UC Merced

Proceedings of the Annual Meeting of the Cognitive Science
Society

Title
A measure of metacognitive bias you can be confident in

Permalink
https://escholarship.org/uc/item/40m9h05x

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 48(0)

Authors

O'Neill, Kevin

Zhan, Tianqi
Fleming, Stephen M

Publication Date
2026

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License,
available at bttgs://creativecommons.orq/Iicenses/bv/4.0/{

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/40m9h05x
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/

A measure of metacognitive bias you can be confident in

Kevin O’Neill, Tianqi Zhan & Stephen M. Fleming
{kevin.o’neill, tianqi.zhan.23, stephen.fleming}@ucl.ac.uk
Department of Experimental Psychology and Institute of Cognitive Neuroscience, University College London

Abstract

Research on metacognition critically relies on psychophysical
measures that are independent of task performance. Although
there exist well-validated measures of metacognitive efficiency
(i.e., the degree to which confidence ratings distinguish between
correct and incorrect decisions), relatively less attention has
been paid to developing corresponding measures of metacogni-
tive bias (i.e., the overall tendency to make responses with high
confidence). Most researchers currently use mean confidence
as a proxy for metacognitive bias, however this measure is con-
founded by changes in accuracy, response bias, and metacog-
nitive sensitivity. Here, we introduce a new signal detection
theoretic measure of metacognitive bias (meta-A) and demon-
strate that it is independent of a range of potential confounds.
Then, by analyzing longitudinal data, we show that this mea-
sure is reliable enough to use in psychological research. Overall,
we advocate for the use of meta-A as a principled measure of
metacognitive bias.

Keywords: metacognition; confidence; signal detection theory

Introduction

People differ greatly in how they report their confidence in
their decisions: politicians, for example, have a strong incen-
tive to make decisions with high confidence. One’s overall
level of (over- or under-) confidence in individual decisions is
not only predictive of behaviors such as collective decision-
making (Bang et al., 2017, 2020; Hertz et al., 2017) and
information-seeking (Schulz et al., 2020; Van Marcke & De-
sender, 2025), but is also foundational to broader self-beliefs
(Katyal et al., 2025; Seow et al., 2021) and consequently as-
sociated with differences in mental health (Hoven et al., 2019;
Katyal & Fleming, 2026; Rouault et al., 2018).

Modern psychological research assesses metacognition by
relating confidence ratings to actual task performance. Just
as psychophysicists develop comprehensive models to dis-
tinguish performance factors from response characteristics,
metacognition researchers strive for a clean distinction be-
tween metacognitive sensitivity—the degree to which confi-
dence tracks accuracy—and metacognitive bias—the overall
level of confidence (Fleming & Lau, 2014). In particular,
while there remains some debate about the success of this
endeavor (e.g., Guggenmos, 2021; Rausch et al., 2023; Xue
et al., 2021), a substantial degree of progress has been made
developing measures of metacognitive sensitivity that are in-
dependent of task performance and metacognitive bias (Flem-
ing & Lau, 2014; Maniscalco & Lau, 2012, 2014; see also
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Boundy-Singer et al., 2023; Mamassian & de Gardelle, 2025).

In comparison, researchers have focused less on develop-
ing independent measures of metacognitive bias. The most
prominent measure of metacognitive bias is simply mean con-
fidence (Fleming & Lau, 2014; Rahnev, 2025). Insofar as
metacognitive bias is conceptualized as one’s overall confi-
dence level, mean confidence is a natural choice: it is clear
that differences in metacognitive bias should result in differ-
ences in mean confidence. However, mean confidence is also
confounded by other aspects of task performance, making it
an imprecise guide to the subject’s intrinsic tendency towards
over- or underconfidence. For instance, Sherman et al. (2018)
found that mean confidence is sensitive to task-level features
such as accuracy and response bias, as well as metacognitive
sensitivity. But in the absence of a clearly better alternative,
mean confidence remains popular. As a result, it is pertinent
to develop new measures of metacognitive bias that control
for the influence of other aspects of task performance.

After a brief review of signal detection theoretic models
of metacognitive sensitivity, we introduce a new measure of
metacognitive bias, meta-A. As meta-Aisderived from a com-
monly used model of metacognitive sensitivity (the meta-d’
model), this bias measure can readily be incorporated into the
standard workflow in metacognition research. We show in
simulation that meta-A is sensitive and specific to true differ-
ences in metacognitive bias given appropriate assumptions.
Finally, applying it to a longitudinal dataset, we show that
meta-A has high test-retest reliability, supporting its use in
psychological research. Overall, our findings offer a prin-
cipled framework for disentangling metacognitive sensitivity
and bias from task-level performance, from response charac-
teristics, and from each other.

