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Abstract

The mechanisms that enable humans to evaluate their confidence across a range of differ-
ent decisions remain poorly understood. To bridge this gap in understanding, we used
computational modelling to investigate the processes that underlie confidence judgements
for perceptual decisions and the extent to which these computations are the same in the
visual and auditory modalities. Participants completed two versions of a categorisation task
with visual or auditory stimuli and made confidence judgements about their category deci-
sions. In each modality, we varied both evidence strength, (i.e., the strength of the evidence
for a particular category) and sensory uncertainty (i.e., the intensity of the sensory signal).
We evaluated several classes of computational models which formalise the mapping of evi-
dence strength and sensory uncertainty to confidence in different ways: 1) unscaled evi-
dence strength models, 2) scaled evidence strength models, and 3) Bayesian models. Our
model comparison results showed that across tasks and modalities, participants take evi-
dence strength and sensory uncertainty into account in a way that is consistent with the
scaled evidence strength class. Notably, the Bayesian class provided a relatively poor
account of the data across modalities, particularly in the more complex categorisation task.
Our findings suggest that a common process is used for evaluating confidence in perceptual
decisions across domains, but that the parameter settings governing the process are tuned
differently in each modality. Overall, our results highlight the impact of sensory uncertainty
on confidence and the unity of metacognitive processing across sensory modalities.

Author summary

In this study, we investigated the computational processes that describe how people derive
a sense of confidence in their decisions. In particular, we used computational models to
describe how decision confidence is generated from different stimulus features, specifi-
cally evidence strength and sensory uncertainty, and determined whether the same compu-
tations generalise to both visual and auditory decisions. We tested a range of different
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computational models from three distinct theoretical classes, where each class of models
instantiated different algorithmic hypotheses about the computations that are used to gen-
erate confidence. We found that a single class of models, in which confidence is derived
from a subjective assessment of the strength of the evidence for a particular choice scaled
by an estimate of sensory uncertainty, provided the best account of confidence for both
visual and auditory decisions. Our findings suggest that the same type of algorithm is used
for evaluating confidence across sensory modalities but that the ‘settings’ (or parameters)
of this process are fine-tuned within each modality.

Introduction

Humans possess a remarkable ability to flexibly and reliably evaluate their uncertainty in a
range of decisions. Whether reflecting on knowledge (e.g., How sure am I that the capital of
Australia is Canberra?), perception (e.g., Is that a cyclist on the road ahead?), or value judge-
ments (e.g., Do I want to buy the latest smart phone?), people have an awareness of the quality
of their decisions, even in the absence of explicit feedback [1, 2]. This awareness arises from a
self-monitoring reflective process, termed metacognition, which allows people to assess the
quality of their internal cognitive operations [3].

Metacognition has been quantified experimentally using retrospective confidence judge-
ments of performance. In a typical paradigm, an observer makes a task response, typically
referred to as the Type I or first-order decision, and then reports their level of confidence in
that response, referred to as the Type 2 or second-order decision [4]. Using confidence judge-
ments, several studies have reported a high degree of association between observers’ task accu-
racy and their confidence. These accurate metacognitive evaluations have been reported in a
range of visual, auditory, tactile, memory, arithmetic, reading, spelling and general-knowledge
tasks [5-16]. In many of these contexts, observers evaluate their uncertainty in tasks which
contain just a single stream of information. In the natural environment, however, we typically
evaluate information from several different sensory and cognitive domains at any one time.
For example, when deciding whether to buy a particular pineapple at the grocery store, one
might evaluate their confidence that the pineapple’s colour, smell, and texture indicate that it
is ripe.

Currently, little is known about the computations that support the diversity and flexibility
with which people monitor their confidence. In particular, it is unclear whether the computa-
tions used to evaluate confidence are functionally and algorithmically related across different
sensory and cognitive domains. To address this question, we compared metacognitive judge-
ments across two sensory modalities, vision and audition. We chose to compare confidence
across modalities as it allowed us to keep the decision context the same but vary the domain of
information presentation. Thus, we could isolate any similarities (modality-independent pro-
cesses) or differences (modality-specific processes) in the computations used to generate
confidence.

Modality-independent or modality-specific metacognition?

There are theoretical justifications for expecting metacognitive processes to be either modal-
ity-specific or modality-independent. Sensory information in different modalities has different
features, and the different sensory systems respond selectively to those features. Modality-spe-
cific metacognitive processes can capitalise on this specialised encoding and maximise the
accuracy of uncertainty monitoring within a modality. In addition, we do not rely on all of our
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senses equally [17-20]. We may use optimal but computationally expensive processes for the
senses we use most often, such as vision [21-23], and have more heuristic, efficient metacogni-
tive processes for other modalities, for example audition.

