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Abstract 

Over the last decade, different approaches have been proposed to interpret con-

fidence rating judgments obtained after perceptual decisions. One very popular 

approach is to compute meta-d’ which is a global measure of the sensibility to 

discriminate the confidence rating distributions for correct and incorrect perceptual 

decisions. Here, we propose a generative model of confidence based on two main 

parameters, confidence noise and confidence boost, that we call CNCB model. Con-

fidence noise impairs confidence judgements above and beyond how sensory noise 

affects perceptual sensitivity. The confidence boost parameter reflects whether con-

fidence uses the same information that was used for perceptual decisions, or some 

new information. This CNCB model offers a principled way to estimate a confidence 

efficiency measure that is a theory-driven alternative to the popular M-ratio. We then 

describe two scenarios to estimate the confidence boost parameter, one where the 

experiment uses more than two confidence levels, the other where the experiment 

uses more than two stimulus strengths. We also extend the model to experiments 

using continuous confidence ratings and describe how the model can be fitted with-

out binning these ratings. The continuous confidence model includes a non-linear 

mapping between objective and subjective confidence probabilities that can be esti-

mated. Altogether, the CNCB model should help interpret confidence rating data at a 

deeper level. This manuscript is accompanied by a toolbox that will allow researchers 

to estimate all the parameters of the CNCB model in confidence ratings datasets. 

Some examples of re-analyses of previous datasets are provided in S1 File.

Author summary 

After each perceptual decision, humans have the ability to rate how confident 
they are that their decision is correct. While there is a growing number of models 
that attempt to explain how confidence judgments are built, there are very few 
objective measures of the sensitivity of these confidence judgments. We offer 
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here a measure of confidence efficiency whose interpretation is simple. It takes 
a value of zero when participants are unable to evaluate the validity of their 
perceptual decision, a value of one when participants use the same information 
for their perceptual decision and their confidence judgment, and a value larger 
than one when participants use information for their confidence judgment that 
was not used for their perceptual decision. This measure of confidence efficien-
cy is based on a generative model called CNCB that has two main parameters, 
confidence noise and confidence boost. These parameters again have a simple 
interpretation, and we show under which circumstances they can be estimated 
on their own. Finally, we extend the model to continuous confidence ratings 
where participants are not restricted to use a limited set of confidence levels.

Introduction

As humans, our sensory and cognitive capacities are limited, and thus we can only 
construct imperfect representations of our environment. Consequently, we cannot 
avoid making some errors when judging external stimuli. However, even when we 
make a mistake, we may still have a sense of the precision of our perceptual judg-
ment, and we can evaluate the probability that our response was correct. Such eval-
uations are judgments of confidence and are called Type 2 judgments, in contrast 
to Type 1 decisions which pertain to the primary perceptual task. Confidence judg-
ments are a simple but essential expression of metacognition, that is the ability to 
evaluate and regulate our own mental processes [1]. They are most common in our 
daily life and they have been of interest since the early days of experimental psy-
chology [2]. In the last decade, there has been an interest in modelling confidence 
performance, with a variety of approaches (for a recent comparison of these mod-
els, see [3]), but with no clear answer to the question of how to formally define and 
measure the efficiency with which human observers produce confidence judgments. 
In the present work, we address this question by specifying a generic process model 
for confidence ratings, in which we can define the confidence of an ideal metacog-
nitive observer and the efficiency of human metacognitive abilities in comparison to 
this ideal observer [4,5].

Within the framework of Signal Detection Theory (SDT [6,7]), many studies have 
collected confidence ratings for the purpose of building Receiver Operating Charac-
teristic (ROC) curves to evaluate Type 1 performance. However, these studies did 
not investigate how these confidence ratings were produced, they only assumed 
that observers used the same internal axis of evidence that they used for the Type 
1 decision, and just placed additional criteria to produce graded confidence rat-
ings. Other studies have focused on confidence itself, and its relation to decision 
accuracy, using metrics such as calibration (the root mean squared error between 
confidence and accuracy), resolution (the average confidence in correct responses 
minus confidence for errors), or the correlation between confidence and accuracy, 
which are easy to implement and to interpret but intrinsically confounded with Type 
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1 performance (see, e.g., [8,9]). To address this limitation, Maniscalco and Lau [10] have proposed meta-d’ as a measure 
of the sensitivity of confidence ratings, in the same units as Type 1 sensitivity. The M-ratio, defined as the ratio of meta-d’ 
over d’, has been suggested to be a measure of efficiency of confidence ratings [11], unconfounded with Type 1 perfor-
mance, unlike previous measures [12]. This approach has become popular in studies of metacognition, particularly in 
perception and memory research. However, it suffers from two key limitations.

First, the generative process that is assumed for confidence ratings has not been explicitly clarified in this framework. 
As a consequence, values of M-ratio cannot be easily mapped onto specific internal parameters and in particular values 
greater than 1 are hard to interpret. Second, the conditions of application of the meta-d’ measure are highly restricted: 
meta-d’ can only be estimated precisely within a single difficulty level. Indeed, applying this measure to a dataset with mul-
tiple levels of difficulty leads to an artefactual inflation of metacognitive skills (see for instance [13]), as participants may 
have more information at their disposal than what is assumed in the analysis.

We propose a novel framework for quantifying metacognitive efficiency from confidence ratings, which addresses 
both issues. Our approach involves a fully specified generative model for confidence [4], which is based on ele-
ments of Signal Detection Theory [6]. In this framework, perceptual decisions are based on the comparison of some 
sensory evidence to a sensory criterion. Similarly, it is convenient to model confidence judgments as based on 
some confidence evidence, and to characterize how this confidence evidence is derived from sensory evidence. For 
the ideal confidence observer, who uses exactly the same information for her perceptual decisions and confidence 
judgments, there is a one-to-one mapping between sensory and confidence evidence. Individuals may however 
deviate from this ideal confidence observer in many ways, and here we highlight in particular two computational 
mechanisms. First, as usually assumed, observers can be specifically impaired in their evaluation of confidence, 
above and beyond their limited sensitivity in the perceptual decision. This loss of information can be modelled as 
confidence noise. Second, observers can use information for their confidence judgment that was not used while 
they computed their perceptual decision. We call this additional information the confidence boost. While our model 
shares some features with other models, in particular the CASANDRE model [14] that can also fit simultaneously 
multiple stimulus strengths and that also emphasizes the criticality of a good estimate of sensory noise to compute 
confidence, the introduction of a confidence boost is specific to our approach. It is interesting to think how confi-
dence boost could be manipulated experimentally, for instance by varying the delay between Type 1 and Type 2 
responses [15].

As our approach allows for an identification of both mechanisms, we call this model the Confidence-Noise Confidence- 
Boost model (hereafter CNCB). Importantly, by specifying the generative model, we are able to model confidence judg-
ments in empirical datasets that may involve varying levels of task difficulty, and quantify metacognitive efficiency across 
difficulty levels. As we demonstrate below, this framework is applicable to both discrete confidence ratings and contin-
uous estimations on a (possibly distorted) probability scale. By doing so, our approach opens possibilities to develop 
model-based formulations of overconfidence, and to bridge a gap between metacognition research and the literature on 
judgment and decision making.

Results

Because we intend to compare the CNCB model to the M-ratio, we first place ourselves in the conditions of the M-ratio. 
The M-ratio is the ratio of meta-d’ over d’, where d’ is the actual sensory sensitivity and meta-d’ is the theoretical d’ that is 
consistent with the confidence judgments [10]. This latter analysis imposes the constraint that there are only two possible 
stimuli. For instance, the stimuli could be some dots moving to the right or to the left, that we represent by their respective 
stimulus strengths µs = +u and µs = –u , and the observer’s task is to indicate whether dots are moving to the right or to 
the left. Here the two stimulus strengths have the same magnitude u. We also consider for now that there are only two 
confidence levels (high and low). We release these two constraints later.
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A generative model for perceptual decisions and confidence ratings

Our generative model of decision and confidence can be summarized in two steps [4]. The first step determines the Type 
1 behaviour, that is what the observer reports as their percept given the stimulus that is presented. We are guided here 
by classical Signal Detection Theory [6] whereby the observer has access to some sensory evidence s that is simply the 
stimulus strength corrupted by sensory noise ϵs ∼ N

(
0, σ2

s

)

	 s = µs + ϵs.	 (1)

The Type 1 decision D is just the comparison of this sensory evidence to a sensory criterion θs, and it is categorical (e.g., 

+1 for ‘Right’ or –1 for ‘Left’, see Fig 1A)

	 D = sign (s – θs) .	 (2)

The second step determines the Type 2 behaviour, that is what the observer reports as their confidence that their per-
ceptual decision is correct, separately for each stimulus and each perceptual decision (Fig 1B). In the same vein as for 
the Type 1 step, we assume that the observer has access to some confidence evidence, noted w . In our framework, this 
confidence evidence is based on the initial sensory evidence s, with weight (1 – α), and on additional information from the 
stimulus µs with weight α. We call α the boost parameter, which varies between 0 and 1. A value of 0 corresponds to a 
direct link between sensory evidence and confidence evidence, whereas a value of 1 corresponds to a perfect access to 
the stimulus, bypassing the impact of sensory noise on confidence judgments (we previously referred to this extreme case 
as the super-ideal confidence observer [4]). Intuitively, if the experimenter were to reveal the identity of the stimulus to the 
participant after their perceptual decision but before their confidence judgment, then these confidence judgments would 
be consistent with a model where the confidence boost is 1. Confidence noise is modelled as noise added to the confi-
dence evidence that by default we take to be Gaussian, ϵc ∼ N

(
0, σ2

c

)
. Combining confidence noise and confidence boost 

produces confidence evidence

	 w = (µs + (1 – α) . ϵs – θs) /σs + ϵc.	 (3)

In this equation, the sensory noise ϵs is the same as in Eq. 1. Importantly, sensory evidence is normalized by sensory 
noise σs to make confidence evidence an estimate of performance in units of internal noise, and thus independent of the 
sensory dimension being evaluated [4]. Sensory and confidence evidence together define a bivariate normal distribution 
when both sensory and confidence noise samples are normally distributed (Fig 1C, left plot). A confidence boundary can 
then be drawn on the confidence evidence axis to separate high and low confidence judgments [16].