Signal detection theoretic models of metacognition

Metacognition tasks combine two distinct tasks: participants
must both discriminate between possible stimuli (the type 1
task) and determine whether their type 1 responses are cor-
rect (the type 2 task; Clarke et al., 1959). Classical signal
detection theory (SDT) aims to characterize participants’ per-
formance for the type 1 task (Figure 1A; Green & Swets,
1966). Under SDT, the observer is presented with a noisy sig-
nal x; ~ Dgs(d’) following a distribution O dependent on a
stimulus S € {0, 1} and the observer’s sensitivity d’. Then, the
observer must infer the value of S. Although other options are
available (see, e.g., Meyer-Grant et al., 2025), it is common
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Variable  Description
S Stimulus value (0 or 1)
R Type 1 response (0 or 1)
C Confidence (type 2 response; 1 to K)
X1 Evidence for type 1 decision
x  Evidence for type 2 decision
Ng,r.c Number of trials with stimulus s, type 1 response r, and
type 2 response ¢
Vs Trial counts for stimulus s
s Response probabilities for stimulus s
d Type | sensitivity to stimulus
c Type 1 response criterion
meta-d’ Metacognitive (type 2) sensitivity
M = meili',d/ Metacognitive efficiency
meta-c Type 1 criterion for type 2 decision
meta—ci k Type 2 criterion for response r and confidence level k
dmeta—cg’ k Difference in type 2 criteria for response » between confi-
dence levels k — 1 and k
meta-A, Average distance between meta—ci & and meta-c

Table 1: Summary of relevant variables, model parameters,
and derived quantities of the meta-d’ model

to assume Dy(d’) = N(—%, 1) and D) (d') = N(%, 1),
where d’ is the observer’s sensitivity to the difference be-
tween the two stimuli. The observer makes a response by
thresholding x by a criterion ¢ (solid line in Figure 1A), such
that the response is R = [x; > c], and the observer makes a
correct decision when R = §. This formulation is desirable
because, in contrast to measures such as percent correct, it
provides statistically independent measures of sensitivity (d’)
and response bias (c).

To measure metacognitive ability, Maniscalco and Lau
(2012) developed an extension of SDT known as the meta-d’
model (Table 1; Figure 1B-C; parameters for the type 2 deci-
sion beginning with “meta-" for clarity). Specifically, condi-
tional on the type 1 response, the observer accesses a separate
decision variable for making confidence ratings with sensitiv-
ity meta-d’ bounded above or below by the type 1 criterion
meta-c (bounds indicated with superscripts):

DL (meta-d’) if R =0
Xy ~ .
27 | plmees) (meta-d’) it R =1

Then, to determine the confidence level C € {1 ... K}, the ob-
server rates confidence using a set of K — 1 ordered confidence
criteria (dashed lines in Figure 1B-C):
K-1 0 ep
1+3K 0. ifR=0
1+ ZkK:‘ll [x2 > meta—cé’k] ifR=1

[x2 < meta-c

Because of the parallel between the models for the type
1 and type 2 responses, the parameter meta-d’ can be inter-
preted as the type 1 sensitivity of an ideal observer with the
same response bias as the participant (Maniscalco & Lau,
2014). This interpretation allows for the direct comparison of
d’ and meta-d’ in terms of the ratio M = %“,'d/, representing
the observer’s metacognitive efficiency (where M = 1 indi-
cates optimal metacognition, 0 < M < 1 indicates suboptimal
metacognition, and M > 1 indicates super-optimal metacog-

nition). It also allows for different approaches to equating
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Figure 1: Overview of the meta-d” model and our measure of
metacognitive bias, meta-A. (A) Evidence distributions un-
derlying type 1 responses following one of two stimuli (yellow
for § = 1, red for S = 0). The observer responds by threshold-
ing the evidence according the response criterion (black line).
(B-C) Response-specific distributions of evidence for type 2
decisions (confidence ratings). Confidence criteria (meta-c3;
dashed lines) separate the amount of evidence required to
report increasing levels of confidence. meta-A is distance
between the type 1 criterion meta-c¢ and the average of the
confidence criteria (horizontal orange lines), which can be
expressed as a weighted sum over the distances between sub-
sequent confidence criteria (dmeta-c; horizontal gray lines).

response bias for type 1 and type 2 responses. Here we fo-
cus on two possibilities: namely, meta-c = ¢ in the ABSOLUTE
model (Fleming, 2017) and meta-c = %“,’d'c in the RELATIVE
model (Maniscalco & Lau, 2014).