Modality independent processes, on the other hand, may be equally advantageous. The sen-
sory environment is inherently multi-modal in nature. In the real world we consistently filter
out irrelevant information from certain modalities, make comparative judgements and inte-
grate information across modalities. Transforming modality-specific sensory input into a
modality-independent confidence variable would create a common currency for flexible com-
parison and integration of uncertainty across domains [24, 25].

To compare these competing accounts, we evaluated a number of existing models which
formalise the computations involved in generating choice and confidence judgements and
compared the ability of such models to account for human performance in visual and auditory
categorisation tasks. We consider three broad classes of existing confidence models: 1)
unscaled evidence strength models, 2) scaled evidence strength models, and 3) Bayesian mod-
els. We provide an overview of these confidence models below. To illustrate the similarities
and differences between models, in the following sections we focus on their implementation in
a two-alternative force choice task (2AFC) where an observer decides if a Gabor patch is
rotated clockwise or counter-clockwise relative to horizontal (a category decision; see two
example gratings in Fig 1A) and evaluates their confidence in that decision.
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Fig 1. Confidence Models Tested in the Current Study. Illustration of (A) evidence strength and (C) sensory uncertainty concepts for confidence models. In this
example, the probability distributions depict noisy representations of the orientation of a Gabor patch. Evidence strength varies with distance from the decision criterion
and sensory uncertainty with the contrast of the Gabor. (B) Unscaled evidence strength models only factor in evidence strength. (D) Scaled evidence and (E) Bayesian
models factor in both evidence strength and sensory uncertainty using different principles. Scaled evidence strength models assume a parametric relationship between
confidence and uncertainty. Linear and quadratic (inset in D) examples are shown here. Bayesian models describe confidence in terms of the posterior probability or the
log posterior probability ratio of competing outcomes.

https://doi.org/10.1371/journal.pcbi.1011245.g001
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As is common in the study of perception and cognition, the modelling approach we
explored in this study is based on signal detection theory. We assume that the observer receives
an incoming sensory signal, which is transformed into a decision variable. To make a binary
decision, the observer compares the decision variable to a decision criterion. The confidence
rating is then modelled as a secondary decision based on the same comparison process using
additional confidence criteria. Different model classes make different theoretical assumptions
about the computation of the decision variable.

Evidence strength models

In the evidence strength models, the decision variable represents a direct estimate of the sen-
sory signal, that is, a noisy representation of the stimulus feature of interest (see Fig 1B; where
the stimulus feature of interest is the orientation of the Gabor patch). Evidence strength mod-
els posit that an observer’s confidence depends on the strength of the evidence for a particular
decision outcome, such that confidence is assumed to reflect the distance between the signal
and the decision criterion. To illustrate this, see Fig 1A which shows two noisy measurements
of the orientations of two Gabor patches with different distances from the category decision
criterion. For numerical confidence ratings with N levels, N-1 criteria can be used to construct
confidence bins that delineate the mapping between distance and confidence ratings. Evidence
strength models can be further differentiated based on whether the positioning of confidence
criteria takes sensory uncertainty into account (i.e., the amount of noise in the signal, which
may vary, for example, with the contrast of the Gabor patch, see Fig 1C).

Unscaled Evidence Strength. According to unscaled evidence strength models, confidence
reports depend only on the unsigned distance between the decision variable and the decision cri-
terion [26-28]. In the case of the clockwise grating shown in Fig 1C, the evidence only weakly
supports a clockwise decision. That is, the decision variable is close to the decision criterion, so a
hypothetical observer may respond with low confidence. Unscaled evidence strength models do
not independently quantify sensory uncertainty, such that a given distance will always be associ-
ated with the same level of confidence, regardless of other properties of the stimulus. These are
perhaps the simplest models to reject because any empirical difference in observers’ confidence
judgments across levels of sensory uncertainty cannot be accounted for by the model.

Scaled Evidence Strength. According to scaled evidence strength models, confidence is
assumed to be influenced not only by evidence strength but also by sensory uncertainty, the
amount of noise in the signal. In scaled evidence strength models, an estimate of sensory
uncertainty is used to scale evidence strength, for example, sensory uncertainty can be used to
scale the confidence criteria used to delineate distance [29-32] or to normalise the distance
itself [33, 34]. In effect this means that under conditions of high sensory uncertainty (light
green line in Fig 1C and 1D), greater evidence strength is required to produce the same level
of confidence as under conditions of low sensory uncertainty (purple line in Fig 1C and 1D).
Several models fall into this class where different scaling rules can be applied. Adler and Ma
(2018), for example, tested models where category and confidence response criteria were esti-
mated as linear (depicted in main plot of Fig 1D) or quadratic (depicted in inset of Fig 1D)
functions of sensory uncertainty. Here we consider category and confidence criteria that are
linear and quadratic (and other) monotonic functions of sensory uncertainty, but we do not
draw any theoretical distinctions between the different scaling rules.