To be a proper Type 2 judgment, one also needs to take into account the actual perceptual decision in the trial. Indeed, 
although they should mostly align, confidence evidence may occasionally contradict the actual perceptual decision. When 
this is the case, the confidence evidence is evidence that runs against the observer’s initial decision. To formalize this, one 
can model the Type 2 judgment C as based on the product of the perceptual decision and the confidence evidence [4] as 
follows:

	



C = High if D . w > b ,

C = Low if D . w ≤ b 	 (4)

where b is the confidence boundary between high and low confidence ratings. From the experimenter’s perspective, we 
want to evaluate the validity of the confidence judgment, that is to compare it to the correctness of the perceptual decision. 
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The joint probability P (C = High ∩ correct) of being highly confident and correct is shown on the right-hand side of Fig 
1C. This joint probability helps us define the Type 2 hit rate P (C = High

∣∣ correct) = P (C = High ∩ correct) / P (correct)
, that is the probability of making a high confidence judgment when the perceptual decision was correct. Likewise, we can 
define the Type 2 false alarm rate

Fig 1.  Type 1 and Type 2 performance. (A) Type 1 performance. The proportion of responding ‘Right’ is plotted for each of the two stimuli µs = ±0.67
, thus providing two points on the psychometric function. In this figure, sensory noise is σs = 1. (B) Type 2 performance. For each stimulus (left and 
right panels), confidence probability is plotted for each confidence level (‘low’ and ‘high’). Blue bars represent ‘Right’ perceptual responses (i.e., correct 
when µs = +0.67), and orange bars, running downwards, ‘Left’ responses (i.e., incorrect when µs = +0.67). In this figure, confidence noise is σc = 0.5 
and confidence boost is α = 0.2. (C) Left panel: joint distribution of sensory and confidence evidence for one of the two stimuli, µs = +0.67. When the 
sensory criterion is θs = 0, perceptual responses are correct when sensory evidence is positive (blue), and incorrect when it is negative (orange). The 
confidence boundary separates high from low confidence judgments. It is shown as a dashed blue line for correct responses and negative dashed 
orange line for incorrect responses. To obtain the same fraction of high and low confidence judgments (see panels B), the confidence boundary was set 
to b = 0.79. Right panel: marginal confidence probability distributions for correct responses (in blue) and incorrect responses (in orange). Higher levels of 
confidence are shown in more saturated colours. (D) Type 2 ROC. The Type 2 ROC curve plots the Type 2 hit rate against the Type 2 false alarm rate. 
The area under the Type 2 ROC (shown in shaded grey) is a measure of confidence sensitivity.

https://doi.org/10.1371/journal.pcbi.1012451.g001

https://doi.org/10.1371/journal.pcbi.1012451.g001
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


Hit2(b) = P (C = High
∣∣ correct) = P (Dw > b

∣∣ D = sign (µs))

FA2(b) = P (C = High
∣∣ incorrect) = P (Dw > b

∣∣ D ̸= sign (µs))
.

	 (5)

The Type 2 hit and false alarm rates then define the Type 2 ROC ([17,18]; Fig 1D). The area under the Type 2 ROC is 
an index of confidence sensitivity (larger is better).

Confidence efficiency for confidence ratings

In the CNCB model, there is a trade-off between the effects of the confidence noise and confidence boost parameters: 
a larger confidence noise can be compensated by a larger confidence boost to produce similar confidence sensitivities. 
Because of this trade-off, a given point in the Type 2 ROC space can be obtained from different pairs of confidence 
noise and confidence boost parameters, as shown in Fig 2A. In fact, all these pairs that are compatible with this Type 
2 ROC point can be represented as a continuous set (see Fig 2B), and this set can be fully characterized by taking the 
most extreme pair in the set, that is the one for which confidence boost is 1 (green dot in Fig 2B). This extreme case 
corresponds to a theoretical confidence observer enjoying full access to the stimulus, but still subjected to confidence 
noise. In this case, we call the corresponding confidence noise τhuman the “equivalent confidence noise” for the human 
observer.

Confidence efficiency indicates the extent to which human participants can perform confidence judgments as well as 
the ideal confidence observer. The ideal confidence observer is the theoretical observer that is using exactly the same 

Fig 2.  Trade-off between confidence noise and confidence boost. (A) Type 2 ROC. The blue dot shows the Type 2 hit and false alarm rates for the 
simulated human observer of Fig 1 (σc = 0.5, α = 0.2, and b = 0.79). The smooth blue curve corresponds to the theoretical ROC curve obtained with the 
same values of confidence noise and confidence boost, but by varying the value of the confidence boundary. The dashed green curve corresponds to 
another observer with different confidence noise and confidence boost (σc = 1.39 and α = 1.0), chosen such that Type 2 hit and false alarm rates are 
identical to the simulated human observer. Note that these two curves intersect in a single point (blue dot), and slightly differ outside this point. In fact, 
there is an infinite number of pairs of confidence noise and confidence boost that will give the same set of Type 2 hit and false alarm rates, as illustrated 
in panel B. (B) Equivalent pairs of confidence noise and confidence boost. Each coloured line represents an observer with a particular set of Type 2 hit 
and false alarm rates. The blue curve shows the pairs of confidence noise and confidence boost that are equivalent to the simulated human observer 
shown by the blue dot that was also the example shown in panel A. The black curve shows the equivalent pairs of confidence noise and confidence 
boost for the ideal confidence observer (i.e., for whom σc = 0 and α = 0). The equivalent confidence noise is obtained when the confidence boost α is set 
to 1, and is shown as a green dot for the human observer (τh = 1.39), and as a black dot for the ideal observer (τi = 1.60). The red and yellow curves are 
equivalent pairs of confidence noise and confidence boost for other simulated observers that are presented later in this paper, namely (σc = 0.5, α = 0.8) 
in red and (σc = 2.0,α = 0.2) in yellow.

https://doi.org/10.1371/journal.pcbi.1012451.g002

https://doi.org/10.1371/journal.pcbi.1012451.g002
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information for the perceptual decision and the confidence judgment. By definition, the ideal observer has no confidence 
noise (σc = 0) and no confidence boost (α = 0). To best match the ideal confidence observer to the human observer, we 
choose confidence boundaries for the ideal that best approximate the overall human distribution of confidence judgments 
for the different levels. Just like the human observer, many pairs of confidence noise and confidence boost can produce 
the same Type 2 hit and false alarm rates (black curve in Fig 2B), and by taking the extreme pair with a confidence boost 
of 1, we can define an equivalent confidence noise for the ideal observer τideal (black dot in Fig 2B).

The confidence efficiency η is then defined as the ratio of the squared equivalent confidence noises

	 η = τ2ideal/τ
2
human.	 (6)

Because this measure of efficiency is obtained from the CNCB model, we refer to it as the CNCB efficiency. In a later 
section below, we compare this CNCB efficiency measure to the M-ratio.

Disentangling confidence noise and boost with multiple confidence levels

We now describe two cases where confidence noise and confidence boost can be estimated separately. The first of these 
cases is when the experiment contains multiple confidence levels.

When observers have the opportunity to use n levels for their confidence rating, with (n > 2), they have to choose 
(n – 1) confidence boundaries and compare their confidence evidence to these boundaries. As an illustration, we take 
the same perceptual task with two stimulus strengths (Fig 3A). For each of these stimulus strengths, we simulate an 
observer who is asked to rate their confidence on a 4-point scale, while trying to have the same fraction of confidence 
judgments for each confidence level (Fig 3B). These confidence judgments are obtained by setting three confidence 
boundaries along the confidence evidence internal space (Fig 3C). Therefore, when we plot Type 2 hit against false 
alarm rates, we obtain a Type 2 ROC curve that is now defined by three points (Fig 3D). These three points now con-
strain better the location of the Type 2 ROC, and thus should allow us to disentangle the confidence noise and confi-
dence boost parameters. Indeed, whereas a single point in the Type 2 ROC space was compatible with many Type 2 
ROC curves intersecting on this single point (and thus with many pairs of confidence noise and boost), specifying more 
than one point sets stronger constraints by which a single curve, and thus a single pair of confidence noise and boost 
parameters, can be identified.

