
participants also indicated their racial/ethnic affiliation, and they were
allowed to select multiple categories. Of these participants, the most fre-
quently selected categories were White or Caucasian (32.5%) and East Asian
(31.1%), followed by Hispanic or Latinx (12.4%), South Asian (10.1%),
Black or African American (4.8%), Middle Eastern (3.8%), American Indian
or Alaska Native (1.4%), Pacific Islander or Native Hawaiian (1.0%), and
Other (2.9%).

The remaining 191 participants came from CloudResearch and had an
approval rate of 95% or above. These participants were compensated $2.40
for their participation in the study. 182 self-reported age, gender, and racial/
ethnic affiliation; these respondents ranged from 19 to 72 years (M = 36.81,
SD = 11.44), and 112 self-identified as men and 70 as women. The majority
identified as White or Caucasian (60.1%), followed by Black or African
American (16.6%), Hispanic or Latinx (8.8%), East Asian (8.3%), South
Asian (3.6%), American Indian or Alaska Native (2.1%), and Middle
Eastern (0.5%). No participants identified as Pacific Islander or Native
Hawaiian or selected “Other”.

We used the same preregistered exclusion rule as Study 1 (excluding
participants who answered incorrectly on three or more of the easy dot

Communications Psychology | (2025)3:143


https://aspredicted.org/F92_NGB
www.nature.com/commspsychol

https://doi.org/10.1038/s44271-025-00286-7

Article

e e divsion of o . JRRSY

Main Phase

Prs SPACE o coine.

Practice Rounds

* 3rounds at easiest level

answer

Please indicate the diretion ofdot moton.

* 80 rounds with 70% accuracy

* Two reward groups: 85% or 25%
chance of token for current

Incorrect.|

Questionnaire Phase

» 3 Task-Specific Self-Belief
Measures

* Enjoyment, Perceived
Difficulty, Motivation

Please indicate the diretion ofdot motion.

Incorrect.

Press SPACE barto contine.

Attention Check

* 6rounds at easiest level

Plsse inict e diectonof ot moto.

Metacognition Phase

* 20rounds at ending difficulty from
Main Phase

Fig. 1 | Full task structure. Participants first practiced the game at the easiest level
for 3 rounds before proceeding to 80 rounds of the main phase. Then, they filled out
questionnaires probing task-specific self-beliefs. They then completed 20 additional

rounds of the game without accuracy or reward feedback at the ending difficulty level
from the main phase, rating their confidence after each answer. Finally, participants
completed 6 rounds at the easiest level, which served as an attention check.

motion trials at the end of the experiment). After exclusions, a total of 342
participants (85.5%) remained for analysis, with 174 participants in the
high-reward condition and 168 in the low-reward condition. All Study 2
analyses used this sample, unless otherwise specified. All participants
completed informed consent in accordance with the University of Southern
California Office of the Protection of Research Subjects, which approved the
study procedures. We only included in our sample the participants who
recorded task data; there were an additional 135 participants who started the
Qualtrics survey without participating in the experiment. In cases of
duplicate data entries for the same participant, we only used data from the
first entry.

A sensitivity analysis indicated that the minimum detectable effect size
at 80% power for a single coefficient in a multiple linear regression was
f?=0.018. The smallest detectable effect size for a two-tailed paired samples
t-test was d = 0.16.

Procedure. As in Study 1, we programmed the study on Psychopy
(version 2021.2.2)"' and created a Qualtrics survey that directed participants
to the online study on Pavlovia. Participants completed the experiment
online with no researcher present. The procedure in Study 2 was similar to
Study 1, with the following changes. Before every round of the game, par-
ticipants used the up or down arrow keys to indicate whether they expected
that they would answer correctly or incorrectly on the next round, forming a
measure of performance expectation. Additionally, because part of our
sample in Study 2 came from a university subject pool, rewards did not
translate directly to a bonus; instead, tokens for all participants served as
raffle tickets for a $10 gift card draw at the end of the study. Moreover, in
Study 2, each trial was associated with a unique image cue representing
either a lottery ticket after a correct answer or an “incorrect receipt” after an
incorrect answer. We used images of objects and scenes, taken from pre-
existing image databases™ and randomized per participant whether
objects represented lottery tickets and scenes represented incorrect receipts,