Bayesian models

Bayesian confidence models constitute a statistically optimal way of mapping both task and
sensory information to confidence. In Bayesian models, observers combine knowledge about
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the statistical structure of the task (the “prior”) with the present sensory input (the “likeli-
hood”) to compute a posterior probability distribution over possible states of the stimulus

[35- 41]. Bayesian models therefore differ from evidence strength models because the decision
variable is a posterior probability distribution representing all possible states of the stimulus
and their inferred probabilities. Confidence judgements are then derived from the probability
metric. For the clockwise vs. counter clockwise decision illustrated in Fig 1, where x is the
measurement of the orientation of the Gabor patch, a Bayesian observer would report clock-
wise whenever p(clockwise|x) is above 0.5. The more extreme the posterior probability, the
more confident the observer can be in their response. An alternative way of mapping posterior

probability to confidence is to use the log posterior probability ratio, log (M) ,

p(counter clockwise|x)
which is unbounded and allows for greater differences in confidence at different levels of sen-
sory uncertainty (see bottom panel of Fig 1E [29, 33]).

Model comparison

To date, formal comparisons of these different classes of confidence models have focused on
the visual domain and have yielded conflicting results with some studies finding that visual
confidence judgements are most consistent with Bayesian models [3, 15, 37, 42, 43] and others
finding evidence for non-Bayesian models [3, 29, 33, 44, 45]. Thus, not only are there demon-
strated inconsistencies in research findings within the visual domain, but it is also currently
unclear how well the existing set of confidence models can account for confidence judgements
across modalities. A formal investigation of the computations used to generate confidence
across modalities and tasks is needed.

The current study

The aim of the present study was to investigate the computations used to generate confidence
judgements across sensory modalities by comparing the fits of different confidence models to
data from different modalities and tasks (henceforth, all factorial combinations of modality
and task are collectively referred to as task-modality configurations). We had participants
undertake two versions of a categorisation task, one requiring decisions on visual stimuli and
the other, decisions on auditory stimuli (see Fig 2). We equated task demands across modali-
ties to allow us to distinguish differences in metacognitive processes from overall changes in
task performance. We varied both evidence strength (i.e., the strength of the evidence for a
particular category) and sensory uncertainty (i.e., the intensity of the sensory signal) in each
modality. To preview our results, we found that a single class of models, namely scaled evi-
dence strength models, provided the best account of confidence across all task-modality con-
figurations. However, while a single class of models provided the best account across
modalities and tasks, we found it is unlikely that the metacognitive process operates under the
same parameter settings across modalities. We tested several levels of flexibility in the parame-
ter settings of a model fit to data from both modalities and found that the best model was one
in which all the parameters were estimated separately in each modality. We propose that a
scaled evidence strength algorithm tuned to the specific information in each sensory modality
provides the best account of metacognition across domains.

Results
Participant exclusion

To ensure that participants understood the task and the underlying category distributions, we
excluded data from individuals whose categorisation accuracy was not significantly above
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Fig 2. Experimental Task. (A) Category distributions for all task-modality configurations. (B) Changes in evidence for category 2 as a function of stimulus value in the
different means task (top panel) and the different SDs task (bottom panel). (C) Trial sequence for test trials. (D) Levels of sensory uncertainty across modalities, where
Gabor contrast varied in the visual tasks and tone intensity varied in the auditory tasks.

https://doi.org/10.1371/journal.pcbi.1011245.9002

chance (50%) in the highest intensity condition, using a binomial test of significance. This test
was applied to each task and modality separately and included testing trials only (see
S1 Table). We considered a category response as correct if it was the most probable generating
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category, given the stimulus value and category distributions for that task. One of the 12 partic-
ipants was excluded using this criterion. A second participant was excluded for reported con-
fusion about the task instructions, a third was excluded for not completing all sessions (2/4
sessions) and a fourth was excluded for using the highest confidence rating on every trial in
one session. The target sample size (after exclusions; N = 8) was preregistered and was deter-
mined a priori (https://osf.io/d3y5n) because it allowed full counterbalancing of experimental
conditions.

