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Abstract
People often misjudge how reliable their decisions are,
leading to confidence errors. These errors can be due to
systematic distortions (confidence bias) or random vari-
ability (confidence noise). In this study we use a dual-
decision method, in which participants are required to
use confidence in a prior decision to inform expectations
about subsequent choices, to examine the importance of
these two sources of confidence error in both perceptual
and knowledge-based tasks. Across a reanalysis of pub-
lished data and two new studies, we find that perceptual
tasks elicit under-confidence relative to a Bayesian ideal
model, while knowledge-based tasks exhibit increased
confidence noise. Additional conditions using calorie es-
timation tasks suggest that some domains blend percep-
tual and knowledge-based decision features. These find-
ings provide novel insights into the computational struc-
ture of confidence, suggesting that different cognitive do-
mains are subject to distinct metacognitive constraints.
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Introduction
Confidence judgments guide behavior in uncertain situations,
yet are often inaccurate. Two distinct sources of error have
been identified: confidence bias, referring to systematic distor-
tions in estimated uncertainty, and confidence noise, or trial-
to-trial variability in internal confidence (Shekhar & Rahnev,
2022; Boundy-Singer et al., 2023).

These errors are typically studied using explicit confidence
ratings, which are prone to response biases. To address this
limitation, we adopt an implicit modeling approach using a
dual-decision paradigm (Lisi et al., 2021), where confidence
is inferred from how performance in one decision informs the
next.

The present study builds on this framework to ask whether
confidence errors differ across decision domains. We com-
pare perceptual and knowledge-based tasks — including a
calorie estimation condition that combines perceptual and
knowledge elements — to test whether confidence bias and
noise vary systematically across decision domains.

Methods
We analyzed data from two previously published studies (Lisi
et al., 2021; Constant et al., 2023) and two new experiments
using the same dual-decision paradigm, adapted to percep-
tual (dot numerosity) and knowledge-based (GDP compari-
son, food calories) tasks. The knowledge-based tasks fol-
lowed the trivia-style design of Lund et al. (2023). GDP per
capita values were sourced from the World Bank API (World
Bank, 2024), and food stimuli with caloric annotations were
taken from the Full4Health Image Collection (Charbonnier et
al., 2016; Smeets, 2022).

In the dual-decision paradigm (Fig. 1), participants first
made a binary choice (e.g., more dots or higher GDP), fol-
lowed by a second decision on a new stimulus pair. Critically,

the correct answer on the second decision appeared on the
right if the first response was correct, and on the left if it was
not. This mapping was deterministic and explicitly explained
to participants, who were encouraged to use it to improve per-
formance. Each correct response (in either decision) earned
an entry into a £50 Amazon voucher lottery.

Task difficulty was adjusted using a 3-up-1-down staircase
based on first-decision performance. In the dot numerosity
task, difficulty was manipulated via the log-ratio of dot counts
(always summing to 100, initially 60–40, then reduced in 2-
dot steps). In the GDP and calorie tasks, difficulty followed
a ranked sequence of unique stimulus pairs, with each pair
shown only once per participant.

In Study 1 (S1), 21 participants completed 150 GDP tri-
als. Study 2 (S2) was a within-participant design: 23 partici-
pants completed 250 trials each of the GDP and dot numeros-
ity tasks in randomized order. A subset of 14 participants in
S2 also completed 250 trials of the food-calories task.

Figure 1: Schematic of the dual-decision task for the per-
ceptual (left) and knowledge-based (right) conditions. On
each trial, participants first chose the stimulus with the greater
quantity — either more dots (perception) or higher GDP per
capita (knowledge, shown with flags and names). This was
followed by a second decision on a new stimulus pair. If the
initial decision was correct, the correct option appeared on the
right; otherwise, on the left.
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Figure 2: Idealised Bayesian model for the dual-decision task.
The confidence in the first decision is used as a prior in the
second decision (upper panels), and this process amount to
shifting the decision criterion according to uncertainty in indi-
vidual trials (lower panels).

We assume that participants base their decisions on ri, a



noisy internal estimate of the true stimulus value si, represent-
ing the difference between the two stimuli (such as the log
GDP ratio of the two countries in the GDP task). This estimate
is defined as ri = si +η, where the subscript i = 1,2 denotes
the first and second decision, respectively, and η is Gaus-
sian noise with variance σ2, reflecting sensory or knowledge-
related uncertainty. The task reduces to determining whether
ri is greater or less than zero.

The standard Bayesian model (Fig. 2) assumes that this
type-1 noise σ2 is the only source of error and that decisions
follow a likelihood ratio rule. As shown by Lisi et al. (2021),
this model corresponds to comparing r2 to a decision criterion
θ2, which is a function of both the internal noise σ2 and the
confidence in the first decision, c1 (defined as the Bayesian
posterior probability that the first choice was correct given the
evidence). The decision criterion is computed as:

θ2 =
√

2σ erf−1 (1−2c1)

We consider two possible ways in which participants may
deviate from the ideal Bayesian model. First, they may use a
biased estimate of their own uncertainty, such that σ̂ ̸= σ, to
compute confidence. This biased-Bayesian model introduces
one additional parameter:

confidence bias =
σ̂

σ

Second, we consider the possibility that participants’ esti-
mates of their own uncertainty fluctuate randomly from trial to
trial. Following Boundy-Singer et al. (2023), we assume that
these fluctuations follow a log-normal distribution:

σ̂ ∼ LogNormal

(
log

(
σ2√

σ2
m +σ2

)
, log

(
σ2

m

σ2 +1
))

Here, σm is the confidence noise parameter, which quantifies
the amount of additional variability introduced in metacognitive
computations.

Results
Estimated confidence parameters varied systematically
across tasks (Fig. 3). Perceptual tasks were associated with
stronger under-confidence (higher confidence bias; t = 2.75,
p = .013) and lower confidence noise (t = 3.93, p < .001),
based on linear mixed-effects models fit to log-transformed
parameters with random intercepts for participant and study.

Model comparison results (Fig. 4) showed that, overall, the
confidence bias model provided the best fit. This preference
was more pronounced for perceptual tasks, where its ad-
vantage over the confidence noise model was approximately
twice as large as in knowledge-based tasks.

Discussion
Previous work using this paradigm (Lisi, 2021; Constant et al.,
2023) found consistent under-confidence in perceptual deci-
sions. We extend this to knowledge-based tasks, where confi-
dence bias is reduced or absent, aligning with prior findings of

Figure 3: Confidence bias vs. confidence noise across tasks.
Values of confidence bias > 1 indicate under-confidence.
Points show participant medians; error bars are bootstrapped
standard errors of the median.

Figure 4: Model comparison. Positive values indicate better
per-observation AIC for the confidence bias model relative to
the confidence noise model.

high subjective confidence in semantic judgments (Fischhoff
et al., 1977), but confidence noise is greater.

This pattern suggests domain-specific confidence strate-
gies: under-confidence in perception may reflect an adap-
tive mechanism to down-weight noisy estimates, whereas
knowledge-based decisions show less bias but greater sus-
ceptibility to confidence noise. These findings challenge mod-
els assuming a unified metacognitive process and highlight
the need for domain-sensitive accounts of confidence compu-
tation.
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