or vice versa. We also randomized the order in which the images appeared.
Following the game, we probed memory for several images by asking par-
ticipants to indicate “Yes” or “No” in response to the question, “Did you see
this image during the game?” 30 were new images that had not been dis-
played during the game, while we aimed to test up to 10 images previously
associated with incorrect trials, up to 10 associated with correct-unrewarded
trials, and up to 10 associated with correct-rewarded trials. We included
these memory probes to test a second possible mechanism, whereby
rewarded trials may stand out in memory, which could in turn serve to bias
self-evaluations at the conclusion of the game. However, due to a critical data
recording error, memory probe data could not be accurately associated with
specific trials, preventing us from testing this alternative hypothesis. Before
finishing the study, participants also filled out a general self-esteem
questionnaire”” and the PHQ-9 to assess depressive symptoms™. (Analyses
associated with the depression measure are reported in Supplementary
Note 9). We added these measures to explore how individual differences
may relate to task-specific self-belief updating.

Analytic Strategy. All analyses were implemented in R version 4.3.3”,
and graphs were generated using the ggplot2®, ggdist”, and cowplot™
packages. We used a mixed-effects logistic regression using the Ime4
package® to test how trial-by-trial performance expectations (measured as a
binary variable, where 0 = incorrect and 1 = correct; total of 80 trials per
participant) depend on accuracy (i.e., whether participants answered cor-
rectly or incorrectly) and reward (ie., whether reward was presented)
feedback on the preceding trial. This model, therefore, estimated whether
participants increased their expectations of success in response to correct
(versus incorrect) answers and whether they did so to a larger extent if a
correct answer was rewarded. The model included random intercepts for
participant and by-participant random slopes for both reward and accuracy
feedback. The correlations between random effects were not modeled.
Model diagnostics indicated no violations of key assumptions, including
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Please indicate the direction of dot motion.

Fig. 2 | Schematic of Study 1 task flow. After making a response for a round of the
dot motion game, accuracy feedback was displayed first, reading either “Correct” or
“Incorrect.” If the response was incorrect, nothing else would display before the next

Correct.

Correct.
o
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Incorrect.

round began. If the response was correct, an image of a slot machine appeared
underneath the accuracy feedback, followed by an image of a token or a circle with a
slash, indicating whether a token was won or not.

linearity of the logit, multicollinearity, heteroscedasticity, or model con-
vergence. The assumption of normality for ¢-tests was adequately met based
on visual inspection of difference scores.

Identical procedures as Study 1 were used for modeling task-specific
self-beliefs and trial-by-trial confidence. We confirmed that the assump-
tions of normality and absence of heteroskedasticity and multicollearity
were met for multiple linear regression models. Model diagnostics for the
GEE model predicting local confidence indicated that asymptotic and dis-
persion assumptions were met (dispersion ratio = 0.10).

Results

Study 1

We first investigated how the probability of receiving rewards during a task
influences subsequent self-evaluations of ability. In a dot motion task
described as a perceptual game, participants repeatedly judged whether dots
were moving to the left or right. To hold performance approximately
constant across participants ( ~70% accuracy), we implemented a staircase
algorithm that increased or decreased the difficulty of the task, which was
accomplished by increasing or decreasing random noise that made the
direction of overall motion more or less difficult to detect™. After each
round, participants received accuracy feedback, allowing them to track their
performance objectively. In addition, participants were informed that each
time they answered correctly, they would have the opportunity to play witha
slot machine that could give them a token worth a monetary reward. On
these rounds, they saw an image of a slot machine appear on screen, fol-
lowed by a token or no token (Fig. 2). Thus, reward was probabilistic, and
participants were randomly assigned to a “high-reward” condition, in which
they received a token on 85% of correct trials, or a “low-reward” condition,
in which they received a token on 25% of correct trials. Participants were
instructed that, while correct responses always generated an opportunity to
play with the slot machine, the outcome was unrelated to their response.
After the game, they then made three self-evaluations about their own ability
in the game: an estimate of the proportion of trials they had answered
correctly, a prediction about the proportion of trials they would answer
correctly if they played 100 additional rounds of the game, and a rating of
how good (i.e., competent) they were at the game overall. We hypothesized
that participants who received more rewards when completing a task would

estimate higher previous accuracy, predict higher future accuracy, and rate
themselves higher in competence in the game.

Although not specified in our preregistered plan, we examined whether
the staircase procedure successfully held accuracy constant between reward
conditions. The average accuracy was 69.32% (high reward: M =0.69,
SD = 0.09; low reward: M = 0.70, SD = 0.09), and a two-tailed independent
samples ¢-test revealed no significant differences between reward conditions
(¢(337.8) = —1.86, p = 0.06, Cohen’s d = 0.20, 95% CI [—0.036, 0.001]).