Confirming the effect of the chosen stimulus manipulations: Model-free
GLMM

Although our primary theoretical interest was in the model-based analysis of the data, we first
checked that our chosen stimulus manipulations had the intended effect on category and con-
fidence responses across modalities. As described below, we fit generalised linear mixed mod-
els (GLMMs) to predict category and confidence responses from the relevant stimulus features
for each modality and task. In Fig 3A, we show the raw data (without GLMM predictions) for
each modality and task (columns). Stimulus values, orientation for the visual tasks and fre-
quency for the auditory tasks, are binned on the x axis so that each bin contains the same num-
ber of trials. Combined category and confidence responses, on the y axis, are coded such that
value indicates confidence (1, 2, 3, 4) and polarity indicates category, where category 1
responses are negative and category 2 responses are positive.

Because the expected and observed pattern of responses differed across the different means
and different SDs task (see Fig 2B), we had to transform the stimulus values to fit the GLMMs
and compare the results across the different versions of the task (as in Fig 3B and 3C).

Confirming that the stimulus manipulations affected category responses. To deter-
mine the effect of the stimulus manipulations on category responses, we transformed stimulus
values to ‘evidence for category 2’. For each task and modality, we computed the evidence for
category 2 by evaluating the probability density of the presented stimulus value for the category
2 distribution, normalised by the total probability density for both category distributions for
that stimulus value,

N(5§ﬂ2a0'2)
2
> e N(sifies o)

where s is the true value of the stimulus, C is the category, 4, and 0, are the mean and standard
deviation of the category 2 distribution and N denotes the normal density function.

Eq 1 computes evidence for category 2 for each stimulus value, which could range from 0
(stimulus could be from category 1 only) to 1 (stimulus could be from category 2 only). Note,
however, that for the different SDs task evidence for category 2 never reaches 0 because the cat-
egory 1 distribution falls entirely within the range of the category 2 distribution. The minimum
evidence value for this task is 0.2 (see Fig 2B).

We fit linear mixed models using a logistic link function to predict category response (1 or
2) from stimulus intensity and evidence for category 2, for each task and modality. The models
included an intercept term, intensity, evidence and the interaction term between intensity and
evidence as random effects. For each regression analysis, we report the odds ratio for the fixed
effect and 95% confidence intervals in Table 1. As this analysis was intended to provide a
descriptive summary of the effect of the stimulus manipulations on responses across modali-
ties, we report other statistical metrics and follow-ups in S2 Table.

As expected, stimulus values that indicated increasing evidence for category 2 were posi-
tively predictive of category 2 responses in all tasks and modalities (see ‘Evidence for Category

E(C=2) = (1)
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https://doi.org/10.1371/journal.pcbi.1011245.9003

2’ in top panel of Table 1 for odds ratios). Increasing stimulus intensity was also positively pre-
dictive of category 2 responses for all tasks except the auditory different SDs task (see ‘Stimulus
Intensity” in top panel of Table 1 for odds ratios). These main effects were qualified by signifi-
cant two-way interactions between category 2 evidence and intensity, for all tasks and modali-
ties (see ‘Evidence x Intensity Interaction’ in top panel of Table 1 for odds ratios). As
illustrated in Fig 3B, the effect of increasing category 2 evidence on category 2 responses was
strongest for the highest intensity stimuli and decreased with stimulus intensity (see S2 Table
for follow up tests). Of note, in the auditory modality the empirical data cluster across intensity
levels, suggesting that participants did not appear to be able to distinguish between the two
lowest intensity levels and the two highest intensity levels in the auditory modality in the same
way as they did in the visual modality. The model predictions, however, do not capture this
effect directly. We provide additional discussion of this feature of the data in S1 Text (see Figs
A and B and Tables A and B).

These findings demonstrate that participants understood the category distributions across
tasks and modalities. Specifically, when there was an increase in the relative probability that a
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Table 1. GLMM with Stimulus Manipulations as Predictors.