Model parameterization We depict our formulation of the
meta-d’ model in Figure 2. Under this parameterization, all
free parameters are derived from unconstrained variables to
enable efficient optimization. In particular, we model the
M-ratio on the logarithmic scale such that M = ¢'°¢M  To
ensure that confidence criteria are properly ordered, instead
of modeling the confidence criteria (meta-cg and meta—c;)
directly, we model the differences between subsequent confi-
dence criteria (dmeta-cg and dmeta-c;). These differences
are themselves constrained to be positive by modeling them
on the logarithmic scale (log-dmeta-cg and log-dmeta-c;).

Finally, for increased efficiency, we model the number of
joint type 1 and type 2 responses for each value of the stim-
ulus using a Multinomial likelihood. That is, we create an
aggregated variable

¥s = [Ns=5,R=0,c=K> - - - Ns=5,r=0,C=1,
Ng=s,R=1,C=1, - - - Ns=5,R=1,C=K ]
where Ns—s r=r.c=c indicates the number of trials with type

1 response R = r and type 2 response C = ¢ following the
stimulus S = 5. Then, the model estimates the corresponding



response probabilities
ns=[P(R=0,C=K|S=5),...P(R=0,C=1|S =5),
P(R=1,C=1|S=5s),...P(R=1,C=K|S =5)]

where P(R = r,C = ¢ | § = s) is the joint likelihood of a
type 1 response R = r and type 2 response C = c for a trial
where S = s, given by the meta-d’ model as described above.

Quantifying metacognitive bias

The meta-d’ model offers convenient measures of metacogni-
tive sensitivity and efficiency that are relatively independent of
type 1 sensitivity and bias (but see Guggenmos, 2021; Rausch
et al., 2023; Xue et al., 2021). However, it remains unclear
how best to quantify metacognitive bias in the context of this
model. Sherman et al. (2018) developed a model-based mea-
sure of metacognitive bias which they denoted MDISTANCE,
although found that this was also dependent on performance
factors. Moreover, MDISTANCE is only defined for models with
two confidence levels, limiting its applicability to designs with
many confidence levels.

Here we present a new measure of metacognitive bias,
meta-A, and demonstrate that, under the generative assump-
tions of the meta-d’ model, it is independent of sensitivity (d’),
response bias (c), and metacognitive sensitivity (meta-d”’).
Conceptually, meta-A is the distance between meta-c and the
average of the confidence criteria:

K-1
meta-A, = 1 Z [meta-c} | — meta-c
k=1
Because summation is a linear operator, this is equivalent to
the average of the distances between each confidence criteria
and meta-c (orange lines in Figure 1B-C):

K-1

-
Z |meta-c’ , — meta-c
k=1

ta-A, = ——
meta-Ar =

Then, since meta-cg x = meta-c + Zj‘.:] dmeta-cg j under
the parameterization in Figure 2, one can express meta-A as a
weighted sum of the distances between successive confidence
criteria (gray lines in Figure 1B-C):

K-l g _
meta-A, = Z ——dmeta-c
= K-

r
2,k

For the case with two confidence levels (and a single con-
fidence criterion per response), meta-Ag dmeta-cg , and

meta-A; = dmeta-c;’ .

There are three notable features of meta-A. First, in
contrast to MDISTANCE, we do not normalize meta-A by
meta-d’. This is because doing so induces a spurious de-
pendence of meta-A on meta-d’. Second, meta-A, is calcu-
lated conditional on a particular response, allowing metacog-
nitive bias to differ for “0” and “1” responses. If a single
measure is preferable, we recommend taking the average
meta-A = % [meta-Ag + meta-A;]. As this average is un-
weighted, it reflects average metacognitive bias across the two
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responses, not the average metacognitive bias for a typical
trial. If the latter is more desirable, one can alternatively
compute meta-A’ = P(R = O)meta-Ag + P(R = 1)meta-Ay,
but of course this version will be sensitive to differences in
the relative proportions of each stimulus, as well as the par-
ticipant’s type 1 sensitivity and criterion. For example, a
participant with high meta-Ag and low meta-A; can systemat-
ically increase (decrease) meta-A’ by decreasing (increasing)
their type 1 criterion.