Task-specific self-beliefs. We first assessed whether self-beliefs about
the task differed across reward conditions, adjusting for each partici-
pant’s actual accuracy. The multiple linear regression models explained
11.1% of the variance in estimations of previous accuracy
(Adjusted R* = 0.111, F(2, 337) = 22.24, f>=0.13, p < 0.001) and 13.9% of
the variance for predicted future accuracy (Adjusted R*=0.139, F(2,
337)=28.37, f>=0.17, p<0.001). Actual accuracy was significantly
associated with both estimated previous accuracy (b= 59.70, SE =9.81,
t(337) =6.09, p <0.001, 95% CI [40.40, 78.98]) and predicted future
accuracy (b=74.66, SE =10.38, #(337) =7.19, p < 0.001, 95% CI [54.23,
95.08]), indicating that participants’ estimates of their own accuracy
generally reflected their objective accuracy.

Yet, in the same model, reward was also significantly associated with
estimated previous accuracy (b=2.87, SE =0.87, #(337) =3.32, p <0.001,
95% CI [1.17, 4.57]; Fig. 3A) and predicted future accuracy (b =2.70, SE =
091, £(337) = 2.95, p = 0.003, 95% CI [0.90, 4.50]; Fig. 3B), indicating that
reward exerted an influence on self-evaluations even after taking into
account the effect of objective accuracy. That is, participants who received
more frequent rewards for correct answers thought they had performed
more accurately and would perform more accurately in the future, even
when accounting for their objective performance. Specifically, participants
in the high-reward condition estimated higher accuracy (M =61.91, SE =
0.89) than in the low-reward condition (M = 57.22, SE = 0.92). Although
not preregistered, a two-tailed independent samples -test assessing the
absolute difference between conditions supported our main findings
(£(334.28) = 2.59, d = 0.28, p = 0.01,95% CI [1.12, 8.25]). Participants in the
high-reward condition also predicted greater accuracy (M =65.19, SE=
0.97) than those in the low-reward condition (M = 61.11, SE =0.98), and a
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(non-preregistered) two-tailed independent samples t-test also provided
converging evidence for our primary regression results (#(335.32) = 2.09,
d=023, p=0.04, 95% CI [0.24, 7.92]). Given that participants under-
estimated their own accuracy overall, those in the high-reward condition
came closer to their true accuracy than those in the low-reward condition
(refer to Supplementary Note 1). In the corresponding regression predicting
participants’ competence ratings, the two predictors explained 6.8% of the
variance (Adjusted R* = 0.068, F(2, 337) = 13.4, £=0.08, p <0.001). In this
model, accuracy significantly predicted competence ratings (b=56.79,
SE = 11.40, #(337) = 4.98, p < 0.001, 95% CI [34.37, 79.21]), but the effect of
reward was non-significant (b=1.90, SE =1.00, #(337) =1.89, p =0.059,
95% CI [—0.08, 3.87]; Fig. 3C). Although participants in the high-reward
condition rated higher game competence (M = 62.57, SE = 1.00) than in the
low-reward condition (M =59.78, SE = 1.07), a (non-preregistered) two-
tailed independent samples t-test also did not provide evidence of a sig-
nificant difference between the two conditions (#(331.44) =1.35, d=0.15,
p=0.20, 95% CI [—1.28, 6.87]).

These findings replicated a pilot study that found similar effects of
reward on evaluations of estimated previous accuracy and predicted future
accuracy (see Supplementary Note 2). Moreover, in an exploratory (non-
preregistered) analysis, we examined the relationship of self-beliefs with
experienced reward rate, which may track more closely with beliefs.
Although an exploratory manipulation check confirmed that participants in
the high-reward condition received significantly higher average bonuses
(M =66.89 cents, SD=28.51) than those in the low-reward condition
(M =34.50 cents, SD =5.23, #(294.0) = 42.59, p <0.001, d =4.55, 95% CI
[30.89, 33.88]), actual reward rates differed across individuals within the
same condition due to the probabilistic nature of feedback. That is, different
individuals in the same reward condition could have had relatively higher or
lower reward rates compared to one another, and those different rates of
reward might produce different self-beliefs. We therefore refit the linear
regression models predicting task-specific self-beliefs using each partici-
pant’s actual reward rate rather than reward condition. This approach
provided a more precise metric of the actual rate of reward each participant
experienced. In these models, reward rate was significantly associated with
estimated accuracy (b =10.67, SE =2.85, #(337) = 3.75, p <0.001, 95% CI
[5.07, 16.28], predicted accuracy (b=9.45 SE=3.02, #(337)=3.12,
p=0.002, 95% CI [3.50, 15.40]), and competence ratings (b=7.55, SE =
3.32, #(337) = 2.28, p = 0.024, [1.02, 14.08]; see Supplementary Note 6 and
Supplementary Table 9).