GLMM Predictor Task-modality configurations
Visual Different Means | Auditory Different Means | Visual Different SDs | Auditory Different SDs
Category
(Intercept) 0.73 0.97 0.76* 0.74
Intercept Cliower 0.48 0.65 0.61 0.50
Clypper 112 143 0.95 1.10
Evidence for Category 2 Odds Ratio | 6.37*** 4.13%%* 3.8 238
Cliower 4.22 3.06 3.01 1.71
Clupper 9.61 5.58 481 3.32
Stimulus Intensity Odds Ratio | 1.42*** 1.85* 1.99%** 1.24
Cliower 1.16 1.08 1.49 0.73
Clupper 1.75 3.17 2.66 2.10
Evidence x Intensity Interaction Odds Ratio | 4.27"** 4.42%%* 3.10%** 2297
Cligwer 2.78 3.03 2.60 1.66
Clupper 6.56 6.44 3.70 3.16
Confidence
Intercept (Intercept) | 1.82%** 1.98*%* 1.88*%* 1.827%%*
Cliower 1.45 1.82 1.46 1.66
Clypper 2.18 2.14 2.30 1.99
Category Diagnosticity Estimate 0.19™** 0.13%** 0.15** 0.13%**
Cliower 0.13 0.08 0.11 0.07
Clupper 0.25 0.18 0.18 0.19
Stimulus Intensity Estimate 0.40™** 0.72%** 0.38™** 0.62***
Cligwer 0.26 0.54 0.26 0.45
Clupper 0.55 0.91 0.51 0.80
Diagnosticity x Intensity Interaction | Estimate 0.15™** 0.11%** 0.10%** 0.10***
Cligwer 0.10 0.06 0.07 0.05
CI 0.21 0.15 0.13 0.15

upper

Note. CI terms refer to 95% confidence intervals calculated using the profile likelihood method. Significance values were obtained using the Satterthwaite approximation

to calculate the degrees of freedom for the t-distribution based on the estimated variance-covariance matrix of the model parameters [47]. For category GLMMs (top

section), we report the odds ratio (exponentiated coefficient estimate) for ease of interpretation. The odds ratio represents the change in odds of the outcome for a one-

unit change in the predictor variable. For confidence GLMM:s (bottom section), we report standardised regression coefficients.

*p < 0.050
*p < 0.010
#%p < 0.001

https://doi.org/10.1371/journal.pcbi.1011245.t001

stimulus was sampled from category 2, participants were more likely to report that that stimu-
lus had been sampled from category 2. This was true regardless of the specific category struc-
ture (i.e., for both the different means and different SDs tasks) and stimulus modality. The
effect of category 2 evidence was modulated by stimulus intensity, contrast for the visual tasks
and loudness for the auditory tasks, such that as the intensity of the stimulus was reduced, cate-

gory responses were more random and less influenced by the category distributions. This

interaction between evidence and intensity was observed across modalities and confirmed that
the chosen stimulus manipulations had the intended effect on participants’ category responses
in both the visual and auditory domains. Because we were interested in quantifying the com-
putations underlying metacognitive judgements across modalities, this analysis also provided
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evidence for similarities in the perceptual task requirements, allowing us to isolate any differ-
ences in metacognition itself [46].

Confirming that the stimulus manipulations affected confidence. As above, the
expected pattern of confidence responses differed across tasks (see Fig 2B). To compare the
effect of the stimulus manipulations on confidence across the different versions of the tasks,
we transformed stimulus values to ‘category diagnosticity’ prior to fitting the GLMM:s. For
each task and modality, we computed category diagnosticity by evaluating the probability den-
sity of the presented stimulus value for the most probable category distribution, normalised by
the total probability density for both category distributions:

_ max (N(s; i;,0,), N(s; Ky, 62))

CD 5
Zczl N(s; He, Gc)

(2)

where s is the true value of the stimulus, C is the category, y; and o0y are the mean and standard
deviation of the category 1 distribution, y, and 0, are the mean and standard deviation of the
category 2 distribution and N denotes the normal density function.

Eq 2 computes category diagnosticity for each stimulus value, which could range from 0.5
(both categories are equally likely) to 1 (stimulus could be from the most probable category
only). We fit linear mixed models to predict confidence from stimulus intensity and category
diagnosticity, for each task and modality. The models included an intercept term, intensity,
diagnosticity and the interaction term between intensity and diagnosticity as random effects.
For each regression analysis, we report the fixed effect and 95% confidence intervals in
Table 1.

Increasing category diagnosticity (see ‘Category Diagnosticity’ in bottom panel of Table 1
for coefficients) and stimulus intensity (see ‘Stimulus Intensity’ in bottom panel of Table 1 for
coefficients) were predictive of increasing confidence in all tasks. These main effects were qual-
ified by significant two-way interactions between category diagnosticity and intensity for all
tasks (see ‘Diagnosticity x Intensity Interaction’ in bottom panel of Table 1 for coefficients).
Increasing category diagnosticity was associated with increasing confidence but the strength of
this effect was modulated by stimulus intensity. As illustrated in Fig 3C, the effect of increasing
category diagnosticity was strongest for the highest intensity stimuli and decreased with lower
stimulus intensities (see S2 Table for follow up tests). As observed in the category response
data, the empirical confidence data also cluster across intensity levels in the auditory modality.
See S1 Text for additional discussion.