Third, meta-A is not strictly a measure of bias in the sta-
tistical sense because we do not compare it to an optimal
value. Maniscalco et al. (2025) derived parametric formulae
for the optimal confidence criteria under the meta-d’ model
for a range of different optimization targets (e.g., calibration
between confidence and accuracy). But without access to
the parameters underlying this optimization function (e.g.,
the desired accuracy for confidence level 2), one cannot di-
rectly compute optimal confidence criteria. Nevertheless, the
scale of meta-A is meaningful in that greater values reflect a
tendency for lower confidence ratings overall, with zero rep-
resenting a participant who responds using only the highest
confidence level and infinity representing a participant who
responds using only the lowest confidence level.

Simulations

To confirm the validity of our measure, we ran three sets of
simulations. In the first set of simulations, we manipulated
the distances between the confidence criteria and meta-c (i.e.,
dmeta-cg1 and dmeta-cé’ 1) to verify that meta-A is indeed sen-
sitive to the amount of evidence required to make a response
with high confidence. In the second set of simulations, we
manipulated other model parameters (¢, d’, and meta-d”) to
confirm that meta-A is not confounded by these changes. In
the final set of simulations, we performed the same manipula-
tions but with data generated from a different generative model
to test the extent to which meta-A is sensitive to assumptions
about the generative process.

Methods

All models were fit using the hmetad package in R (Biirkner,
2017; O’Neill & Fleming, 2026). Parameters were inde-
pendently manipulated using the values in Table 2, with all
other parameters taking default values also shown in Table
2. After simulating datasets of 1,000,000 trials per param-
eter setting, we fit a single model to each dataset using the
Laplace approximation with standard normal priors for all pa-
rameters. We then compared values of mean confidence and
of meta-A conditional on each response implied by the fitted
models. All simulation code is openly available at https:
//github.com/kevingoneill/metacognitive_bias.

Results

First, we confirmed that mean confidence and meta-A are sen-
sitive to changes in the confidence criteria. Replicating results
by Sherman et al. (2018), we found that mean confidence was


https://github.com/kevingoneill/metacognitive_bias
https://github.com/kevingoneill/metacognitive_bias

Ys
s

meta-d’
meta-c

meta-cg

~ Multinomial ()

metad_pmf,(d’, ¢, meta-d’, meta-c, meta-cg, meta-c;)
exp(log-M) d’

|

meta-c — cumulative_sum(exp(log-dmeta-cg))

c FIXED

exp(log-M)} ¢ RELATIVE

meta-c% = meta-c + cumulative_sum(exp(log-dmeta-c;))

Figure 2: Generative model for our parameterization of the meta-d’ model (Maniscalco & Lau, 2012). Here, y, and & are the
joint type 1/type 2 response counts and response probabilities for each of the two stimuli, and metad_pmf| is the likelihood of
the meta-d” model for the stimulus S = s, log-M is the M-ratio on the logarithmic scale and log-dmeta-c; are the differences
between successive confidence criteria for a type 1 response R = r on the logarithmic scale.

Parameter  Default Range Step Size
dmeta-cS 0.5 [0.1,3.0] 0.1
dmeta-c% ) 0.5 [0.1, 3.0] 0.1
¢ 0.5 [-1.5,1.5] 0.1
d’ 2 [0.5, 3.0] 0.1
meta-d’ 1 [0.5, 3.0] 0.1

Table 2: Parameter values for model simulations. When
manipulated, parameters were varied according to a grid de-
termined by Range and Step Size. Otherwise, all parameters
took their default values.

AS 200 Bg 200
o o
3 1.75-\ 8 1754~
S S
S 1.50 S 1.50
&) &)
c 1.254 S 1.25-
3 3
S 1.00 r r S 1.00 r :
0 1 2 3 0 1 2
0 1 Response
dmeta-c, dmeta-c;
-0
1
c 3 D
9 2 < 2
o ]
I 3
[} (5]
IS £ 1
0L | 0 . |
0 1 2 3 0 1 2 3
dmeta—cg dmeta—c%

Figure 3: Estimated mean confidence and meta-A separately

by response as a function of the confidence criteria meta—cg 1

and meta-cé | under proper model specification.
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sensitive to changes in the confidence criteria. In particular,
while the mean confidence of “0” responses decreased with in-
creases in the confidence criterion for “0” responses, the mean
confidence of “1” responses was unaffected by this change
(Figure 3A). We found a similar effect when manipulating
confidence criteria for “1” responses (Figure 3B). Likewise,
response-specific meta-A increased only with the confidence
criterion for its corresponding response (Figures 3C-D).

