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Overconfidence is one of the most consequential and 
pervasive cognitive biases (Bazerman & Moore, 2013) 
and has been a major focus of research (Moore & Schatz, 
2017). The tendency to be more confident than is justi-
fied can exacerbate other biases if people who mistak-
enly believe that they are good at a particular task see 
little reason to gather potentially disconfirming informa-
tion, consider alternative approaches, or invest in 
improvement (Moore, 2023; Vancouver et  al., 2002;  
Walters et al., 2017). Overconfidence can exacerbate sus-
ceptibility to misinformation (Lyons et al., 2021; Peng & 
Shen, 2024), anti-science attitudes (Lackner et al., 2023; 
Light et  al . , 2022), receptivity to bullshit  
(Littrell et al., 2021), and belief in conspiracies (Pennycook 
et al., 2025; Vitriol & Marsh, 2018).

Despite consensus around the importance of over-
confidence, scholars disagree about whether overcon-
fidence qualifies as a trait. Past work has examined 
correlations between overconfidence and a variety of 
other individual differences, such as gender (Barber & 
Odean, 2001; Exley & Kessler, 2022; Niederle &  

Vesterlund, 2007), age (Prims & Moore, 2017), narcis-
sism (Campbell et al., 2004; O’Reilly & Hall, 2021), and 
occupation (Malmendier & Tate, 2015). However, few 
of these correlations are robust to replication across 
different tasks, forms, and measures of overconfidence. 
For instance, whereas some studies report that men are 
more overconfident than women, even more studies 
fail to replicate that relationship (Acker & Duck, 2008; 
Amirkhanyan et al., 2024; Lundeberg et al., 1994; Nekby 
et al., 2008; Prims & Moore, 2017).

Furthermore, past work has found that overconfi-
dence within individuals is unstable across situations and 
measures. For example, the tendency to overestimate 
(i.e., to think you are better than you are at a task) is 
not as strongly correlated with overprecision (i.e., having 
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Abstract
A fundamental underlying question about the nature of overconfidence has continued to be subject to scholarly 
dispute: Is overconfidence a genuine psychological trait? To advance this contested research topic, we engaged in 
an adversarial collaboration in which two research teams agreed upon a set of critical tests and preregistered their 
analyses and predictions prior to data collection. Our study (N = 942; U.S. adults from CloudConnect) leverages 
a methodological innovation: To measure trait overconfidence absent task-related confounds, we developed a set 
of novel tasks in which performance is ostensibly random. When we assess confidence this way, we find robust 
relationships across tasks as measured by both confirmatory factor analyses and raw correlations. This indicates that 
some people do believe that they are able to perform relatively well on tasks even when there is little reason for that 
confidence. Our results support the claim that overconfidence might be a trait.
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excessive confidence than you know the truth) as one 
might expect (Moore & Healy, 2008). Relatedly, overcon-
fidence does not strongly correspond across tasks. For 
example, one task may involve guessing the winner of 
10 football games and then estimating an overall score 
for the task. If overconfidence on such a task is influ-
enced by expertise and familiarity (Moore & Healy, 2008; 
Moore et al., 2015), then overconfidence in guessing the 
winner of football games may not correspond with over-
confidence in predicting the weather, stock prices, or 
how well one scores on a math test. Moreover, there are 
well-documented effects of task difficulty on overconfi-
dence (Moore & Small, 2007): People believe they are 
above average on easy tasks but below average on dif-
ficult tasks. Thus, although a trait interpretation of over-
confidence may be intuitively appealing, the data 
supporting it has been mixed. Unlike stable traits, over-
confidence may be more akin to risk preferences, which 
vary dramatically depending on the context (Weber & 
Johnson, 2009). Consistent with this, Li et  al. (2024) 
recently claimed that overconfidence is too inconsistent 
across forms, time, and measures for it to be justifiably 
considered a trait.

In contrast, Binnendyk and Pennycook (2023) argued 
that our ability to determine whether overconfidence 
is a trait is complicated by the noise inherent in task 
performance. Overconfidence is typically calculated by 
subtracting actual performance from some judgment of 
confidence (such as beliefs about performance); hence, 
any measure of overconfidence is perturbed by noise 
in performance (see also Lawson et  al., 2023, and 
Spiller, 2024). Binnendyk and Pennycook (2023) intro-
duced a novel measurement approach to address this 
problem. Their Generalized Overconfidence Task 
(GOT) presented participants with grainy images and 
two options for what each image contained (see Fig. 
1). Because people who do better on the task do not 
know that they are doing better—and, in fact, are only 
doing better because of chance—Binnendyk and Pen-
nycook argued that systematic variation in confidence 
ought to be attributable to a more generalized overcon-
fidence trait. And, indeed, they found that scores on 
the GOT correlate with conceptually related measures, 
such as overclaiming, bullshit receptivity, actively open-
minded thinking, and others.