We ran simulations where we vary the number of confidence levels from 2 to 6, while keeping the constraint that each 
confidence level contains the same fraction of confidence judgments. Importantly, we see that confidence efficiency is still 
well estimated even for small numbers of confidence levels (Fig 4A). To quantify the reliability of the efficiency measure, 
we computed the discriminability between two conditions (here the conditions where confidence noise and boost are 
(0.5, 0.2), (0.5, 0.8)). The discriminability measure is the area under the ROC to separate the distributions of efficiencies 
obtained from the simulations. As expected, these simulations confirm that confidence noise (Fig 4B) and confidence 
boost (Fig 4C) are better estimated when there are more confidence levels. In particular, confidence boost cannot be 
estimated reliably when there are only two confidence levels (the area under the ROC is below a 75% threshold shown as 
a dashed line in the upper panel). Unexpectedly, the estimation of confidence noise and boost is not completely random 
when there are only two confidence levels. We believe that this residual ability comes from small sensory biases inherent 
of each simulation that create two distinct Type 2 ROC, and that in turn constrain the confidence noise and confidence 
boost parameters.

The ability to identify the two confidence parameters might also depend in practice not only on the number of confi-
dence boundaries, but also on the number of trials in each confidence bin. To address this issue, we will look at the effects 
of the total number of simulations and of confidence biases in later sections.
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Disentangling confidence noise and boost with multiple stimulus strengths

Another way to estimate confidence noise and confidence boost is to use multiple stimulus strengths. As an example, 
let us consider the scenario where there are six stimulus strengths (Fig 5A). For each stimulus strength, we can extract 
high and low confidence judgments (Fig 5B), separately for ‘Right’ (in blue) and ‘Left’ perceptual decisions (in orange; 
confidence probability runs downwards). The confidence distributions are symmetric for positive and negative stimulus 
strengths because we assumed that the observer adopted the optimal sensory criterion (here θs = 0.0; Fig 5C). Because 
of this symmetry, the six stimulus strengths produce only three Type 2 ROC curves (Fig 5D). Even though there is a single 

Fig 3.  Effect of multiple confidence levels on Type 2 ROC. (A) Psychometric function from two stimulus strengths µs = ±0.67, with sensory noise 
σs = 1 and no sensory bias (θs = 0.0). (B) For each stimulus strength (left and right panels), confidence probability is plotted for each confidence level 
(1 to 4). Blue bars represent ‘Right’ perceptual responses, and orange bars ‘Left’ responses (running downwards). In this figure, confidence noise is 
σc = 0.5 and confidence boost is α = 0.2. Confidence boundaries were chosen to produce the same fraction of confidence responses in each of the four 
confidence levels (b1 = 0.27; b2 = 0.79; b3 = 1.35). (C) Left panel: joint distribution of sensory and confidence evidence for one of the stimulus strengths 
(µs = +0.67). Perceptual responses are correct to the right of the criterion (in blue), and incorrect to its left (in orange). When confidence is judged on 
a 4-point scale, there are three confidence boundaries as shown by the dashed lines. Right panel: confidence probabilities for correct and incorrect 
responses in blue and orange, respectively. Higher levels of confidence are shown in more saturated colours. (D) Type 2 ROC. When confidence is rated 
on 4 levels, the Type 2 ROC is constrained by 3 points.

https://doi.org/10.1371/journal.pcbi.1012451.g003

https://doi.org/10.1371/journal.pcbi.1012451.g003
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point on each of these ROC curves (corresponding to the division between high and low confidence judgments), these 
three points constrain the model better than if there was a single one, and thus allow us to disentangle the confidence 
noise and confidence boost parameters.

To confirm this, we ran simulations where we vary the number of stimulus strengths from two to seven. We restricted the 
number of confidence levels to 2 (‘high’ and ‘low’) to verify that with only two stimulus strengths, confidence noise and confidence 
boost cannot be estimated (see Fig 2). We use a confidence criterion such that the two confidence levels are used equally within 
each simulation. The stimulus strengths are chosen to be equally spaced between –2 and 2, with these two extreme values omit-
ted. An example with two stimulus strengths is shown in Fig 1A, and an example with six stimulus strengths is shown in Fig 5A. 
Importantly, we see that confidence efficiency is not biased by the number of stimulus strengths, and that it is still well estimated 
even for small numbers of stimulus strengths (Fig 6A). The estimation of confidence noise (Fig 6B) and confidence boost (Fig 6C) 
improves with the number of stimulus strengths, as expected. In particular, confidence boost cannot be estimated when there are 
only two stimulus strengths. Unexpectedly, it is also not completely random when there are only two stimulus strengths, which as 
discussed in the previous section, may reflect small sensory biases inherent of each simulation.

We note that including several stimulus strengths is common practice in psychophysics as this allows the experimenter to 
measure the full psychometric function, and thus a better estimate of sensory noise. However, in the confidence literature, 
the common meta-d’ measure of confidence sensitivity [10] can only accommodate one stimulus for each response category, 
and disregarding fluctuations in stimulus strengths can lead to biased estimates with this measure [13]. Our approach, by 
contrast, naturally accommodates multiple difficulty levels by estimating a single sensory noise, and thus takes advantage 
of such designs to provide more refined estimates of subcomponents of the metacognitive process. We can expect that 
releasing the constraint on the number of stimulus strengths will enrich the design of future experiments that use confidence 
ratings.

Fig 4.  Confidence noise and confidence boost from multiple confidence levels. (A) Lower panel: CNCB efficiency estimates as a function of 
number of confidence levels in the simulation. The colours represent three conditions for the confidence noise and confidence boost parameters (σc, α)
, namely (0.5, 0.2) in blue, (0.5, 0.8) in red, and (2.0, 0.2) in yellow. Upper panel: Discriminability of the blue and red simulations. In all lower panels, solid 
curves show median values over 100 repeated simulations, and shaded regions represent the interquartile range. The dashed lines correspond to the 
median CNCB efficiency obtained for the largest number of confidence levels (presumably the best estimates). Other parameters are listed in the Meth-
ods section. (B) Estimated confidence noise. Upper panel: Discriminability of the blue and yellow simulations. (C) Estimated confidence boost. Upper 
panel: Discriminability of the blue and red simulations.

https://doi.org/10.1371/journal.pcbi.1012451.g004

https://doi.org/10.1371/journal.pcbi.1012451.g004
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Fig 5.  Effect of multiple difficulty levels on Type 2 ROC. (A) Psychometric function from six stimulus strengths chosen to be equally spaced between 
µs = –1.43 and µs = +1.43. In this figure, sensory noise is σs = 1 and sensory criterion is θs = 0.0. (B) For each stimulus strength, confidence proba-
bility is plotted for each confidence level (‘high’ and ‘low’). Blue bars represent ‘Right’ perceptual responses, and orange bars ‘Left’ responses (running 
downwards). In this figure, confidence noise is σc = 0.5 and confidence boost is α = 0.2. (C) The sensory evidence for each stimulus strength has an 
associated confidence evidence. The full bivariate distribution of sensory and confidence evidence is shown for one of the six stimulus strengths. Posi-
tive stimulus strengths are shown in solid lines, negative ones in dotted lines. (D) When the observer is unbiased (θs = 0.0), there are now three Type II 
ROC curves. The three dots correspond to the Type 2 hit and false alarms rates obtained when the confidence boundary was set to equate the overall 
fraction of high and low confidence ratings (b = 0.96) over all six stimulus strengths.

https://doi.org/10.1371/journal.pcbi.1012451.g005

https://doi.org/10.1371/journal.pcbi.1012451.g005
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Model recovery

The previous two sections have shown that the confidence noise and confidence boost parameters could be disentan-
gled when the experiment involves more than two confidence levels or more than two stimulus strengths. This suggests 
that models with or without the confidence boost parameter could be distinguished. We now address this question more 
directly by performing a model comparison analysis.

We have simulated data from two types of models. Model 1 does not contain a confidence boost parameter (it is equiv-
alent to setting this parameter to zero), and Model 2 does contain a confidence boost parameter that is drawn randomly 
on its domain (from 0 to 1) across simulations. In both cases, we used six stimulus strengths and 4 confidence levels. We 
also randomized sensory noise, sensory criterion, confidence noise, and confidence bias (see section Materials and Meth-
ods for details). We then fitted these simulated datasets by the two types of models (without and with a confidence boost 
parameter) and check which model best fit the data. We used likelihood ratio tests for nested models [19] to test whether 
Model 2 is better than Model 1. We computed the test statistic λLR = –2 (λ1 – λ2), where λ1 (resp. λ2) is the log likelihood 
of Model 1 (resp. Model 2). If Model 1 is correct, then this test statistic is asymptotically distributed as a χ2

1 random vari-
able (the degrees of freedom is 1 because the two models differ by only one parameter).