Next, we tested whether mean confidence and meta-A were
robust to changes in conceptually unrelated model parameters.
Again replicating results from Sherman et al. (2018), mean
confidence had a response-specific and nonlinear relationship
with response bias (c¢): although mean confidence in “0”
responses increased with response bias, mean confidence in
“1” responses showed the opposite trend (Figure 4A). We
also found that mean confidence increased with sensitivity
(d’; Figure 4B) and with metacognitive sensitivity (meta-d’;
Figure 4C). In contrast, meta-A was unaffected by all three
manipulations (Figure 4D-F).

Finally, to determine the extent to which each measure is
sensitive to assumptions about the generative process of confi-
dence ratings, we tested the behavior of mean confidence and
meta-A under model mis-specification. That is, we generated
data using the RELATIVE meta-d’ model and fitted the ABso-
LUTE model. As before, mean confidence was confounded
by response bias, sensitivity, and metacognitive sensitivity in
a non-linear and response-specific way (Figure SA-C). How-
ever, in contrast to our earlier findings, we found that meta-A
was also spuriously affected by changes in response bias, sen-
sitivity, and metacognitive sensitivity when the generative
assumptions of the model were violated (Figure 5D-F).

Application to real data

The above simulation studies reveal that, unlike mean confi-
dence, meta-A provides a valid measure of metacognitive bias
so long as assumptions about the generative process underly-
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Figure 4: Estimated mean confidence and meta-A by re-
sponse as a function of response bias (c¢), sensitivity (d’),
and metacognitive sensitivity (meta-d”) under proper model
specification. Lines indicate posterior medians.

ing confidence data are met (see Rausch et al., 2023, for similar
results concerning M-ratio). However, this measure is only
useful for psychological research insofar as it is also reliable.
Previous work has found that mean confidence is reliable (Ais
et al., 2016; Fox et al., 2024; Rahnev, 2025) and predictive
(Rouaultetal., 2018; but see da Fonsecaet al., 2023). To deter-
mine whether meta-A exhibits similar test-retest reliability, we
applied this measure to a newly collected longitudinal dataset.
All data and analysis code is openly available at https:
//github.com/kevingoneill /metacognitive_bias.

Methods

Using the hmetad package in R (O’Neill & Fleming, 2026),
we applied the model to a longitudinal dataset obtained in a
study examining links between confidence and information-
seeking. Participants were recruited from Prolific (https:
/Iwww.prolific.com), and the experiment was hosted on the
online platform Gorilla. All protocols were approved by the
University College London Research Ethics Committee (ID
Number: EP_2024_004). Out of 250 recruited participants,
189 (75.6%) participants completed all four sessions on sched-
uled days with at least 90 valid trials in each session. We first
removed trials where the reaction time of the first response
exceeded 5 IQRs from the median (on average 1.02 + 1.61 tri-
als removed per session). Individual sessions were excluded
if the accuracy of the type 1 response fell out of the [0.55,
0.90] range (N = 26 sessions, 3.44%), or there were three or
more unused joint (type 1 x type 2) response levels (N = 321
sessions, 42.5%). Participants were further excluded if they
failed to use four or more joint response levels (N = 11 par-
ticipants, 5.82%). The final dataset consisted of 43,051 trials
across 435 sessions from 157 participants (age: M = 31.77 ,
SD =4.92 , range = 19 — 40 ; sex: 88 females, 67 males).
Participants were tested on four different days over one
month using a perceptual decision-making task (Schulz et al.,
2020). In the main task, participants were required to make
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Figure 5: Estimated mean confidence and meta-A by re-
sponse as a function of response bias (c), sensitivity (d’),
and metacognitive sensitivity (meta-d’) under model mis-
specification. Lines indicate posterior medians and dashed
lines represent ground truth parameter values.

a 2AFC decision about which side of the box contained more
dots, report their confidence (3-level scale) in this decision,
and then decide whether they prefer seeing the stimulus again
before making the final decision. Opting to see the stimulus
again costed task points, did not make the task longer, and
would improve the final accuracy. Correct final decisions were
rewarded. Participants were incentivized to maximize points
across all sessions. Before the main task in each session,
participants’ performance were titrated to approximately 71%
accuracy using a 2-down-1-up staircasing procedure.