Although this supports the argument that confidence 
is a trait, the GOT consists of just a single idiosyncratic 
task. The results from Binnendyk and Pennycook (2024) 
merit generalization.

An Adversarial Collaboration

Our experiment represents an adversarial collaboration 
between two research teams with divergent perspectives. 

Team 1 (the believers) predicted that the confidence 
measured by the GOT represented an underlying psy-
chological trait that would generalize to other tasks. 
Team 2 (the skeptics) was dubious that overconfidence 
is a trait, and they predicted that whatever the GOT 
measured, it would not generalize to other tasks. Fol-
lowing the logic of the GOT, we devised a set of tasks 
for which participants would have little to no basis for 
confidence. For example, our survey asked participants 
to guess whether someone has an “innie” or “outie” belly 
button based solely on a picture of the person’s face. We 
then pretested these tasks to confirm the following 
parameters: (a) The task has a mean score that rarely 
exceeds chance (indicating that participants are guess-
ing), (b) the task is not skill-based (i.e., there is little 
correspondence between actual and estimated perfor-
mance), and (c) the task is novel (i.e., participants would 
not have a priori reasons for thinking that they would 
be good at the task). This led us to select eight novel 
tasks, in addition to the GOT (see the Supplemental 
Material available online for full details on the pretest). 
Notably, these tasks were chosen specifically because 
they do involve novel judgments that do not reflect com-
mon real-world cases in which people are overconfident. 
This ensures that if confidence ratings vary systematically 
across participants and tasks, we can attribute it to the 
underlying trait of being overconfident as opposed to 
prior exposure to the type of decision being made, or 
to some underlying competency.

If overconfidence is a trait, participants’ judgments 
of confidence (and estimated performance) should be 
robustly correlated across the various unique tasks. 
That is, people who are unjustifiably confident in their 
ability to discern the objects in fuzzy images (Fig. 1) 
should also be unjustifiably confident in their ability to 
guess whether someone has an innie belly button. 
Alternatively, if overconfidence is not a stable trait, 
confidence ratings for tasks that involve guessing 
should either be at floor or (like task performance) 
driven by randomness. Hence, our study’s preregistra-
tion makes opposing predictions for correlations of 
confidence measures across tasks (outlined below).
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were used in this research or the creation of this article. 
Ethics: This research received approval from the ethics 
board at Cornell University (ID No. 148258). Open Sci-
ence Framework (OSF): To ensure long-term preserva-
tion, we registered all OSF files at https://osf.io/dxkq8. 
Computational reproducibility: The computational 
reproducibility of the results in the main article (but not 
the Supplemental Material) has been independently con-
firmed by the journal’s STAR team.

Study 1 disclosures

Preregistration: The hypotheses, methods, and analy-
sis plan were preregistered (https://osf.io/cqejr) on 
August 14, 2024, prior to data collection, which began 
on August 21, 2024. Deviations from the preregistration 
were minor and can be found in Table S1 in the Supple-
mental Material available online. Materials: All study 
materials are publicly available (https://osf.io/t3xqn/). 
Data: All primary data are available (https://osf.io/
w3ugn/). Analysis scripts: All analysis scripts are pub-
licly available (https://osf.io/8rw59/).

Method

We preregistered this study at https://osf.io/cqejr on 
August 14, 2024, before data collection started on 
August 21, 2024. All survey materials, data, and analysis 
code are available at https://osf.io/9wg8z/. This 
research was approved by the Cornell University Insti-
tutional Review Board for Human Participant Research 
Office (Approval No. IRB0148258).

Participants.  We preregistered that we would recruit 
1,000 participants pre-exclusions, and we wound up with 
1,001 participants from CloudConnect. Consistent with 
our preregistration, we excluded data from any partici-
pants who did not complete the study and any subse-
quent entries from those who completed it multiple times.