The simulations indicate that the two models are reasonably well recovered over a reasonable range of other parame-
ters’ values (Fig 7A). When Model 1 was simulated, it was recovered 99% of the times, and when Model 2 was simulated, 
it was recovered 76% of the times, thus resulting in a discrimination sensitivity of the two models of d′ = 3.24, with a bias in 
favour of Model 1 (discrimination criterion: c = 0.92). The bias is expected because when Model 2 is simulated with a small 
confidence boost, this model is not distinguishable from Model 1 (Fig 7C, right panel). When Model 2 is simulated with a 
large confidence noise, there is also greater confusion with Model 1 (Fig 7C, left panel). When Model 1 is simulated, recov-
ery of that model is very good, and estimated confidence noise and boost are also very good (Fig 7B).

Fig 6.  Confidence noise and confidence boost from multiple stimulus strengths. (A) Lower panel: CNCB efficiency estimates as a function of 
number of stimulus strengths in the simulation. The colours represent three conditions for the confidence noise and confidence boost parameters (σc, α),  
namely (0.5, 0.2) in blue, (0.5, 0.8) in red, and (2.0, 0.2) in yellow. Upper panel: Discriminability of the blue and red simulations. In all lower panels, solid 
curves show median values over 100 repeated simulations, and shaded regions represent the interquartile range. The dashed lines correspond to the 
median CNCB efficiency obtained for the largest number of stimulus strengths (presumably the best estimates). Other parameters are listed in the Meth-
ods section. (B) Estimated confidence noise. Upper panel: Discriminability of the blue and yellow simulations. (C) Estimated confidence boost. Upper 
panel: Discriminability of the blue and red simulations.

https://doi.org/10.1371/journal.pcbi.1012451.g006

https://doi.org/10.1371/journal.pcbi.1012451.g006
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From the simulations of Model 2, we note that the estimated confidence boost tends to cling to the extremes of its 
domain (i.e., either 0 or 1; Fig 7C, right panel). While this is a limitation of our model, we believe that in practice, experi-
menters will be mostly interested in testing whether confidence boost deviates or not from 0 (the condition where confi-
dence is using the same information as the perceptual decision). In the next section, we examine more closely how well 
confidence noise and confidence boost can be estimated.

Recovery of confidence noise and confidence boost

We have seen in previous sections that confidence noise and confidence boost of the CNCB model can in theory be esti-
mated when there are more than two confidence levels, and that the CNCB efficiency can be estimated even for designs 
containing more than two stimulus strengths. Here, we illustrate more precisely how confidence noise and confidence 
boost affect CNCB efficiency and how estimated efficiency depends on the number of trials in the data, an issue that is of 
high practical interest.

Fig 7.  Model recovery. (A) Fraction of estimated models for each simulated model. Model 1 does not have a confidence boost parameter and Model 2 
does. Blue bars correspond to fractions of estimated Model 1, and red bars Model 2. (B) Simulations of Model 1. Heatmaps are parameters’ estimates 
from Model 2, with saturation showing the frequency of estimated parameter over 2,500 simulations. Left panel, left axis: estimated confidence noise as 
a function of simulated confidence noise. The diagonal dashed line shows perfect performance. The axis on the right and the red curve show the fraction 
of times Model 1 was favoured over Model 2 as a function of confidence noise. Right panel: same analysis as that in the left panel, but for confidence 
boost instead of confidence noise. (C) Simulations of Model 2. Left and right panels show the effects of simulated confidence noise and confidence 
boost, respectively, on the estimated confidence noise and confidence boost, and on the fraction of times Model 2 was favoured over Model 1.

https://doi.org/10.1371/journal.pcbi.1012451.g007

https://doi.org/10.1371/journal.pcbi.1012451.g007
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As expected, as confidence noise increases, the CNCB efficiency decreases (Fig 8A), and both the confidence noise 
and confidence boost can be well recovered (Fig 8B-C). However, we observe a small bias in the recovery of the confi-
dence parameters when both confidence noise and confidence boost are very small, suggesting that the confidence noise 
parameter sometimes absorbs more of the variability in the confidence judgments than necessary. Also as expected, as 
confidence boost increases, the CNCB efficiency increases (Fig 8D), and again, both confidence noise and confidence 
boost can be well recovered (Fig 8E-F).

Increasing the number of confidence judgments naturally increases the precision of the estimated confidence efficiency 
and the CNCB parameters (Fig 8G-I). From these simulations, we can observe that a good estimation of confidence  
efficiency is already available with 100 confidence judgments (Fig 8G). These simulations also suggest that a good 
estimation of confidence noise require at least 200 confidence judgments, and confidence boost parameter about 2,000 
confidence judgments (Fig 8H-I). These quick observations would benefit from a more thorough analysis that goes beyond 
the scope of the present paper.

Influence of sensory parameters

In this section, we investigate how the Type 1 sensitivity and bias affects the recovery of the Type 2 parameters. To manip-
ulate Type 1 sensitivity, we varied the sensory noise over a range that led to a probability of correct perceptual decisions 
over [0.55, 0.95] if the sensory criterion was optimal. We can see that both the M-ratio and our CNCB efficiency measures 
are less precise and less accurate when the probability of being correct is above 0.85 or below 0.6 (Fig 9A-B). Likewise, 
the recovery of the confidence noise and boost parameters are better when the probability of being correct is below 0.90 
or above 0.6 (Fig 9C-D).

Perceptual biases arise from sensory criteria that are not placed at their optimal location (Fig 10A). It is known that M- 
ratios are not fully independent of sensory criteria (see Fig 6C in [12]; Fig 10B). This is due in part to the fact that when there 
is a bias in sensory criterion, each sensory strength generates its own Type 2 ROC curve, and the meta-d’ computation needs 
to find a way to integrate these two incompatible sets of confidence into a single model. In fact, since the original work of 
Maniscalco & Lau [10], there have been other proposals to compute meta-d’ (see for instance the definition of d̃′b in [12]). In 
contrast, the CNCB model naturally takes into account the sensory criterion because there is only one set of sensory parame-
ters that tries to explain all the perceptual responses and all the confidence judgments (see Eq. 3). Under the same simulated 
conditions, CNCB confidence efficiency appears to be more robust to biases in sensory criteria (Fig 10C). We note also that 
confidence noise (Fig 10D) and confidence boost (Fig 10E) can be recovered well irrespective of the sensory criteria.

Influence of confidence bias

So far, we have assumed that the confidence judgments were distributed uniformly across all confidence levels. This 
helped minimize the possibility that some confidence levels were never visited for some combinations of stimulus 
strengths and perceptual decisions. We relax here this constraint to look at the effect of confidence biases on the recovery 
of the confidence parameters. To simulate the effect of a confidence bias, we replaced the uniform distribution of con-
fidence levels by a triangular distribution, where the number of confidence judgments increases (or decreases) linearly 
across the confidence levels. The parameter δ  describes the ratio of confidence judgments between the top and bottom 
levels. If it is larger than 1, there will be a dominance of high confidence values. The simulations shown in Fig 11 indicate 
that the recovery of confidence noise and boost is quite robust over a large range of confidence biases.

Comparison of CNCB efficiency and M-ratio

Since both the CNCB efficiency and the M-ratio measure derive from elements of Signal Detection Theory, although 
following slightly different routes, it is natural to think that they should be related. In this part, to compare CNCB efficiency 
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Fig 8.  Parameters recovery for varying confidence noise, confidence boost, and number of confidence judgments. (A-C) Effect of different 
values of simulated confidence noise, for two different values of confidence boost (α = 0.2 in blue, and α = 0.8 in red). (D-F) Effect of different values of 
simulated confidence boost, for two different values of confidence noise (σc = 0.5 in blue, and σc = 2.0 in yellow). (G-I) Effect of the number of confidence 
judgments in the simulation, for three pairs of confidence noise and confidence boost parameters (σc, α), namely (0.5, 0.2) in blue, (0.5, 0.8) in red, 
and (2.0, 0.2) in yellow. Upper panels show discriminability of the blue and red simulations (G), blue and yellow (H), and blue and red (I). Panels show 
estimated confidence efficiency (A, D, G), estimated confidence noise (B, E, H), and estimated confidence boost (C, F, I). In lower panel (G), the dashed 
lines correspond to the median CNCB efficiency obtained for the largest number of confidence judgments (presumably the best estimates). In all panels, 
solid curves show median values over 100 repeated simulations, and shaded regions represent the interquartile range. Unless specified otherwise, 
simulations consisted in 10,000 confidence judgments. Other parameters are listed in the Methods section.

https://doi.org/10.1371/journal.pcbi.1012451.g008

https://doi.org/10.1371/journal.pcbi.1012451.g008
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and M-ratio, we limit ourselves to only 2 stimulus strengths (µs = ±1). From simulations where we varied confidence 
noise, confidence boost, and the number of confidence judgments (Fig 8), we find that there is a one-to-one relationship 
between CNCB efficiency and M-ratio (Fig 12)

	 η ≈ (M-ratio)2 .	 (7)

The square in the relationship is expected given that d’ is inversely related to the standard deviation of the sensory noise 
(and similarly for meta-d’) whereas the CNCB efficiency is a ratio of squared equivalent noises. This relationship makes 
sense when one varies confidence noise because confidence noise has similar effects on the meta-d’ and the CNCB 

Fig 9.  Effect of sensory sensitivity. (A) M-ratio as a function of different values of sensory noise. The colours represent three conditions for the confi-
dence noise and confidence boost parameters (σc, α), namely (0.5, 0.2) in blue, (0.5, 0.8) in red, and (2.0, 0.2) in yellow. Continuous lines and shaded 
areas show the medians and interquartile ranges, respectively, over 100 repeated simulations. The dashed lines correspond to the median M-ratio 
obtained for the sensory noise that has been used in the other simulations (σs = 1.0). (B) CNCB efficiency estimates for the same conditions as in (A). 
(C) Estimated confidence noise. Upper panel: Discriminability of the blue and yellow simulations. (D) Estimated confidence boost. Upper panel: Discrim-
inability of the blue and red simulations. Other parameters are listed in the Methods section.

https://doi.org/10.1371/journal.pcbi.1012451.g009

https://doi.org/10.1371/journal.pcbi.1012451.g009
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model. Interestingly, the relationship seems to hold very well over a large range of model parameters (Fig 12). Further theo-
retical work is necessary to find a closed form derivation for the equivalence between CNCB efficiency and M-ratio.