Overall, these results indicate that as the relative evidence for a given category increased,
participants’ confidence in their chosen category increased. Taken with the results of the cate-
gory GLMMs, showing that participants’ category responses corresponded with the most
probable category given the value of the stimulus, these findings suggest that participants
understood the category distributions and used them to accurately guide their confidence
responses. The effect of the category distributions on confidence was modulated by stimulus
intensity, such that as the intensity of the stimulus decreased, confidence responses were uni-
formly low. This effect was observed across both modalities.

To further investigate similarities in the category and confidence response profiles across
modalities, we also fit GLMMs to the evidence and intensity data from all tasks and modalities
concurrently (see S2 Text). This allowed us to investigate if all the data could be described by
the same set of effects or alternatively, if there were interactions between the effect of certain
stimulus manipulations and the different task-modality configurations. These analyses (see
Table A and Fig A in S2 Text) provided converging evidence that participants’ category and

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011245  July 14, 2023 10/39


https://doi.org/10.1371/journal.pcbi.1011245

PLOS COMPUTATIONAL BIOLOGY Common computations underlie confidence judgements in visual and auditory decisions

confidence judgements were associated with the stimulus features of interest in a similar way
across modalities and tasks.

Computational modelling

The GLMMs showed that our chosen stimulus manipulations had the intended effects on cate-
gory and confidence responses across modalities. We next sought to characterise the processes
underlying the category and confidence judgements using computational modelling. We eval-
uated the performance of popular confidence models from three classes: 1) unscaled evidence
strength models, 2) scaled evidence strength models and 3) Bayesian models (see Fig 4). To
assess the similarity in the underlying computational processes, we sought to determine
whether a single class of models provided the best account of responses across modalities and
tasks (visual different means, auditory different means, visual different SDs, auditory different
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Fig 4. Computational Models. (A) Pictorial representation of the measurement distribution showing how measurement noise varies as a function of stimulus intensity.
Ilustration of boundary placement and response regions for (B) the different means task and (C) the different SDs task. The colours represent different category
responses and saturation represents associated confidence ratings. (D) The measurement distribution is compared to the boundaries. (E) Predicted response regions for
the different means (top panel) and different SDs (bottom panel) tasks across different levels of sensory uncertainty and standardised stimulus values for the different
models. These predictions were generated using parameter values similar to those found after fitting participant data.

https://doi.org/10.1371/journal.pcbi.1011245.9004
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SDs). An overview of the computational mechanisms in each class and the performance of
each model is provided in detail below (see S3 Text for alternative visualisations of model fits).

Unscaled evidence strength models: The distance model

According to unscaled evidence strength models, confidence reports depend on the distance
between the sensory measurement and the category decision criterion. These models do not
independently quantify sensory uncertainty. We tested a single variation of this class of mod-
els: the distance model. In the distance model, the observer compares their internal representa-
tion of a stimulus to a set of category/confidence boundaries that do not change with stimulus
intensity.

To visualise the fit of the distance model, in Fig 5 we show the model’s predicted responses
(solid lines) against the empirical data (square plotting symbols) as a function of standardised
stimulus values (see Fig A in S3 Text for alternative visualisations of model fits and Standardi-
sation of Stimulus Values for stimulus standardisation procedure). The empirical data
showed a clear effect of stimulus intensity (denoted by different colours) on category and con-
fidence responses. The distance model, however, had no mechanism to modulate responses by
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https://doi.org/10.1371/journal.pcbi.1011245.9005
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stimulus intensity. Unlike scaled evidence strength models, the boundary positions were not
dependent on the estimate of measurement noise for a given intensity, so the model was forced
to settle on a set of boundaries that best captured responses across all intensities. As a result,
the model overpredicted confidence for low intensities and underpredicted confidence for
high intensities. This pattern of over- and under-prediction was seen across modalities and
tasks. Overall, the distance model did not perform well, suggesting that a model in which con-
fidence depends entirely on the distance from the category decision criterion provides a poor
account of observed responses in both the visual and auditory tasks.

Scaled evidence strength models: Linear, quadratic & free-exponent models

According to scaled evidence strength models, confidence reports depend on the distance
between the observer’s internal representation of the stimulus and sensory uncertainty depen-
dent choice and confidence boundaries. We tested three variations of this class of models
which used different scaling rules: the linear model, the quadratic model and the free-exponent
model.