Consistent with our preregistration, we excluded 
data from 32 participants who did not select “strongly 
agree” on an instructed-choice (attention-check) mul-
tiple-choice question;1 an additional 1 participant who 
admitted to “not at all” paying attention; and an addi-
tional 26 participants who indicated that they “agree” 
or “strongly agree” that they are paid biweekly by 

Image 1

Response

250 ms

No limit

Image 2

250 ms

Response

No limit

Estimated
Performance

No limit

Fig. 1.  Generalized Overconfidence Task (GOT) procedure from Binnendyk and Pennycook (2024).

https://osf.io/dxkq8
https://osf.io/cqejr
https://osf.io/t3xqn/
https://osf.io/w3ugn/
https://osf.io/w3ugn/
https://osf.io/8rw59/
https://osf.io/cqejr
https://osf.io/9wg8z/
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leprechauns. These exclusions left us with a final sam-
ple of 942.

Our participants were 51.27% male, 47.56% female, 
1.17% other gender; 66.56% White, 9.02% Asian, 12.63% 
Black, 5.10% Hispanic, 6.69% other race; Mage = 
38.42 years, SD = 12.07. The median education level 
was a bachelor’s degree in college.

Procedure.  Participants completed five (randomly 
selected) of the following nine pretested tasks, each of 
which featured 10 items:

•• Age: guessing the age of someone (who was 
either 32 or 33 years old) on the basis of a picture 
of his or her face, taken from the Iranian Emo-
tional Face Database from Heydari et al. (2023);

•• Birth: guessing someone’s birth order (i.e., whether 
a person was the oldest, middle, or younger child) 
on the basis of a picture of his or her face;

•• Birthday: guessing whether someone’s birthday 
was on an even or odd date on the basis of a 
picture of his or her face;

•• Book: guessing the range containing the number 
of pages in each of 10 books (0–99, 100–199, 
200–299, or 300–399);

•• Card suit: guessing the suit of cards (clubs, hearts, 
diamonds, or spades) drawn from a full deck;

•• GOT: distinguishing which of two possible 
objects was present in a fuzzy image, from  
Binnendyk and Pennycook (2023);

•• Innie: guessing whether someone has an innie or 
outie belly button on the basis of a picture of his 
or her face;

•• Light bulb: guessing which of four light-bulb 
switches corresponded to one of four light bulbs; 
and

•• Preference: guessing the percentage of other par-
ticipants in the study who indicated preferring 
one thing over another (considered correct if the 
guess was within 5% of the true answer).

For each question they answered, they also indicated 
how confident they were in their answer, as a percent-
age up to 100% (the bottom endpoint of the scale varied 
depending on how many possible answers there were; 
e.g., questions that had three possible answers were 
scaled from 33% to 100%, and questions that had three 
possible answers were scaled from 25% to 100%).2 After 
completing the 10 items, participants also estimated 
their score (e.g., “How many questions do you think 
you answered correctly on this task? In other words, 
how many people’s age[s] did you correctly identify as 
32 or 33?”) and their placement (e.g., “What percentage 
of other participants do you think you outscored on 
this task? In other words, fill in the following sentence: 

‘I correctly identified more 33-year-olds than __% of 
participants’”).

After participants completed their five tasks, they self-
reported their attention (“How much were you paying 
attention to the survey, in the questions you answered 
so far?”) on a scale ranging from 1, a great deal, to 5, 
none at all. Then they filled out two trait-measure scales: 
actively open-minded thinking (Baron, 1994) and neu-
roticism (Soto & John, 2017). We included these as sec-
ondary measures to investigate the strength of the 
correlations between confidence judgments and concep-
tually related traits. We also added a bogus item to the 
neuroticism scale (“I see myself as someone who is paid 
by leprechauns biweekly”) as an additional attention 
check. Finally, participants provided their demographic 
information. Participants earned $2.00 for participating 
in the study, which on average took 15.91 min.

Results

Summary statistics

As preregistered, we excluded data from two tasks in 
which task performance and mean confidence judg-
ments were positively correlated (p < .005): guessing 
birth order and guessing participants’ preferences (see 
Table 1, column 7, for performance–confidence correla-
tions on all tasks). We include results with data from 
all tasks in the Supplemental Material.