Continuous confidence ratings

As the number of confidence levels increases, one approaches the extreme case where confidence is rated on a contin-
uous scale. This scenario is typically obtained when observers are asked to use a continuous scale, say between 0 and 
100, to report their subjective probability that their perceptual decision was correct. This special case deserves its own 
treatment because one needs to model how subjective probabilities are possibly biased.

Fig 10.  Effect of sensory criteria. (A) Probability densities for sensory strengths µs = ±0.67. Perceptual decisions are made relative to a biased sen-
sory criterion (here, θs = –1.0). (B) M-ratio as a function of different values of sensory criteria. The colours represent three conditions for the confidence 
noise and confidence boost parameters (σc, α), namely (0.5, 0.2) in blue, (0.5, 0.8) in red, and (2.0, 0.2) in yellow. Continuous lines and shaded areas 
show the medians and interquartile ranges, respectively, over 100 repeated simulations. The dashed lines correspond to the median M-ratio obtained 
for the optimal sensory criterion (θs = 0.0), presumably providing the best estimates. The M-ratio is strongly biased by non-optimal sensory criteria. (C) 
CNCB efficiency estimates for the same conditions as in (B). The CNCB efficiency seems stable across sensory criteria. (D) Lower panel: Estimated 
confidence noise. Upper panel: Discriminability of the blue and yellow simulations. (E) Lower panel: Estimated confidence boost. Upper panel: Discrimin-
ability of the blue and red simulations. Other parameters are listed in the Methods section.

https://doi.org/10.1371/journal.pcbi.1012451.g010

https://doi.org/10.1371/journal.pcbi.1012451.g010
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When estimating probabilities, human participants are often over-estimating small probabilities and under-estimating 
large probabilities. To model this kind of biases, we adhere to the proposal of Zhang & Maloney [20] to use the following 
family of probability distortions. In Eqs 8 and 9 and in the text, the function

	 Lo (π(p)) = γ Lo(p) + (1 – γ) Lo (p0)	 (8)

where p denotes the true (objective) probability, π(p) denotes the corresponding distorted (subjective) probability, p0 is a 
constant (the fixed point of the transformation), and Lo is the log-odds function

Fig 11.  Effect of confidence bias. (A) M-ratio as a function of different values of confidence bias. The colours represent three conditions for the 
confidence noise and confidence boost parameters (σc, α), namely (0.5, 0.2) in blue, (0.5, 0.8) in red, and (2.0, 0.2) in yellow. Continuous lines and 
shaded areas show the medians and interquartile ranges, respectively, over 100 repeated simulations. The dashed lines correspond to the median 
M-ratio obtained for a uniform distribution of confidence judgments across all levels, presumably leading to the least bias in M-ratio estimate. (B) CNCB 
efficiency estimates for the same conditions as in (A). (C) Estimated confidence noise. Upper panel: Discriminability of the blue and yellow simulations. 
(D) Estimated confidence boost. Upper panel: Discriminability of the blue and red simulations. Other parameters are listed in the Methods section.

https://doi.org/10.1371/journal.pcbi.1012451.g011

https://doi.org/10.1371/journal.pcbi.1012451.g011
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Lo(p) = log

(
p

1 – p

)
.
	 (9)

The parameterγ in this family of distortions allows us to capture an overestimation of small probabilities and underes-
timation of large probabilities (when γ < 1) or the reverse pattern (when γ > 1). Default parameter values that produce a 
non-biased relationship between objective and subjective probabilities are γ = 1 and p0 = 0.5 (Fig 13A). This non-biased 
relationship produces highly skewed distributions of confidence ratings towards high confidence (Fig 13B).

Using this family of probability distortions is a compact way to model the infinite number of confidence boundaries using 
only two parameters (γ  and p0). An example of such probability distortions is shown in Fig 13C, and the associated distri-
bution of confidence ratings is shown in Fig 13D.

When such probability distortions are introduced between objective and subjective confidence judgments, the CNCB 
efficiency can be estimated nonetheless, and it is robust to variations in the distortion parameter (Fig 14A). Importantly, 
confidence noise and confidence boost can also be recovered very well, independently of γ  (Fig 14B and 14C), both 
when small probabilities were over-estimated (γ < 1) and large probabilities were over-estimated (γ > 1). The very good 
parameter recovery comes from the fact that the confidence evaluation has finer resolution than if confidence was 
restricted to a small number of confidence levels. However, in practice, it is important to check that when instructed to 
report their confidence on a continuous scale, participants make an effort to report their confidence judgments precisely, 
rather than simply using two or three confidence levels (“very sure”, “not sure at all”, and possibly “something in- 
between”). Finally, the parameters of the probability distortion (γ  and p0) can be recovered very well in all the simulations 
(Fig 14D and 14E).

Fig 12.  Relationship between confidence efficiency and M-ratio. (A) The heatmap shows CNCB efficiencies and M-ratios from 2,500 simulated 
experiments where there were only two stimulus strengths and four confidence levels. Other parameters were sampled from the ranges described in the 
Materials and Methods section. The diagonal shows a squared relationship between M-ratio and confidence efficiency in log-log coordinates (see Eq. 7).

https://doi.org/10.1371/journal.pcbi.1012451.g012

https://doi.org/10.1371/journal.pcbi.1012451.g012
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General discussion

In a world full of uncertainty, being able to evaluate the quality of one’s own decisions is an essential skill to optimize 
behaviour. For instance, observers use their sense of confidence to guide how much effort they will put in a task [21–23], 
or which task they will prioritize [24,25]. Evaluations of confidence are also useful when combining information from mul-
tiple sources: to optimize a collective decision, individuals should weigh their private information by the confidence they 
have in it [26,27].

Yet, evaluating oneself is also challenging. Confidence judgments can be biased towards underconfidence or overcon-
fidence [28], and individuals greatly vary in their ability to predict the accuracy of their decisions (see, e.g., [29]). Impor-
tantly, whereas the issue of overconfidence has triggered a large interest, well beyond cognitive psychology (e.g., [30]), 
the notion of metacognitive sensitivity has been so far less influential.

Fig 13.  Continuous confidence ratings. (A) Non-biased relationship between objective and subjective confidence probabilities. (B) Confidence ratings 
for the two categories of stimuli (µs = ±0.67). The blue distribution corresponds to perceptual responses ‘Right’ (i.e., correct when µs = +0.67, and 
incorrect when µs = –0.67), and the orange distributions to responses ‘Left’ (running downwards). With the non-biased relationship in (A), confidence 
ratings are strongly skewed towards high confidence levels. For these simulations, σc = 0.5 and α = 0.2. (C) Log-odds transformation between objective 
and subjective confidence probabilities with γ = 0.5 and p0 = 0.4. (D) With the biased relationship in (C), and the same confidence noise and confidence 
boost parameters as in (B), confidence ratings are more concentrated in the middle of the range of confidence levels. Other parameters are listed in the 
Methods section.

https://doi.org/10.1371/journal.pcbi.1012451.g013

https://doi.org/10.1371/journal.pcbi.1012451.g013
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One possible reason may have been the difficulty to converge on a single measure of confidence sensitivity in the prior 
literature, in comparison to overconfidence bias which can be simply calculated as the average confidence minus the aver-
age performance for each individual. The introduction of the meta-d’ measure [10], by addressing the confound between 
metacognitive sensitivity and performance, presented a significant improvement on this matter. However, constraints 
remained regarding the designs in which this measure can be applied. We believe that allowing researchers to release the 
constraints of a single magnitude of difficulty level and of a finite confidence scale when analysing metacognitive sensitivity 
is an important contribution of the present work. In addition, our approach does not require that separate models be fitted to 
each response class, and this may be the reason why the CNCB model is more robust to perceptual biases than meta-d’.