Although the staircase procedure held accuracy constant, different
participants might have reached 70% accuracy at different difficulty levels of
the task. If difficulty levels differed across conditions, then this difference
might also explain self-beliefs across conditions. We therefore tested whe-
ther the difficulty level of the staircase impacted task-specific self-belief
measures. This analysis was also not originally in our preregistered plan, but
we aimed to ensure results remained the same when adjusting for the
objective difficulty of the game, given that participants might have been
aware of task difficulty and used difficulty as a cue to their performance. To
do so, we refit the regression models predicting the three task-specific self-
belief measures with an additional predictor that reflects the ending diffi-
culty level of the task for each participant. The reward effect remained
significant for estimated accuracy (b=2.89, SE=0.87, #(336)=3.33,
P <0.001, 95% CI [1.18, 4.59]) and predicted accuracy (b =2.62, SE =0.91,
#(336) = 2.87, p =0.004, 95% CI [0.82, 4.41]; see Supplementary Table 2).
The average ending difficulty level of the task also did not differ significantly
by condition (see Supplementary Note 4 for details). Thus, we observe no
credible evidence that an awareness of the difficulty of the game could
account for the observed effect of reward on self-beliefs.

While we had preregistered an exclusion rule for our analyses, we also
tested whether the main findings were robust to alternative exclusion cri-
teria. For example, our preregistered rule used trials after the main phase, but
it is possible that an exclusion rule relating to performance during the main
80 rounds of the games could capture inattention better. Specifically, in
exploratory analyses, we excluded participants who spent most of the game

at the easiest level (ie., no noise in dot motion). For these analyses, the
inferences remained the same (see Supplementary Note 4).

Game perceptions. Did the effects of reward extend to perceptions of
the game itself, beyond self-evaluations of ability? In exploratory ana-
lyses, we examined this question by testing the effects of reward on self-
reported enjoyment, difficulty, and motivation in the task using linear
multiple regression. Reward did not significantly predict enjoyment
(b=2.08, robust SE = 1.48, #(337) = 1.40, p = 0.16, 95% CI [—0.83, 4.99])
or motivation (b = 0.70, SE = 1.27, #(337) = 0.55, p = 0.59, 95% CI [—1.80,
3.19]), but it did predict perceived difficulty (b=—2.50, SE=1.23,
t(337) = 0-2.03, p =0.043, 95% CI [—4.92, —0.08]; see Supplementary
Note 9 for model details). Specifically, receiving more rewards was
associated with perceiving the game as less difficult. On the other hand,
we observe little credible evidence that the influence of rewards on self-
evaluations of ability was related to increased motivation or overall
enjoyment of the game itself.

Local confidence. Finally, beyond overall performance judgments, we
tested whether rewards during the main phase would impact later con-
fidence when performing the task in the absence of accuracy or reward
feedback. In a subsequent phase of the dot motion game, participants
indicated their confidence (on a scale from 1= Guessing to 4 = Very
confident) after each trial of the game, forming a measure of local con-
fidence. In this phase, the average accuracy was 73.60% (high reward:
M =0.74, SD = 0.14; low reward: M =0.73, SD =0.14), and a (non-pre-
registered) two-tailed independent samples t-test revealed no significant
differences between reward conditions (#(333.9) = 0.72,d = 0.08,p = 0.47,
95% CI [—0.02, 0.04]). The high-reward condition rated an average local
confidence across trials of 2.74 (SD =0.71), while the low-reward con-
dition rated an average local confidence across trials of 2.71 (SD = 0.62).

We predicted that receiving more rewards when playing the game in
the first part of the experiment would lead participants to feel more con-
fident that they would later answer correctly in the absence of any feedback.
In a generalized estimating equation (GEE) model, we used accuracy on
each trial and reward condition to predict trial-by-trial confidence ratings,
allowing for an interaction between the two. Trial-by-trial accuracy (i.e.,
correct versus incorrect response) significantly predicted local confidence
ratings (b=0.06, SE=0.005, z=161.13, p <0.001, 95% CI [0.05, 0.07]),
indicating that participants were attuned to whether they had answered
correctly. However, reward did not significantly predict local confidence
overall (b=0.0001, SE=0.01, z=0.00, p=0.99, 95% CI [—0.03, 0.03]).
Accuracy and reward did show a significant interaction (b=0.01, SE=
0.005, z=4.72, p = 0.03, 95% CI [0.001, 0.02]), suggesting that participants
in the high reward (versus low reward) condition showed more differ-
entiated confidence between correct and incorrect answers. Altogether,
however, we did not observe credible evidence that rewards boosted overall
later local confidence. In addition, the interaction effect suggesting shar-
pened metacognitive accuracy was not replicated in Study 2 and therefore
should be interpreted with caution.