On each task, the lowest and probabilistically correct 
answer on each item (e.g., 25% on the book task when 
there were four options, and 50% on the age task when 
there were two options) was also the modal level of 
item-level confidence. For each task, we calculated the 
percentage of item-level responses that were the lowest 
and probabilistically correct answer; these percentages 
averaged 25.21% (SD = 8.85%) across the seven tasks, 
ranging from 9.28% on the book task to 35.58% of 
responses on the birthday task. Similarly, the modal 
score estimate was the probabilistically correct answer 
(e.g., 5/10 on tasks like GOT or Innie—i.e., questions 
with two alternatives). Participants were essentially 
equally likely to overestimate (41.50%) or underesti-
mate (40.69%) their scores, with the remaining 17.81% 
of score estimates being correct; 68 participants (7.22%) 
overestimated their score on every task, and 61 partici-
pants (6.48%) underestimated their score on every task. 
We include graphical descriptives of both item-level 
confidence and score estimates on all tasks in the Sup-
plemental Material.

Inter-task correlations

We preregistered two tests: a confirmatory factor analy-
sis, and, secondarily,3 a (simpler) analysis in which we 
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tested the consistency of confidence across tasks by 
measuring each pairwise correlation of confidence 
between tasks. We calculated these correlations for both 
task-level measures of confidence: score estimates and 
average item-level confidence (Table 2). The average 
correlation between average item confidence on differ-
ent tasks was .63, and the average correlation between 
score estimates on different tasks was .42, both of 
which exceed our preregistered threshold (.4) as evi-
dentiary support for overconfidence being a trait.

We also note that although actively open-minded 
thinking (AOT) appears to be negatively correlated with 
average item confidence, this pattern appears to be less 
consistent when correlating with score estimates. Neuroti-
cism does not appear to consistently correlate with either 
task-level measure of confidence. Correlating these traits 
with averaged participant-level item confidence yielded 
similar results (r = −0.29, p < .001 with AOT, r = −.08, p = 
.013 with Neuroticism), as does correlating them with 
averaged participant-level score estimates (r = −.16, 
p < .001 with AOT, r = –.13, p < .001 with Neuroticism).

Factor analyses

We conducted three confirmatory factor analyses (CFAs) 
to investigate whether item and task scores loaded onto 
a common latent confidence factor: (a) a one-factor 
CFA using average confidence ratings across tasks (key 
test of the hypothesis), (b) a one-factor CFA using item-
level confidence ratings, and (c) a hierarchical CFA, in 

which a higher-order factor was modeled to account 
for seven lower-order task-specific factors, each com-
prising its respective items.

Traditional fit indices assessed model adequacy. 
However, model characteristics, such as the number of 
items, factors, and factor reliability (e.g., Hancock & 
Mueller, 2011; Heene et  al., 2011), can influence the 
suitability of cutoff values. To address these concerns, 
we calculated dynamic fit indices (DFI; McNeish & Wolf, 
2021). The DFI approach leverages simulations to gen-
erate cutoff values at which misfit models are detected 
in 95% of instances. The DFI analysis reports fit statis-
tics across the simulated data sets and provides levels 
of misspecification: Level 1 indicates that approximately 
one third of the items exhibit residual correlations of 
.30 that are unaccounted for in the model, Level 2 
applies to two thirds of the items, and Level 3 involves 
all items.

Factor loadings from each model provide direct evi-
dence of the relationship strength between observed 
variables and the latent factor of confidence. We 
employed the robust maximum likelihood estimator, 
and we handled missing data with full information 
maximum likelihood. We reran each of the aforemen-
tioned CFA models using estimated performance and 
two measures of overconfidence—one based on item 
confidence (Σ( / ) )item confidence task score100 −  and one 
based on score estimations (estimated score − task 
score). In addition, to further ensure the robustness of 
our findings, we tested models with and without tasks 

Table 1.  Summary Statistics by Task

Task n Score
Average item 
confidence

Score 
estimate

Score 
placement

Performance–
confidence correlation

Age 520 4.66
(1.50)

67.51
(SD = 13.92)

4.82
(SD = 1.66)

42.14
(SD = 21.24)

−0.03
(p = .538)

Birth 518 3.90
(SD = 1.55)

67.57
(SD = 13.30)

4.09
(SD = 1.87)

37.53
(SD = 22.48)

0.15
(p < .001)

Birthday 520 4.82
(SD = 1.46)

60.93
(SD = 12.32)

4.40
(SD = 1.55)

37.51
(SD = 19.51)

0.01
(p = .864)

Book 525 3.04
(SD = 1.45)

57.53
(SD = 17.05)

4.32
(SD = 1.72)

39.34
(SD = 21.26)

0.04
(p = .344)

Card suit 541 2.75
(SD = 1.28)

39.08
(SD = 17.17)

2.90
(SD = 1.73)