By relying on a fully specified generative model of confidence judgments, our method also allows for a principled defini-
tion of the efficiency with which observers make confidence ratings. The CNCB model was introduced in our prior work to 
account for a particular paradigm to study confidence, the confidence forced choice [4]. Here, we extend its application to 

Fig 14.  Recovery and influence of probability transformation. (A) Lower panel: Confidence efficiency for different values of the γ  parameter. Upper 
panel: Discriminability of the blue and red simulations. (B) Estimated confidence noise. Upper panel: Discriminability of the blue and yellow simula-
tions. (C) Estimated confidence boost. Upper panel: Discriminability of the blue and red simulations. (D) Recovery of the γ  parameter of the log-odds 
transformation. (E) Recovery of the p0 parameter of the log-odds transformation for different values of the γ  parameter. When γ = 1,the parameter p0 
is undetermined. The colours represent three conditions for the confidence noise and confidence boost parameters (σc, α), namely (0.5, 0.2) in blue, 
(0.5, 0.8) in red, and (2.0, 0.2) in yellow. In all panels, solid curves show median values over 100 repeated simulations, and shaded regions represent 
the interquartile range. Other parameters are listed in the Methods section.

https://doi.org/10.1371/journal.pcbi.1012451.g014

https://doi.org/10.1371/journal.pcbi.1012451.g014
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model confidence ratings on discrete or continuous scales, allowing the analysis of various experimental paradigms within 
a common framework. This effort to develop a common modelling framework across experimental paradigms is consid-
ered an important objective in the domain of metacognition [31]. One possible direction for future work to extend further 
the generality of the present approach could be to expand the CNCB model to accommodate for more than 2 choice 
options at the Type 1 level, and possibly to continuous Type 1 responses. General Recognition Theory already exists as a 
generalization of Signal Detection Theory to multiple response categories [32], and considering situations with more than 
two choices has been instrumental in discriminating between theories of confidence [33]. Another possible direction is to 
refine the present modeling approach, by considering non-Gaussian confidence noise [34–36], or confidence noise that 
would reflect a mis-estimation of the sensory noise that we used to normalize our confidence evidence in Eq. 3.

In the present work, we have emphasized confidence noise and confidence boost as important parameters in our model, 
which both impact metacognitive efficiency but in opposite directions. We have described the conditions under which the 
resulting parameter indeterminacy can be lifted, such that one can separately estimate confidence noise and confidence boost. 
These involve having more than two confidence levels or more than one magnitude of stimulus strength. In practice, using three 
confidence levels or four stimulus strengths (i.e., two magnitudes for each response class) seem sufficient. The confidence 
boost parameter is more difficult to evaluate than the confidence noise, and good estimates seem to require at least 2,000 
confidence judgments. Separating confidence noise from confidence boost should allow researchers to characterize variations 
of metacognition more precisely. For instance, prior research has shown that metacognitive efficiency can be degraded under 
stress [37] or under complex multitasking [38,39]. Conversely, it can be improved after meditation training [40], or simply by ask-
ing observers to re-evaluate their initial confidence judgment [41]. One could wonder whether such phenomena are mediated 
by a change in confidence noise only, in confidence boost only, or whether they involve changes in both parameters. It will be 
also interesting to reanalyze previous datasets with the current framework (see some examples in S1 File).

More generally, specifying the generative model for confidence judgments may allow researchers to ask novel questions or to 
shed new light on past topics about the computational bases of confidence judgments. For instance, one recurring question has 
been whether confidence is calculated before or after the decision is made, and many studies have provided evidence for post-
decisional contributions to confidence (e.g., [15,42–45]). Early measures of confidence efficiency, in particular the M-ratio, offered 
only a global measure of confidence performance that merged together different sources of inefficiencies [46]. Recent efforts 
have started to disentangle these different sources (e.g., [47]). The CNCB approach presented here is in this perspective, offering 
a tool to separate two very different components that affect confidence efficiency (reflected by the confidence noise and the confi-
dence boost parameters), while at the same time linking these factors to a global measure (the CNCB confidence efficiency).

To conclude, we have presented a computational model that allows to measure the efficiency of confidence ratings 
while varying the difficulty of the perceptual task. Our approach is set up in the domain of perceptual decisions. We hope 
that it can inspire other domains (see [48]) in which confidence judgments are of interest.

Materials and methods

Parameter values for the figures

Unless otherwise noted, all the simulations in this manuscript were obtained with the following parameters. The two 
sensory levels were µs = ±0.67, sensory noise was σs = 1.0, and the sensory criterion was placed at the optimal location 
θs = 0.0. These values were chosen so that they lead to 75% correct, a targeted level of performance that is often cho-
sen by experimenters. Confidence noise was set by default to σc = 0.5 and confidence boost to α = 0.2. The number of 
confidence levels was set to 4, with confidence boundaries chosen to equate the number of confidence choices in each 
confidence level. A simulated experiment was based on 10,000 trials, and plots show median and inter-quartile ranges 
over 100 such simulated experiments. To reduce the likelihood of local minima, the fits started with 4 different initial val-
ues for the confidence noise and confidence boost, obtained by crossing two values of σc = {0.5, 2.0} and two values of 
α = {0.25, 0.75}, and the best fit was chosen to be the one that had the maximum log-likelihood.
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In Figs 7 and 12, we ran simulations over a range of parameters. Sensory noise σs varied over a range that led to a prob-
ability of correct perceptual decisions over [0.55, 0.95] if the sensory criterion was optimal, the sensory criterion θs varied over 
[–1.5, 1.5], confidence noise σc over [0.25, 4.0] uniformly in log space, confidence boost α over [0, 1], and confidence bias δ  
over [0.25, 4.0] uniformly in log space. In Fig 7, stimulus strengths were µs =

{
–1.43, –0.86, –0, 29, 0.29, 0.86, 1.43

}
and there 

were 4 confidence levels, whereas in Fig 12, stimulus strengths were µs =
{
–0.67, 0.67

}
 and there were 4 confidence levels.

Fitting procedure

With real data that are necessarily noisy, there will never be a perfect match between the predictions of the model and the 
data. For each stimulus strength i , and each perceptual decision j  on this stimulus, we note ni,j, k the number of human 
confidence judgments rated to be equal to k , where k  varies between 1 and m. We are fitting the conditional probabilities 
P (j, k

∣∣ i) of making a perceptual decision j  and a confidence judgment k  whenever stimulus strength i  is presented. If we 
note Ni =

∑
j

∑m
k=1 ni,j, k, In we have

	
P (j, k

∣∣ i) = ni,j, k
Ni

.
	 (10)

We are trying to best match the distributions of confidence ratings P (j, k
∣∣ i) between the human data and the model. 

We find the best match by maximum likelihood estimation. The likelihood that the model produces a probability P (j, k
∣∣ i) 

is given in Eq. 11

	 Li(j, k) = ni,j, k log
(
P (j, k

∣∣ i)) .	 (11)

We then try to maximize the total likelihood L =
∑

i

∑
j

∑m
k=1 Li(j, k). A useful metrics for the goodness of fit is the Devi-

ance obtained from computing the likelihood of the saturated model (i.e., the upper bound on the likelihood derived from 
using the actual human data as a model). In Eq. 12 the second,

	
Ls =

∑
i

∑
j

m∑
k=1

[ ni,j, k (log (ni,j, k ) – log (Ni)) ] .
	 (12)

The Deviance is then G2 = –2 (L – Ls), with lower values indicating better fits. The Deviance is approximately distrib-
uted as a χ2 statistics with degrees of freedom equal to the difference in the number of parameters between the saturated 
and the CNCB models. A good model is one that is not statistically different from the saturated model.

Full generative model

In our previous work [4], we have considered two additional parameters, namely β a confidence bias parameter (the 
underestimation of sensory noise in the scaling of confidence evidence), and θc a confidence criterion (the bias for confi-
dence evidence relative to the sensory criterion). We have disregarded these two parameters here for simplicity, but they 
might be relevant in some cases (for a thorough discussion of these parameters, see [4]).

Self-consistency

In the main text, Type 2 hit and false alarm rates are defined relative to the correctness of the perceptual decision. How-
ever, correctness is arguably not the best goal that participants are trying to estimate, since without feedback, participants 
have no way to know that they achieved this goal. Instead of correctness, we might prefer to use self-consistency that 
refers to the stability of a perceptual decision [4,49]. In that case, Eq. 5 above becomes
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


Hit2(b) = P (C = high
∣∣ self-consistent) = P (D.w > b

∣∣ D = sign (µs – θs))

FA2(b) = P (C = high
∣∣ self-inconsistent) = P (D.w > b

∣∣ D ̸= sign (µs – θs))
.

	 (13)

Supporting information

S1 File.  Reanalysis of published datasets with the CNCB model. 
(PDF)

Acknowledgments

The Matlab toolbox that implements the CNCB model is available here [50]: https://github.com/mamassian/cncb/. The 
code and data files for the simulations in this manuscript are open access [51].

Author contributions

Conceptualization: Pascal Mamassian, Vincent de Gardelle.

Formal analysis: Pascal Mamassian, Vincent de Gardelle.

Funding acquisition: Pascal Mamassian.

Investigation: Pascal Mamassian.

Methodology: Pascal Mamassian.

Project administration: Pascal Mamassian.

Resources: Pascal Mamassian.