Study 2

Study 1 showed that rewards can bias self-evaluations of ability, particu-
larly estimations of previous accuracy and predictions of future accuracy.
Although participants observed exactly how they performed on each trial,
those who received more frequent rewards from the slot machine fol-
lowing correct answers thought they had performed better. This finding
suggests that reward had an immediate effect on information processing,
though we did not observe credible evidence that this effect boosted later
confidence in new responses made in the absence of reward. What
mechanism might support the bias in task-specific self-beliefs? Study 2
investigated the trial-by-trial influence of rewards on expectations of
accuracy as people develop a sense of their ability in the game. In parti-
cular, we asked whether rewards amplify the extent to which people learn
about their own ability from good performance, leading to larger updates
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Fig. 3 | Comparison of task-specific self-belief measures between reward condi-
tions. In each panel, individual data points are shown for each reward condition (on
the left). N = 340 participants. Difference density plots (on the right) were generated
by bootstrapped resampling (5000 times) to create an empirical distribution of the
difference in means between high and low-reward conditions. Circles (on left) and
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triangles (on right) indicate means. Error bars represent + 1 SE from the mean.
A Distribution of estimated accuracy by reward condition. B Distribution of pre-
dicted accuracy by reward condition. C Distribution of competence ratings by
reward condition.
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On the next round, do you predict that you will
answer incorrectly or correctly?

Correctly

Incorrectly

Fig. 4 | Schematic of Study 2 task flow. After each round, participants saw a trial-
unique image. For correct responses, this image had a green frame, and for incorrect
responses, the image had a red frame. If the response was incorrect, nothing else was
displayed before the next round began. If the response was correct, either a token or a
circle with a slash appeared underneath the first image. In this example, object

(or)

Please indicate the direction of dot motion.

images (e.g., a ball of yarn) served as “incorrect receipts” while scene images (e.g., a
wine cellar) represented lottery tickets that could give a token (similar to the slot
machine in Study 1). Object and scene images shown are reprinted with permission
from the authors of the original publications**’.

in self-beliefs. That is, after a correct response, people can increase their
estimate of their performance level, but this update may be greater when
feedback is accompanied by a reward.

In Study 2, we used the same task as in Study 1 with some key additions.
First, participants were now asked to indicate whether they expected to
answer correctly or incorrectly before each trial of the game, allowing us to
ask how rewards change perceptions of ability on a trial-by-trial basis. This
procedure allowed us to test dynamic belief updating, asking how partici-
pants learned from each instance of feedback and updated their expectations
accordingly. In addition, instead of seeing a slot machine, each trial was now
associated with a trial-unique image representing a lottery ticket that could
give a token for a correct answer or an incorrect receipt for an incorrect
answer (Fig. 4).

Trial-by-trial performance expectation. We adapted reinforcement
learning models to the task in order to model participants’ beliefs
about their likelihood of answering correctly on each trial. We
compared models with and without a reward bias on updating.
Although the reward model specified in our preregistration fit best
(protected exceedance probability = 1), model recovery suggested that
the models were not sufficiently identifiable (that is, the competing
models could not be consistently distinguished from one another
when fit to simulated data). Thus, any interpretation of model
selection or parameter estimates should be made with caution. We
report detailed results from this computational modeling in Sup-
plementary Note 10.

Although not included in our preregistration, we therefore conducted a
mixed-effects logistic regression to predict trial-by-trial participant expec-
tations using accuracy and reward feedback on the immediately preceding
trial. This regression approach offers a more robust and interpretable fra-
mework and approximates the preregistered computational model with a
learning rate of 1 (i.e., modeling how participants update their ratings based
on feedback on the most recent trial). We predicted that reward feedback
would increase expectations of accuracy above and beyond the influence of
accuracy feedback, such that participants’ correct responses would have
greater uptake into self-beliefs when accompanied by reward than not. Both
accuracy (b= 0.66, SE = 0.05, z= 14.59, p < 0.001, 95% CI [0.57, 0.75]) and
reward (b =0.10, SE =0.04, z=2.65, p=0.01, 95% CI [0.03, 0.18]) on the
previous trial emerged as significant predictors, demonstrating that reward
boosted expectations about performance beyond the effect of accuracy.
Specifically, participants updated their expectations more in the positive