Each model allowed for a point estimate of measurement noise to expand/contract the cate-
gory/confidence boundaries and thereby account for the changes in responding across stimu-
lus intensities seen in the empirical data. We show the predictions for the free-exponent model
in Fig 5B. See Fig B in S3 Text for linear model predictions and Fig C in S3 Text for quadratic
model predictions. All members of this model class fit the data well and the differences in the
predictions across models are subtle.

The additional free parameter in the free-exponent model allowed for the changes in
boundary positions across intensities to occupy values between and beyond linearly- or
quadratically-spaced values. Thus, the free-exponent model could account for a wider range of
sensory uncertainty effects across participants. This additional flexibility was best able to cap-
ture the empirical data on average and thus, the model had the lowest summed AIC and BIC
scores across tasks and modalities (with the exception of summed BIC for the linear model in
the auditory different means task and quadratic model in the visual different SDs task; see
Table 2). See Table 3 for means and standard deviations for boundary and ¢ parameters.

As shown in Table 2, adding an orientation-dependent noise parameter for modelling per-
formance in the visual modality provided a marginal improvement in the performance of the
free-exponent model in the different means task and the different SDs task. Including the ori-
entation-dependent noise parameter, however, did not qualitatively change the visualisation of
the model predictions (see Fig D in S3 Text) or the conclusions (that is, which class of model
was the best performing across modalities and tasks).

Opverall, the scaled evidence strength models were on average the best performing models
across tasks and modalities, see Fig 6. This finding suggests that a model in which participants
use sensory uncertainty dependent choice and confidence boundaries provides a good account
of observed responses in both the visual and auditory tasks.

Bayesian models

According to Bayesian models of confidence, observers optimally combine sensory informa-
tion with prior knowledge of the generative model to form a posterior belief about the nature
of the stimulus. We tested several variants of this class of models.

The Bayesian models had fewer parameters than the scaled evidence strength models
because the boundaries had the same positions in probability space across intensity levels. The
estimates of measurement noise at each intensity level allowed the boundaries to shift in per-
ceptual space. As shown in Fig 5C and 5D, this allowed the model to account for different
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Table 2. Model Fits.

Model Class

Unscaled ES
Scaled ES
Scaled ES
Scaled ES
Scaled ES
Bayesian
Bayesian
Bayesian

Bayesian

Unscaled ES
Scaled ES
Scaled ES
Scaled ES
Scaled ES
Bayesian
Bayesian
Bayesian

Bayesian

Model

Distance

Linear

Quadratic
Free-Exponent
Free-Exponent + ODN
LPPR

LPPR + ODN

LPPR + D noise

LPPR: Free Prior

Distance

Linear

Quadratic
Free-Exponent
Free-Exponent + ODN
LPPR

LPPR + ODN

LPPR + D noise

LPPR: Free Prior

Visual Auditory
AIC,,,, BIC,,,, Preferred Model® AIC,,,, BIC,,,, Preferred Model®
Different Means Task
16666.53 17092.68 0 18909.84 19336.00 0
14189.84 14829.07 0 13029.62 13668.85 5
14196.21 14835.44 2 13052.21 13691.44 2
14148.15 14840.65 0 13020.72 13713.22 1
13802.79 14744.56 6 - - -
14430.08 14856.24 0 14291.57 14717.73 0
14525.76 15005.18 0 - - -
14421.41 14900.83 0 14323.07 14802.49 0
14422.19 14954.88 0 14206.87 14739.56 0
Different SDs Task
17146.46 17732.42 0 18398.23 18984.19 0
14658.60 15617.45 2 13284.32 14243.17 3
14598.85 15557.71 4 13256.32 14215.17 0
14669.23 15681.35 0 13190.29 14202.42 5
14541.42 15886.81 2 - - -
16869.92 17455.89 0 18392.48 18978.44 0
18711.50 19350.74 0 - - -
16839.16 17478.39 0 17746.37 18385.61 0
16914.33 17606.84 0 18487.76 19180.26 0

Note. ES in model class labels refers to evidence strength. LPPR refers to the log posterior probability ratio models, ODN refers to models which included an orientation

dependent noise parameter and D noise refers to models with a decision noise parameter. “The number of participants for whom the model was the best fitting model.

Where there was inconsistency between AIC and BIC for the best fitting model, we chose the model with the lowest AIC, based on the results of the model recovery.

Bolded values indicate best performing model according to a given metric.

https://doi.org/10.1371/journal.pcbi.1011245.t1002

patterns of responding across intensities. This mechanism appeared sufficient for the different
means task where overall the Bayesian models fit the data well in both modalities—though not
as well as the scaled evidence strength models (see Fig 5). In the different SDs task, however,
the Bayesian models produced qualitative mispredictions of category and confidence data. We
discuss the performance of each model in the Bayesian class in turn below (with emphasis on
its performance in the different SDs task).