28.92
(SD = 21.49)

< 0.01
(p = .951)

GOT 523 5.96
(SD = 1.56)

61.42
(SD = 0.53)

3.62
(SD = 1.87)

32.58
(SD = 22.07)

−0.03
(p = .530)

Innie 520 4.95
(SD = 1.51)

67.03
(SD = 14.02)

5.06
(SD = 2.00)

41.41
(SD = 22.20)

−0.02
(p = .713)

Light bulb 523 2.52
(SD = 1.16)

46.00
(SD = 19.96)

3.42
(SD = 2.20)

31.10
(SD = 21.81)

0.02
(p = .712)

Preference 520 1.46
(SD = 1.09)

73.04
(SD = 10.76)

4.61
(SD = 2.07)

42.32
(SD = 22.33)

−0.14
(p = .001)

Note: Correlations in bold exceeded our preregistered exclusion cutoff for correlations between performance and confidence. 
GOT = Generalized Overconfidence Task.
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that significantly correlated with actual and estimated 
performance scores (i.e., birth order and participant-
preference tasks) and again with those who failed atten-
tion checks. We report our primary preregistered model 
(a one-factor CFA using average item-confidence ratings 
across tasks), but results for all models are available in 
the Supplemental Material, and the R scripts can be 
accessed via the Open Science Framework (https://osf 
.io/8rw59/). The other preregistered models included 
a one-factor CFA on which individual items loaded and 
a hierarchical CFA with a higher-order factor on which 
eight lower-order factors (for task) loaded, each com-
prised of their corresponding items.

The design purposely introduced planned missing-
ness (matrix sampling): Each participant completed five 
of the nine tasks selected at random. After preregistered 
exclusion of two tasks, participants provided data on 
M = 3.90 (SD = 0.65) of the seven retained tasks; thus, 
~44% of the task-level cells were structurally missing. 
Because task assignment was purely random, the miss-
ing data mechanism is missing completely at random 
(MCAR). We therefore estimated all CFA models with 
full-information maximum likelihood, which is unbi-
ased under MCAR/MAR (Enders & Bandalos, 2001).

One-factor CFA: average task confidence

A key test of our hypothesis was a CFA that loaded all 
seven tasks onto a single latent factor (see Fig. 2 for a 
path diagram). The chi-square test was significant, 
χ2(14) = 55.28, p < .001, but given its sensitivity to sam-
ple sizes, we considered other fit indices. Both the 
comparative fit index (CFI = .978) and Tucker-Lewis 
Index (TLI = .967) exceeded the conventional threshold 
of 0.90. These indices suggest that the model accurately 
captures the underlying structure of the data.

Additionally, the root-mean-square error of approxi-
mation (RMSEA = .056, 90% CI = [.041, .072] and the 
standardized root-mean-square residual (SRMR = .028) 
further corroborate suitable fit. Although the RMSEA 
exceeded the traditional cutoff of .05, small misfits can 
inflate RMSEA values when using large samples. Nota-
bly, the lower bound of the confidence interval indi-
cated good fit, and the upper bound remained within 
acceptable limits (see Table 3 for complete model 
statistics).

The standardized factor loadings demonstrated 
strong relationships with the latent confidence factor 
(λs = 0.72–0.88; see Table 4). The birthday-odd task 

Age Guessing Birthday Odd Book Pages Card Suit GOT Belly Innie Light bulb switches

Confidence

0.83 0.88 0.72 0.83 0.79 0.79 0.76

Fig. 2.  Path diagram of the one-factor confirmatory factor analysis using average task-confidence scores across tasks. Values along the 
arrows indicate standardized loadings for each task. GOT = Generalized Overconfidence Task.

Table 2.  Correlations Between Average Item Confidence and Trait Measures (Lower Diagonal) and Task-Level Score 
Estimates and Trait Measures (Upper Diagonal) for Each Task