direction when they had been rewarded for correct answers (M =0.03,
SE=0.004) versus unrewarded (M =0.02, SE=0.0009; Fig. 5). As an
exploratory analysis, two-tailed paired samples t-tests provided converging
evidence that participants increased their trial-by-trial expectations sig-
nificantly more not only after correct than incorrect responses
(¢(341) =9.73,d = 0.53,p < 0.001,95% CI [0.07, 0.10]), but also after correct-
rewarded trials than correct-unrewarded trials (¢(341)=2.26, d=0.12,
p=0.02,95% CI [0.001,0.03]). These results suggest that rewards shaped the
extent to which people updated their expectations of future success, leading
them to integrate recent accuracy feedback more into self-beliefs.

Task-specific self-beliefs. We next examined the same task-specific self-
belief measures as in Study 1. Validating the staircase procedure, objective
accuracy was 69.0% (high reward: M=0.70, SD=0.08; low reward:
M=0.71, SD = 0.07). An exploratory two-tailed independent samples #-test
did not reveal significant differences between reward conditions
(#(332.21) = —1.92, d=0.21, p=0.06, 95% CI [—0.03, 0.0004]).

For estimations of previous accuracy, we again found that both accu-
racy (b = 84.64, SE = 10.03, #(339) = 8.44, p < 0.001, 95% CI [64.91, 104.37])
and reward (b = 1.71, SE = 0.77, #(337) = 2.23, p = 0.03, 95% CI [0.20, 3.22])
predicted estimates of accuracy. Thus, participants in the high-reward
condition again believed they had performed more accurately compared to
those in the low-reward condition. This model explained 17.3% of the
variance in estimations of accuracy (Adjusted R*=0.173, F(2, 346) = 36.54,
f?=0.22, p <0.001). However, reward was not significantly associated with
either predictions of future accuracy (b=141, SE=0.85, #(337)=1.65,
p=0.10,95% CI [—0.27, 3.09]) or self-evaluations of competence (b =1.12,
SE =091, #(337) = 1.23, p = 0.22, 95% CI [—0.67, 2.91]; see Supplementary
Table 1). These results were consistent with exploratory analyses using
actual reward rate instead of reward condition as a predictor (Supplemen-
tary Note 6 and Supplementary Table 10). These findings thus partially
replicate the reward effects on task-specific self-beliefs observed in Study 1.
Smaller effects on these measures in Study 2 may be due to trial-by-trial
expectation questions drawing greater attention to accuracy, as well as more
abstract and distal rewards than Study 1 (i.e., tokens that translated to raffle
tickets for a lottery as opposed to a direct monetary bonus), which we
consider further in the Discussion.

As in Study 1, we tested whether the results were robust to exclusion
criteria. We fit exploratory (non-preregistered) models predicting each
measure of task-level self-belief after excluding participants who spent most
of the 80 rounds of the game at the easiest level. In these analyses, we
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Fig. 5 | Comparison of changes in performance expectations following different
feedback. A Each dot represents one participant’s mean change in performance
expectation following each type of trial. N = 342 participants. Diamonds indicate
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pants. The triangle indicates the mean, and the error bars represent the 95% con-
fidence interval around the mean.

observed stronger effects of reward on task-specific self-beliefs, across
estimated accuracy (b=2.53, SE=0.73, #(383) = 3.47, p <0.001, 95% CI
[1.10, 3.97]), predicted accuracy (b=2.23, SE=0.79, #(383)=2.84,
p =0.005,95% CI [0.69, 3.78]), and competence ratings (b = 1.95, SE = 0.85,
£(383) =2.29, p=0.02, 95% CI [0.28, 3.63]; see Supplementary Note 5 and
Supplementary Table 7). We also refit multiple regression models with an
additional predictor that captures the ending difficulty level of the task for
each participant, and the reward effect on estimated accuracy remained
significant (b = 1.68, SE = 0.77, #(336) = 2.19, p = 0.03, 95% CI [0.17, 3.20];
see Supplementary Note 4 and Supplementary Table 3).