Software: Pascal Mamassian.

Visualization: Pascal Mamassian.

Writing – original draft: Pascal Mamassian, Vincent de Gardelle.

Writing – review & editing: Pascal Mamassian, Vincent de Gardelle.

References
	 1.	 Nelson TO, Narens L. Metamemory: A Theoretical Framework and New Findings. Psychology of Learning and Motivation. 1990;26:125–73. https://

doi.org/10.1016/s0079-7421(08)60053-5

	 2.	 Peirce CS, Jastrow J. On small differences of sensation. Memoirs of the National Academy of Sciences. 1885;3(1):73–83.

	 3.	 Shekhar M, Rahnev D. How do humans give confidence? A comprehensive comparison of process models of perceptual metacognition. J Exp 
Psychol Gen. 2024;153(3):656–88. https://doi.org/10.1037/xge0001524 PMID: 38095983

	 4.	 Mamassian P, de Gardelle V. Modeling perceptual confidence and the confidence forced-choice paradigm. Psychol Rev. 2022;129(5):976–98. 
https://doi.org/10.1037/rev0000312 PMID: 34323580

	 5.	 Dayan P. Metacognitive Information Theory. Open Mind (Camb). 2023;7:392–411. https://doi.org/10.1162/opmi_a_00091 PMID: 37637303

	 6.	 Green DM, Swets JA. Signal Detection Theory and Psychophysics. New York: Wiley; 1966.

	 7.	 Macmillan NA, Creelman CD. Detection Theory: A User’s Guide. 2nd ed. Mahwah, New Jersey: Lawrence Erlbaum Associates Publishers; 2005.

	 8.	 Masson MEJ, Rotello CM. Sources of bias in the Goodman-Kruskal gamma coefficient measure of association: implications for studies of metacog-
nitive processes. J Exp Psychol Learn Mem Cogn. 2009;35(2):509–27. https://doi.org/10.1037/a0014876 PMID: 19271863

	 9.	 Galvin SJ, Podd JV, Drga V, Whitmore J. Type 2 tasks in the theory of signal detectability: discrimination between correct and incorrect decisions. 
Psychon Bull Rev. 2003;10(4):843–76. https://doi.org/10.3758/bf03196546 PMID: 15000533

	10.	 Maniscalco B, Lau H. A signal detection theoretic approach for estimating metacognitive sensitivity from confidence ratings. Conscious Cogn. 
2012;21(1):422–30. https://doi.org/10.1016/j.concog.2011.09.021 PMID: 22071269

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012451.s001
https://github.com/mamassian/cncb/
https://doi.org/10.1016/s0079-7421(08)60053-5
https://doi.org/10.1016/s0079-7421(08)60053-5
https://doi.org/10.1037/xge0001524
http://www.ncbi.nlm.nih.gov/pubmed/38095983
https://doi.org/10.1037/rev0000312
http://www.ncbi.nlm.nih.gov/pubmed/34323580
https://doi.org/10.1162/opmi_a_00091
http://www.ncbi.nlm.nih.gov/pubmed/37637303
https://doi.org/10.1037/a0014876
http://www.ncbi.nlm.nih.gov/pubmed/19271863
https://doi.org/10.3758/bf03196546
http://www.ncbi.nlm.nih.gov/pubmed/15000533
https://doi.org/10.1016/j.concog.2011.09.021
http://www.ncbi.nlm.nih.gov/pubmed/22071269


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012451  April 21, 2025 24 / 25

	11.	 Fleming SM, Lau HC. How to measure metacognition. Front Hum Neurosci. 2014;8:443. https://doi.org/10.3389/fnhum.2014.00443 PMID: 
25076880

	12.	 Barrett AB, Dienes Z, Seth AK. Measures of metacognition on signal-detection theoretic models. Psychol Methods. 2013;18(4):535–52. https://doi.
org/10.1037/a0033268 PMID: 24079931

	13.	 Rahnev D, Fleming SM. How experimental procedures influence estimates of metacognitive ability. Neurosci Conscious. 2019;2019(1):niz009. 
https://doi.org/10.1093/nc/niz009 PMID: 31198586

	14.	 Boundy-Singer ZM, Ziemba CM, Goris RLT. Confidence reflects a noisy decision reliability estimate. Nat Hum Behav. 2023;7(1):142–54. https://doi.
org/10.1038/s41562-022-01464-x PMID: 36344656

	15.	 Balsdon T, Wyart V, Mamassian P. Metacognitive evaluation of postdecisional perceptual representations. J Vis. 2024;24(4):2. https://doi.
org/10.1167/jov.24.4.2 PMID: 38558159

	16.	 Fleming SM, Daw ND. Self-evaluation of decision-making: A general Bayesian framework for metacognitive computation. Psychol Rev. 
2017;124(1):91–114. https://doi.org/10.1037/rev0000045 PMID: 28004960

	17.	 Clarke F, Birdsall T, Tanner W Jr. Two types of ROC curves and definitions of parameters. J Acoust Soc Am. 1959;31:629–30.

	18.	 Mamassian P. Visual Confidence. Annu Rev Vis Sci. 2016;2:459–81. https://doi.org/10.1146/annurev-vision-111815-114630 PMID: 28532359

	19.	 Mood A, Graybill FA, Boes DC. Introduction to the Theory of Statistics. 3rd ed. New York: McGraw-Hill; 1974.

	20.	 Zhang H, Maloney LT. Ubiquitous log odds: a common representation of probability and frequency distortion in perception, action, and cognition. 
Front Neurosci. 2012;6:1. https://doi.org/10.3389/fnins.2012.00001 PMID: 22294978

	21.	 Balsdon T, Wyart V, Mamassian P. Confidence controls perceptual evidence accumulation. Nat Commun. 2020;11(1):1753. https://doi.org/10.1038/
s41467-020-15561-w PMID: 32273500

	22.	 Lee DG, Daunizeau J. Trading mental effort for confidence in the metacognitive control of value-based decision-making. Elife. 2021;10:e63282. 
https://doi.org/10.7554/eLife.63282 PMID: 33900198

	23.	 Hainguerlot M, Gajdos T, Vergnaud J-C, de Gardelle V. How overconfidence bias influences suboptimality in perceptual decision making. J Exp 
Psychol Hum Percept Perform. 2023;49(4):537–48. https://doi.org/10.1037/xhp0001091 PMID: 37184937

	24.	 Aguilar-Lleyda D, Lemarchand M, de Gardelle V. Confidence as a Priority Signal. Psychol Sci. 2020;31(9):1084–96. https://doi.
org/10.1177/0956797620925039 PMID: 32755439

	25.	 Aguilar-Lleyda D, de Gardelle V. Confidence guides priority between forthcoming tasks. Sci Rep. 2021;11(1):18320. https://doi.org/10.1038/
s41598-021-97884-2 PMID: 34526576

	26.	 Sorkin RD, Hays CJ, West R. Signal-detection analysis of group decision making. Psychol Rev. 2001;108(1):183–203. https://doi.
org/10.1037/0033-295x.108.1.183 PMID: 11212627

	27.	 Bahrami B, Olsen K, Latham PE, Roepstorff A, Rees G, Frith CD. Optimally interacting minds. Science. 2010;329(5995):1081–5. https://doi.
org/10.1126/science.1185718 PMID: 20798320

	28.	 West RF, Stanovich KE. The domain specificity and generality of overconfidence: Individual differences in performance estimation bias. Psycho-
nomic Bulletin & Review. 1997;4(3):387–92. https://doi.org/10.3758/bf03210798

	29.	 Rouault M, McWilliams A, Allen MG, Fleming SM. Human metacognition across domains: insights from individual differences and neuroimaging. 
Personal Neurosci. 2018;1:e17. https://doi.org/10.1017/pen.2018.16 PMID: 30411087

	30.	 Mamassian P. Overconfidence in an objective anticipatory motor task. Psychol Sci. 2008;19(6):601–6. https://doi.org/10.1111/j.1467-
9280.2008.02129.x PMID: 18578851

	31.	 Rahnev D, Balsdon T, Charles L, de Gardelle V, Denison R, Desender K, et al. Consensus Goals in the Field of Visual Metacognition. Perspect 
Psychol Sci. 2022;17(6):1746–65. https://doi.org/10.1177/17456916221075615 PMID: 35839099

	32.	 Ashby FG, Townsend JT. Varieties of perceptual independence. Psychol Rev. 1986;93(2):154–79. https://doi.org/10.1037//0033-295x.93.2.154 
PMID: 3714926

	33.	 Li H-H, Ma WJ. Confidence reports in decision-making with multiple alternatives violate the Bayesian confidence hypothesis. Nat Commun. 
2020;11(1):2004. https://doi.org/10.1038/s41467-020-15581-6 PMID: 32332712

	34.	 Shekhar M, Rahnev D. The nature of metacognitive inefficiency in perceptual decision making. Psychol Rev. 2021;128(1):45–70. https://doi.
org/10.1037/rev0000249 PMID: 32673034

	35.	 Miyoshi K, Sakamoto Y, Nishida S. On the assumptions behind metacognitive measurements: Implications for theory and practice. J Vis. 
2022;22(10):18. https://doi.org/10.1167/jov.22.10.18 PMID: 36149676