Variable Age Birthday Book
Card 
suit GOT Innie

Light 
bulb AOT Neuroticism

Age 0.46*** 0.46*** 0.50*** 0.52*** 0.39*** 0.35*** −0.21*** −0.06
Birthday 0.68*** 0.36*** 0.48*** 0.55*** 0.44*** 0.41*** −0.11* −0.10*
Book 0.59*** 0.64*** 0.50*** 0.39*** 0.35*** 0.41*** −0.12** −0.05
Card suit 0.68*** 0.77*** 0.51*** 0.47*** 0.25*** 0.37*** −0.21*** −0.12**
GOT 0.67*** 0.67*** 0.52*** 0.69*** 0.50*** 0.34*** −0.09* −0.09*
Innie 0.70**** 0.73*** 0.65*** 0.61*** 0.63*** 0.37*** 0.03 −0.08
Light bulb 0.62*** 0.63*** 0.55*** 0.65*** 0.60*** 0.55*** −0.07 −0.11*
AOT −0.24*** −0.32*** −0.18*** −0.39*** −0.29*** −0.26*** −0.24*** 0.02
Neuroticism −0.11* −0.01 −0.01 −0.08 −0.09 −0.03 −0.10* 0.02  

Note: GOT = Generalized Overconfidence Task; AOT = actively open-minded thinking. 
*p < .05. **p < .01. ***p < .001.

https://osf.io/8rw59/
https://osf.io/8rw59/
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exhibited the highest loading (λ = 0.88), whereas the 
book-pages task had the lowest loading (λ = 0.72). The 
GOT had a relatively low loading (λ = 0.79), possibly 
because of familiarity: That is, reduced familiarity may 
result in floor effects for task confidence, weakening 
its relation to the latent variable of confidence. Using 
dynamic fit index simulations, the SRMR (.031) indi-
cated a Level 3 misspecification, whereas the RMSEA 
(.056) was below the threshold for Level 1 misspecifica-
tion, and the CFI (.978) fell into Level 2. These results 
suggest that the model demonstrated adequate fit, even 
under stringent criteria (see Table 5).

Discussion

Our project began as an adversarial collaboration 
between two research teams favoring different answers 
to our research question: Is overconfidence a trait? 
When our teams achieved agreement about a study 
worth doing, we preregistered our research plans and 
our divergent predictions for our results. Those results 
favor a trait interpretation. Nonetheless, there remain 
some elements of both agreement and disagreement. 
Following other adversarial collaborations (Martel et al., 
2024), we elaborate on our unique perspectives below.

In an effort to determine a clear outcome of the 
adversarial collaboration, it appeared necessary to 

establish a threshold that would be suggestive of over-
confidence being a trait. Although we acknowledge that 
the distinction between traits and states exists on a 
continuum, and thus that any specific cutoff we selected 
would be to some extent arbitrary, the .40 benchmark 
offers a useful heuristic when interpreted within the 
broader context of psychological research. A correlation 
of .40 is generally regarded as a medium effect size 
(Cohen, 1988); Mischel (1968) argued that correlations 
below .40 suggest poor cross-situational consistency; 
and Fleeson and Gallagher (2009) noted that correla-
tions between personality traits (e.g., extraversion and 
conscientiousness) and their behavioral manifestations 
hover around .40. Fleeson (2001) also noted that mod-
erately-sized correlations can capture meaningful and 
stable individual differences in Big Five personality 
dimensions, such as extraversion. Applied to the pres-
ent research, a .40 threshold suggests a degree of stabil-
ity in overconfidence across tasks—an important 
indicator of trait-like structure—while also recognizing 
within-person variability.

The case for a confidence trait  
(by Team 1)

The key evidence we present for whether overconfi-
dence is a trait is twofold. First, correlations between 

Table 3.  Fit Statistics for a One-Factor Confirmatory Factor Analysis Using Average Task-Confidence 
Scores

χ2 df χ2∕df p CFI TLI
RMSEA 
[90% CI] SRMR AIC BIC

55.28 14 3.95 < .001 .98 .97 .06 [.04, .07] .03 28,369.28 28,471.08

Note: CFI = comparative fit index; TLI = Tucker-Lewis Index; RMSEA = root-mean-square error of approximation; CI = 
confidence interval; SRMR = standardized root-mean-square residual; AIC = Akaike information criterion; BIC = Bayesian 
information criterion.