Local confidence. As in Study 1, we also tested whether rewards during
the main phase of the game would affect later confidence in a separate
phase without accuracy or reward feedback. The average accuracy in
these trials was 73.40% (high reward: M =0.72, SD = 0.13; low reward:
M =0.74, SD = 0.14), and a (non-preregistered) two-tailed independent
samples t-test revealed no significant differences between reward con-
ditions (#(339.34) = —1.34,d = 0.14, p = 0.18, 95% CI [—0.05, 0.01]). The
high-reward condition rated an average local confidence across trials of
2.86 (SD = 0.65), while the low-reward condition rated an average local
confidence across trials of 2.91 (SD = 0.57).

Although trial-by-trial accuracy significantly predicted local con-
fidence (b=0.05, SE =0.004, z=175.20, p <0.001, 95% CI [0.05, 0.06]),
reward did not (b =—0.005, SE =0.01, z=0.18, p =0.67, 95% CI [—0.03,
0.02]). The interaction between the two was also non-significant
(b=—-0.004, SE=0.004, z=1.07, p=0.30, 95% CI [—0.01, 0.004]). The
interaction was somewhat sensitive to model assumptions, such that an
alternative model specification suggested a negative interaction between
reward and accuracy (b = —0.02, SE = 0.002, z= —11.80, p < 0.001, 95% CI
[—0.03, —0.02]), unlike Study 1 (see Supplementary Note 8 for details).
Overall, we observe no credible evidence that rewards in the main phase of
the game boosted local confidence in the absence of feedback, and we did not
observe consistent interaction effects across studies.

Game perceptions. We again examined whether rewards influenced
perceptions of the game beyond self-evaluations of ability. In multiple

regression models, reward was not significantly associated with enjoy-
ment (b=—0.21, SE=1.36, #(339) = —0.15, p=0.88, 95% CI [—2.90,
2.47]), perceived difficulty (b=-1.60, SE=1.15, #(339)=-—1.39,
p=0.17,95% CI [—3.86, 0.66]), or self-reported motivation (b = —0.64,
SE =1.32, #(339) = —0.49, p=0.63, 95% CI [—3.22, 1.93]; see Supple-
mentary Note 9 and Supplementary Table 14).

Link to self-esteem. Finally, in order to assess links to broader self-
views, we added a measure of general self-esteem in Study 2 and exam-
ined the link between this measure and task-specific self-beliefs. In a
multiple linear regression model with reward and self-esteem as pre-
dictors, self-esteem was significantly associated with competence ratings
(b=3.37, SE = 1.43, #(314) = 2.36, p = 0.02, 95% CI [0.55, 6.19]), which
reflect generalized judgments about ability in the task, though not with
estimations of prior accuracy (b= 1.85, SE=1.21, #(314) = 1.52, p = 0.13,
95% CI [—0.54, 4.24]) or predictions of future accuracy (b= 1.66, SE =
1.36,1(314) = 1.22, p = 0.22,95% CI [—1.02, 4.33]). These results suggest
a link between task-specific competence judgments and general views
about the self (see Supplementary Note 9 and Supplementary
Tables 15 and 16 for more details).

Discussion

Summary

Across two behavioral experiments, we examined the impact of rewards on
self-evaluations of ability in a task by decoupling rewards from objective
performance feedback. Results showed that rewards biased people’s
understanding of their prior performance, even when they had access to
objective performance feedback. We then probed the learning dynamics
behind this bias, finding that rewards increase the extent to which people
update their beliefs following good performance in a task.

These findings expand our understanding of the links between reward
learning and self-beliefs. Prior research has already established several links
between rewards and self-beliefs. First, rewards influence motivation, which
can shape future performance, and, in turn, impact self-beliefs>*2. Second,
in many cases, rewards are reflective of ability to some extent, and in these
situations, people may use rewards as diagnostic indicators of performance
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to inform self-evaluations. The current findings extend prior work by
demonstrating that rewards may still exert a direct influence on self-
evaluations beyond motivation or any informative value, potentially by
virtue of their affective qualities. This account would be in line with prior
work showing affect-related biases in forming and updating self-beliefs'**
and reward-driven biases in belief updating more generally”*”. Our findings
also complement recent work showing that rewards bias people’s impres-
sions of others’ competence even when objective performance is known™,
and work demonstrating that monetary incentives for accurate confidence
judgments biased these very judgments'®. The present work demonstrates
that reward biases people’s overall impressions of their own performance
and abilities in a task domain, even when accuracy feedback is provided. In
contrast, we did not detect consistent evidence that rewards for correct
responses influenced metacognitive confidence in later responses in the
absence of reward.