	36.	 Arnold DH, Johnston A, Adie J, Yarrow K. On why we lack confidence in some signal-detection-based analyses of confidence. Conscious Cogn. 
2023;113:103532. https://doi.org/10.1016/j.concog.2023.103532 PMID: 37295196

	37.	 Reyes G, Silva JR, Jaramillo K, Rehbein L, Sackur J. Self-Knowledge Dim-Out: Stress Impairs Metacognitive Accuracy. PLoS One. 
2015;10(8):e0132320. https://doi.org/10.1371/journal.pone.0132320 PMID: 26252222

	38.	 Maniscalco B, Lau H. Manipulation of working memory contents selectively impairs metacognitive sensitivity in a concurrent visual discrimination 
task. Neurosci Conscious. 2015;2015(1):niv002. https://doi.org/10.1093/nc/niv002 PMID: 29877509

https://doi.org/10.3389/fnhum.2014.00443
http://www.ncbi.nlm.nih.gov/pubmed/25076880
https://doi.org/10.1037/a0033268
https://doi.org/10.1037/a0033268
http://www.ncbi.nlm.nih.gov/pubmed/24079931
https://doi.org/10.1093/nc/niz009
http://www.ncbi.nlm.nih.gov/pubmed/31198586
https://doi.org/10.1038/s41562-022-01464-x
https://doi.org/10.1038/s41562-022-01464-x
http://www.ncbi.nlm.nih.gov/pubmed/36344656
https://doi.org/10.1167/jov.24.4.2
https://doi.org/10.1167/jov.24.4.2
http://www.ncbi.nlm.nih.gov/pubmed/38558159
https://doi.org/10.1037/rev0000045
http://www.ncbi.nlm.nih.gov/pubmed/28004960
https://doi.org/10.1146/annurev-vision-111815-114630
http://www.ncbi.nlm.nih.gov/pubmed/28532359
https://doi.org/10.3389/fnins.2012.00001
http://www.ncbi.nlm.nih.gov/pubmed/22294978
https://doi.org/10.1038/s41467-020-15561-w
https://doi.org/10.1038/s41467-020-15561-w
http://www.ncbi.nlm.nih.gov/pubmed/32273500
https://doi.org/10.7554/eLife.63282
http://www.ncbi.nlm.nih.gov/pubmed/33900198
https://doi.org/10.1037/xhp0001091
http://www.ncbi.nlm.nih.gov/pubmed/37184937
https://doi.org/10.1177/0956797620925039
https://doi.org/10.1177/0956797620925039
http://www.ncbi.nlm.nih.gov/pubmed/32755439
https://doi.org/10.1038/s41598-021-97884-2
https://doi.org/10.1038/s41598-021-97884-2
http://www.ncbi.nlm.nih.gov/pubmed/34526576
https://doi.org/10.1037/0033-295x.108.1.183
https://doi.org/10.1037/0033-295x.108.1.183
http://www.ncbi.nlm.nih.gov/pubmed/11212627
https://doi.org/10.1126/science.1185718
https://doi.org/10.1126/science.1185718
http://www.ncbi.nlm.nih.gov/pubmed/20798320
https://doi.org/10.3758/bf03210798
https://doi.org/10.1017/pen.2018.16
http://www.ncbi.nlm.nih.gov/pubmed/30411087
https://doi.org/10.1111/j.1467-9280.2008.02129.x
https://doi.org/10.1111/j.1467-9280.2008.02129.x
http://www.ncbi.nlm.nih.gov/pubmed/18578851
https://doi.org/10.1177/17456916221075615
http://www.ncbi.nlm.nih.gov/pubmed/35839099
https://doi.org/10.1037//0033-295x.93.2.154
http://www.ncbi.nlm.nih.gov/pubmed/3714926
https://doi.org/10.1038/s41467-020-15581-6
http://www.ncbi.nlm.nih.gov/pubmed/32332712
https://doi.org/10.1037/rev0000249
https://doi.org/10.1037/rev0000249
http://www.ncbi.nlm.nih.gov/pubmed/32673034
https://doi.org/10.1167/jov.22.10.18
http://www.ncbi.nlm.nih.gov/pubmed/36149676
https://doi.org/10.1016/j.concog.2023.103532
http://www.ncbi.nlm.nih.gov/pubmed/37295196
https://doi.org/10.1371/journal.pone.0132320
http://www.ncbi.nlm.nih.gov/pubmed/26252222
https://doi.org/10.1093/nc/niv002
http://www.ncbi.nlm.nih.gov/pubmed/29877509


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012451  April 21, 2025 25 / 25

	39.	 Konishi M, Berberian B, de Gardelle V, Sackur J. Multitasking costs on metacognition in a triple-task paradigm. Psychon Bull Rev. 
2021;28(6):2075–84. https://doi.org/10.3758/s13423-021-01967-0 PMID: 34173189

	40.	 Baird B, Mrazek MD, Phillips DT, Schooler JW. Domain-specific enhancement of metacognitive ability following meditation training. J Exp Psychol 
Gen. 2014;143(5):1972–9. https://doi.org/10.1037/a0036882 PMID: 24820248

	41.	 Elosegi P, Rahnev D, Soto D. Think twice: Re-assessing confidence improves visual metacognition. Atten Percept Psychophys. 2024;86(2):373–
80. https://doi.org/10.3758/s13414-023-02823-0 PMID: 38135781

	42.	 Baranski JV, Petrusic WM. Probing the locus of confidence judgments: experiments on the time to determine confidence. J Exp Psychol Hum 
Percept Perform. 1998;24(3):929–45. https://doi.org/10.1037//0096-1523.24.3.929 PMID: 9627426

	43.	 Moran R, Teodorescu AR, Usher M. Post choice information integration as a causal determinant of confidence: Novel data and a computational 
account. Cogn Psychol. 2015;78:99–147. https://doi.org/10.1016/j.cogpsych.2015.01.002 PMID: 25868113

	44.	 Yu S, Pleskac TJ, Zeigenfuse MD. Dynamics of postdecisional processing of confidence. J Exp Psychol Gen. 2015;144(2):489–510. https://doi.
org/10.1037/xge0000062 PMID: 25844627

	45.	 Charles L, Yeung N. Dynamic sources of evidence supporting confidence judgments and error detection. J Exp Psychol Hum Percept Perform. 
2019;45(1):39–52. https://doi.org/10.1037/xhp0000583 PMID: 30489097

	46.	 Shekhar M, Rahnev D. Sources of Metacognitive Inefficiency. Trends Cogn Sci. 2021;25(1):12–23. https://doi.org/10.1016/j.tics.2020.10.007 PMID: 
33214066

	47.	 Guggenmos M. Reverse engineering of metacognition. Elife. 2022;11:e75420. https://doi.org/10.7554/eLife.75420 PMID: 36107147

	48.	 Mazancieux A, Pereira M, Faivre N, Mamassian P, Moulin CJA, Souchay C. Towards a common conceptual space for metacognition in perception 
and memory. Nat Rev Psychol. 2023;2(12):751–66. https://doi.org/10.1038/s44159-023-00245-1

	49.	 Caziot B, Mamassian P. Perceptual confidence judgments reflect self-consistency. J Vis. 2021;21(12):8. https://doi.org/10.1167/jov.21.12.8 PMID: 
34792536

	50.	 Mamassian P. CNCB toolbox (Version 0.1). Zenodo; 2024. https://doi.org/10.5281/zenodo.13348146

	51.	 Mamassian P. Simulations of the CNCB model for the analysis of confidence ratings data. Zenodo; 2025. https://doi.org/10.5281/zenodo.14632514

https://doi.org/10.3758/s13423-021-01967-0
http://www.ncbi.nlm.nih.gov/pubmed/34173189
https://doi.org/10.1037/a0036882
http://www.ncbi.nlm.nih.gov/pubmed/24820248
https://doi.org/10.3758/s13414-023-02823-0
http://www.ncbi.nlm.nih.gov/pubmed/38135781
https://doi.org/10.1037//0096-1523.24.3.929
http://www.ncbi.nlm.nih.gov/pubmed/9627426
https://doi.org/10.1016/j.cogpsych.2015.01.002
http://www.ncbi.nlm.nih.gov/pubmed/25868113
https://doi.org/10.1037/xge0000062
https://doi.org/10.1037/xge0000062
http://www.ncbi.nlm.nih.gov/pubmed/25844627
https://doi.org/10.1037/xhp0000583
http://www.ncbi.nlm.nih.gov/pubmed/30489097
https://doi.org/10.1016/j.tics.2020.10.007
http://www.ncbi.nlm.nih.gov/pubmed/33214066
https://doi.org/10.7554/eLife.75420
http://www.ncbi.nlm.nih.gov/pubmed/36107147
https://doi.org/10.1038/s44159-023-00245-1
https://doi.org/10.1167/jov.21.12.8
http://www.ncbi.nlm.nih.gov/pubmed/34792536
https://doi.org/10.5281/zenodo.13348146
https://doi.org/10.5281/zenodo.14632514
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