Table 4.  Factor Loadings for a One-Factor Confirmatory Factor Analysis Using 
Average Task-Confidence Scores

Loadings  

Task Unstandardized Standardized SE z p

Age guessing 1.00 0.83  
Birthday odd 0.95 0.88 0.05 19.90 < .001
Book pages 1.07 0.72 0.05 20.26 < .001
Card suit 1.21 0.83 0.06 20.17 < .001
GOT 0.72 0.79 0.04 17.84 < .001
Belly innie 0.94 0.79 0.04 24.47 < .001
Light-bulb switches 1.31 0.76 0.06 20.67 < .001

Note: GOT = Generalized Overconfidence Task.
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task-level confidence (r = .63) and estimated perfor-
mance (r = .42) exceeded the predetermined threshold 
of .4. The second piece of evidence stems from confir-
matory factor analyses, which show commonality across 
tasks regardless of the measure. The primary test 
focused on task-level confidence, which displayed 
unambiguous evidence via fit statistics (CFI = .978, TLI = 
.967, RMSEA = .056, SRMR = .031) and factor loadings 
(λs = .72 to .88). Further, these findings extend to esti-
mated performance, overconfidence, or overestimation. 
In fact, all task-level loadings, regardless of the mea-
sure, met or exceeded the threshold predetermined to 
be suggestive of a trait. Given that there was variability 
across measures (e.g., innie overestimation: λ = .40), 
average loadings for overconfidence were .58 and .52 
for overestimation scores. Although these values are 
ostensibly weaker than confidence ratings, they are 
nevertheless suggestive of an underlying trait.

One possible explanation for the discrepancy between 
correlational and CFA findings may stem from CFAs’ abil-
ity to account for noise better than correlations. A CFA 
separates the latent factor from measurement error, but 
correlations exclusively focus on observed data, meaning 
that random noise could weaken the relationship across 
tasks. Given that the objective was to detect whether 
there is stability across a variety of tasks, separating 
signal from noise seems pertinent.

Overall, correlational and CFA results support the gen-
eralizability of the GOT and the suspicion that confi-
dence, and plausibly overconfidence, does systematically 
vary across individuals. This supports our hypothesis 
that past efforts to measure overconfidence across tasks 
or measures have been hampered by noise that emerges 
from task performance. When participants are given 
tasks in which confidence judgments are uninfluenced 
by actual performance, individual differences in the ten-
dency to overrate one’s abilities emerge. Although this 
represents a different way of conceptualizing overcon-
fidence, we do believe that it provides evidence that 
some people do tend to think they are better on a variety 
of tasks than they actually are.

The case against (by Team 2)

Although we concede that the results demonstrate 
greater consistency in confidence than we had expected, 
we remain skeptical that these results provide conclu-
sive evidence that overconfidence qualifies as a durable 
personality trait. Our skepticism is based on features of 
both the present results and the published literature.

We employ unconventional operationalizations. Usu-
ally, overconfidence is measured as a difference score 
between confidence and accuracy (e.g., Moore & Healy, 
2008). If we had employed more standard operational-
izations (subtracting performance), we would have 
found that the average correlation between overconfi-
dence across tasks in our results falls to .34 for item 
confidence and .26 for score estimates (full correlation 
tables are in the Supplemental Material). We recognize 
that this is due in part to adding in the noisiness of 
performance measures; nevertheless, it aligns with tra-
ditional operationalizations of overconfidence.

We are also keenly aware of how our results fit into 
the large published literature on overconfidence. There 
are different forms of overconfidence, and we focus on 
one: estimations of performance. The overestimation 
we observe is different from overplacement or overpre-
cision (Moore & Schatz, 2017). Correlations between 
overestimation and other forms of overconfidence are 
not always reliable. Indeed, averaging within partici-
pants, our item-confidence measure (r = .40) is corre-
lated with participants’ reported placement (that is, 
reported percentile rank relative to other study partici-
pants). Questions remain about the relationship 
between overestimation and overprecision. Further, our 
measure of item confidence also favors finding higher 
correlations, because response biases (Gao, 2023) may 
masquerade as consistent responding.

Other evidence casts doubt on the consistency 
between different measures of a single form of over-
confidence. Li et al.’s (2025) Study 3a focused on over-
precision, the form of overconfidence that appears, in 
at least some studies (e.g., Moore & Swift, 2010), to 
show the most traitlike differences between people. Li 
et al.’s (2025) innovation was to employ four different 
approaches to eliciting participants’ certainty about the 
same judgment. The four approaches were Likert-scale 
reports of confidence, the amount bet on being right, 
confidence-interval widths, and concentration in 
reported subjective probability distribution. The aver-
age correlation between measures was a measly .13, 
undercutting the notion that certainty differs between 
people as a reliable trait. In the present results, the 
correlation between our two measures of task-level 
confidence (item confidence and score estimates), aver-
aged within-participants, is .53.