The present studies also add to a body of work on inaccuracies in
people’s self-evaluations of ability. Perceptions of skill often show only
small correlations with objective performance™. The underestimation of
performance in the current work aligns with previous work showing that
people update their estimates of their performance more after negative
feedback when they perceive an opportunity to improve, as when
learning a new skill’’. Given that self-evaluations then shape goal per-
sistence and future outcomes', understanding the nature of these flawed
self-assessments can help inform interventions to mitigate their detri-
mental effects. Here, we suggest an additional way in which self-beliefs
can fail to reflect reality: They can be constructed through the experience
of reward, which may reflect influences beyond objective performance,
such as the availability of resources within an institution.

Limitations

Although our current studies afforded several benefits pertaining to
experimental control, they are also limited in generalizability to more
complex, real-world learning scenarios. By using perceptual games, we
presented participants with a task in which they were unlikely to have an
existing self-concept. This approach also allowed us to use a staircase
procedure to control average performance, ensuring that differences in
reward did not promote differences in rates of correct responses between
conditions on average. On the other hand, learning a new skill in the real
world is likely to last much longer than the length of our current experi-
ments and typically occurs over many repeated experiences. Moreover,
the rewards used in the present studies were small; in Study 1, tokens
translated to monetary bonuses of under a dollar, and Study 2 used an
indirect reward structure, in which tokens translated to raffle tickets in a
lottery for a 10-dollar gift card. These reward manipulations may blunt the
positive feelings that accompany rewards in real life. The change to a less
direct reward structure in Study 2 may have contributed to the smaller
effect sizes observed in Study 2 compared to Study 1 on the task-specific
self-belief measures. In addition, drawing more attention to trial-by-trial
accuracy in Study 2 may have dampened the influence of reward on overall
beliefs as compared to Study 1 and deviated more from the way in which
people spontaneously track their own ability. Nonetheless, this approach
allowed us to assess moment-to-moment changes in self-beliefs during
learning as opposed to retroactive judgment, informing how rewards
change information uptake.

In the present study, rewards were extrinsic. This approach was used
to dissociate performance and reward, such that correct performance
could be rewarded or unrewarded. However, similar psychological pro-
cesses may apply to intrinsic reward. Good performance can be intrinsi-
cally rewarding and elicit feelings of pride'’, and there is overlap in neural
representation of reward value, accuracy, and confidence’”. Even in
these cases, reward could have an affective impact that boosts self-
evaluations of ability above and beyond its informative properties. Indeed,
beliefs about the self tend to hold intrinsic value and induce emotions that
can bias learning'®". Accordingly, the current results do not necessarily

suggest that extrinsic reward is needed to generate self-confidence; in fact,
extrinsic reward can also have negative effects on long-term motivation”.
Rather, they highlight a direct role of reward in shaping self-beliefs. Future
work can test how intrinsic affective responses relate to these shifts in self-
beliefs.

In the current study, rewards were delivered probabilistically (via a slot
machine or lottery ticket), but only after correct answers. It therefore
remains an open question how the observed reward bias may change
in situations when reward feedback is either entirely unrelated to accuracy or
even more tightly linked to performance. When it is clear exactly why a
reward was or was not garnered for a particular response, it is possible that
people can more easily determine whether they earned it, which might shape
the extent to which rewards influence self-beliefs. Future work could
examine how uncertainty around rewards affects the impact of feedback on
self-perceptions. In addition, the current study used extrinsic monetary
rewards, but rewards also often come in the form of praise or verbal rein-
forcement. Future work can test the role of social rewards, which rely on
similar brain processes to monetary rewards™ but may have different effects
on intrinsic motivation™.

Nonetheless, given that people often receive extrinsic rewards for
performance in the real world, future work can test how the current findings
may apply to scholastic achievement. Students’ self-beliefs directly influence
performance and future achievement, informing their decisions about
which challenges to take on and what paths to pursue to maximize chances

of success™.

Conclusion

In sum, we identify an influence of rewards on self-belief formation, above
and beyond objective feedback about performance. This work illuminates
the computations through which people learn about their abilities over time
and highlights influences from reward learning that can complement more
conceptual forms of learning®’. By dissociating affective influences from
objective information, these findings can inform how individuals form
expectations of success that guide significant decisions about when to per-
severe and when to give up.

Data availability

The raw, trial-by-trial subject-level data that support the current findings are
available in the study’s online repository in CSV format: https://doi.org/10.
17605/OSF.I0/Z4]98%.

Code availability

The code for running the experiment (Psychopy file and dependencies) and
for all analyses of the data (R files) that appear in both the main text and
supplemental information can be found in the study’s online repository:
https://doi.org/10.17605/OSF.I0/Z4]J98%.
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