To analyze the data, we fit a hierarchical version of the
meta-d’ model depicted in Figure 2 with session-level effects
per participant for all parameters of the model. We used
N(0,0.25), N(1,0.25), N(0,0.1), and N (.5, 1) priors over
log(M), d’, ¢, and log(dmeta-c;), N*(0,.5), N*(0,.33),
N*(0,.33), and N*(0,.5) priors for the standard devia-
tions of participant-level differences in log(M), d’, ¢, and
log(dmeta-cz), and LKJ(2) priors for all correlations be-
tween participant-level effects. We ran the model for 1000
iterations of warm-up and 1000 iterations of sampling for each
of four chains of Hamiltonian Monte-Carlo. Although the fit-
ted model had 115 divergent transitions, they were relatively
infrequent (2.9% overall) and all other model diagnostics
were acceptable. We calculated participant-level estimates
of meta-Ag and meta-A |, as well as the average metacognitive
bias meta-A, for each session from the fitted model. We report
correlations between each of these estimates across sessions,
as well as their 95% credible intervals.

Results

Despite significant posterior uncertainty for some participants,
we found strong correlations as high as r = .77 [.69, .83]
(meta-A, sessions 1 and 2) between participant-level estimates
of meta-Ay, meta-A;, and meta-A across the four sessions
(Figure 6). The smallest correlation was » = .46 [.27, .61]
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Figure 6: Estimated meta-A for (A-C) “0” responses, (D-F)
“1” responses, and (G-I) averaging across responses, com-
pared across four sessions of a perceptual 2AFC task. Points
and errorbars are posterior medians and 95% credible inter-
vals respectively.

(meta-Ag, sessions 1 and 4), indicating that meta-A exhibits
strong test-retest reliability in perceptual tasks even across
timescales as long as one month.

Discussion

Cognitive modeling often aims to separate different factors
underlying performance: Signal Detection Theory, for ex-
ample, distinguishes between an observer’s sensitivity to a
stimulus (d”) from their overall response bias (c¢). Similarly,
research on metacognition aims to quantify different ways in
which confidence ratings relate to task performance. Signif-
icant developments have been made in terms of developing
measures of metacognitive efficiency, that is the degree to
which confidence ratings distinguish correct from incorrect
responses (Fleming, 2017; Maniscalco & Lau, 2012). But
despite ample evidence that metacognitive bias—the overall
tendency to respond with high (or low) confidence—is clini-
cally significant (Fox et al., 2024; Hoven et al., 2019; Katyal &
Fleming, 2026; Katyal et al., 2025) and relevant to behaviors
like information-seeking (Schulz et al., 2023) and evidence
integration (Rollwage et al., 2020), less attention has been
paid to developing validated measures. This raises the possi-
bility that the existing literature paints a distorted picture of
metacognitive bias.

Replicating results from Sherman et al. (2018), we found
that the most frequently used measure of metacognitive bias,
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mean confidence, is confounded by sensitivity, response bias,
and metacognitive sensitivity. Unfortunately, this means that
unless experimentalists control for all relevant performance
factors, differences in mean confidence cannot be expected to
reflect true differences in metacognitive bias.

In response, here we developed a measure of metacognitive
bias (meta-A) derived from a standard model of metacogni-
tive sensitivity (the meta-d” model; Maniscalco & Lau, 2012).
Our simulation results showed that, like mean confidence,
meta-A is sensitive to true differences in the amount of evi-
dence required to respond with high confidence. In contrast to
mean confidence, we found that meta-A is independent of re-
sponse bias, sensitivity, and metacognitive sensitivity. Finally,
upon applying our measure to a recently collected longitudinal
dataset, we found that meta-A has high test-retest reliability.

Our results provide strong evidence that, in the absence
of strict methodological controls, meta-A has strictly better
psychometric properties than mean confidence as a measure
of metacognitive bias. But this success does not come without
its limits; in line with earlier work showing that measures of
metacognitive efficiency are sensitive to the generative process
underlying confidence ratings (Guggenmos, 2021; Rausch et
al., 2023), we found that meta-A is sensitive to the same
assumptions. In particular, when the Fixep model was fitted to
data generated by the RELATIVE model, we found that estimates
of meta-A were biased in a non-linear and response-specific
manner unless the true model had no response bias (¢ = 0) or
theoretically optimal metacognition (meta-d’ = d’). In such
cases, neither mean confidence nor meta-A serve as valid
measures of metacognitive bias. Overall, then, while meta-A
serves as a useful measure of metacognitive bias when the
generative assumptions underlying the meta-d” model are met,
it is likely necessary for researchers to develop more domain-
specific measures of metacognitive sensitivity and bias for use
in other contexts.
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