Table 5.  Dynamic Fit Indices for a One-Factor 
Confirmatory Factor Analysis Using Average Task-
Confidence Scores

Level SRMR RMSEA CFI

Level 1: 95/5 .019 .060 .990
Level 2: 95/5 .025 .090 .977
Level 3: 95/5 .030 .113 .965

Note: SRMR = standardized root-mean-square residual; RMSEA = root-
mean-square error of approximation; CFI = comparative fit index.
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In sum, although we obtain evidence supporting 
traitlike consistency, it is possible that this consistency 
is only evident in the particular domains and elicitations 
we study. Consequently, future research should assess 
the generalizability (or limitations) of our results.

Reconciliation: what we agree on

Participants’ confidence levels on different tasks that 
are similar to Binnendyk and Pennycook’s GOT (2024) 
are related to each other in both forms of analysis—
simple correlations and factor analyses. In other words, 
some participants are more confident than others across 
the seemingly random tasks we offered. These relation-
ships provide support for a within-individual consis-
tency and a trait interpretation of confidence and 
overconfidence.

Several topics are worthy of further discussion and 
research. First, we note that neither overestimation as 
calculated when subtracting scores from score esti-
mates (average pairwise r across tasks = .26), nor over-
confidence as calculated when subtracting scores from 
item confidence (average pairwise r across tasks = .34), 
displayed similar consistency. This discrepancy is due 
to the inclusion of accuracy, which is ingrained with 
how overconfidence is traditionally operationalized—
an equal blend of confidence and accuracy. The believ-
ers on Team 1 suggest that fixing performance at 
chance provides a more reliable measure of overcon-
fidence, because performance across tasks is entirely 
unrelated to estimated performance. Some prior work 
(e.g., Parker & Stone, 2013) has criticized the differ-
ence-score approach to measuring overconfidence. The 
skeptics on Team 2 would note that doing so is more 
consistent with traditional approaches to measuring 
overconfidence.

Second, the ecological validity of our paradigm and 
task set remains an open question. In particular, it is 
unclear whether the latent trait captured by this frame-
work meaningfully predicts expressions of overconfi-
dence in real-world contexts. A valuable direction for 
future research could be to evaluate the predictive valid-
ity of this paradigm using tasks that more closely approx-
imate real-world decision-making. One such example 
may be an adaptation of the diagnostic reasoning para-
digm developed by Sanchez and Dunning (2018), in 
which participants are presented with a list of symptoms 
and asked to determine whether the symptoms corre-
spond to one of two diseases, or to neither. If trait over-
confidence, as measured by the current paradigm, 
predicts performance on such diagnostic tasks, this 
would strengthen the claim that it is representative of 
real-world overconfidence. More broadly, we might 

consider a similar study design that employs tasks in 
which confidence is related to accuracy.

Third, it would be worthwhile to conduct similar 
studies with different forms and measures of overcon-
fidence. Our study relied on item-level percentage and 
task-level score estimates, which primarily speak to 
overestimation. Understanding whether overplacement 
and overprecision follow similar patterns would help 
us answer the question of whether overconfidence as 
a whole should be considered a trait. Relatedly, there 
were a couple of tasks in which we expected no asso-
ciation between task performance and confidence rat-
ings (e.g., guessing birth order from a picture of a face); 
although we suspect that these results may have been 
spurious (and we have no compelling explanation for 
these anomalous results), further research could be 
devoted to determining whether (and when) task per-
formance and confidence become unlinked.

Conclusion

Our adversarial collaboration has provided evidence 
supporting a trait-based interpretation of confidence 
and overconfidence. We found consistent relationships 
in confidence within individuals across several tasks in 
both CFAs and raw correlations. Although these rela-
tionships weaken when we employed other measures 
of confidence or when we adjusted for accuracy, the 
evidence remained relatively robust for an underlying 
overconfidence trait. This suggests that some people 
may, in fact, be more confident than others—regardless 
of their actual competency—across a range of tasks.
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Notes

1. Because of a mistake, the instructed attention check and the 
leprechaun attention check were not required questions for the 
first 50 participants. Participants who did not answer either of 
these questions are counted in these exclusions (22 of the 32 
excluded on the basis of the instructed attention check did not 
answer the question, and 2 of the 26 excluded on the basis of 
the leprechaun question did not answer it).
2. Because of a mistake, the item-confidence scale on the pref-
erence task (not included in our main analyses) was anchored 
from 50% to 100%, which did not align with chance (10%–100%).
3. Our preregistration designates these correlational results 
as our secondary test, but we report them first because 
their simplicity makes them more presentable and easier to 
understand.
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