Log Posterior Probability Ratio. In the log posterior probability ratio model, we assumed
that the observer compared the log posterior probability ratio of the stimulus measurement to
a set of category and confidence boundaries in log posterior probability ratio space. In the dif-
ferent SDs task, the main failure of this model was that it overpredicted confidence at lower
intensity levels across modalities (see Fig E in S3 Text). Even though the boundary positions
were sensitive to the estimates of 2 and the model was able to generate different predictions at
each intensity level, the boundary parameters themselves were shared across all intensity levels
such that the fit to low-intensity trials was constrained by high-intensity trials. This constraint
did not appear to allow sufficient flexibility in the model to account for the distinct patterns of
responses across intensity levels. We tested several variations of the log posterior probability
ratio model which relaxed the assumptions of the Bayesian framework.

Log Posterior Probability Ratio with Orientation Dependent Noise. Adding an orienta-
tion-dependent noise parameter did not improve the fit of the log posterior probability ratio
model to visual modality data in either the different means task or the different SDs task. The
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Table 3. Means and SDs for Best Fitting Noise and Boundary Parameters for Free-Exponent Model.

Parameter Intensity 1 Intensity 2 Intensity 3 Intensity 4
M SD M SD M SD M SD
Visual Different Means
[ 5.36 2.33 1.72 0.44 1.04 0.33 0.66 0.23
b, 3.11 10.32 0.63 3.97 0.24 2.52 0.05 1.71
b, 9.10 8.84 2.25 3.62 1.09 2.12 0.54 1.15
bs 16.76 5.20 4.38 2.08 2.25 1.28 1.23 0.72
b, 23.31 4.14 6.39 0.90 3.60 0.40 2.35 0.12
Auditory Different Means
o 7.70 2.72 5.47 2.52 0.89 0.38 0.77 0.30
b, 1.92 2.76 1.09 1.64 0.01 0.03 -0.02 0.07
b, 14.31 4.63 8.64 5.15 0.19 0.24 0.08 0.14
b 19.99 6.48 12.12 5.25 0.92 0.62 0.72 0.46
by 26.76 6.53 16.93 6.79 2.02 1.33 1.71 0.99
Visual Different SDs
[ 2.32 1.17 1.20 0.29 0.82 0.26 0.57 0.25
b, 0.04 0.09 0.08 0.13 0.08 0.13 0.09 0.13
b, 0.11 0.18 0.17 0.17 0.18 0.16 0.20 0.16
bs 0.55 0.63 0.43 0.26 0.48 0.19 0.51 0.16
b, 2.90 1.99 1.34 0.47 0.94 0.34 0.79 0.24
bs 4.93 1.70 2.53 1.45 1.54 1.09 1.09 0.70
bs 7.18 1.90 3.78 2.56 2.30 1.95 1.64 1.34
b, 11.87 6.91 7.61 7.69 4.73 4.80 4.20 4.66
Auditory Different SDs

[ 2.26 0.66 2.20 0.64 0.85 0.45 0.70 0.30
b; 0.003 0.01 0.01 0.01 0.07 0.09 0.07 0.09
b, 0.02 0.02 0.03 0.03 0.23 0.22 0.25 0.23
b 0.24 0.34 0.28 0.34 0.79 0.14 0.81 0.16
b, 2.43 1.91 2.38 1.93 0.93 0.22 0.88 0.18
bs 5.88 2.87 5.57 2.68 1.15 0.46 0.97 0.23
bs 8.08 3.43 7.72 3.39 1.72 0.90 1.45 0.55
b, 13.16 8.05 12.78 8.25 3.11 2.46 2.25 0.98

Note. Means and standard deviations were calculated using best fitting parameters for individual participants. b;-b, were the boundary parameters for the different

means tasks and b,-b; were the boundary parameters for the different SDs tasks. Boundary parameters were calculated using k+mo® for each participant (see Free-

Exponent model for further description and Best Fitting Model Parameters for details of all model parameters).

https://doi.org/10.1371/journal.pchi.1011245.t003

predictions of this model still showed the same systematic deviations from the data as the log
posterior probability ratio model. Specifically, both models overpredicted confidence at lower
intensity levels across tasks (see Fig F in S3 Text).
Log Posterior Probability Ratio with Decision Noise. Adding a Gaussian noise term on
the calculation of the log posterior probability ratio improved the fit of the log posterior proba-
bility ratio model in all tasks and modalities, except the auditory different means configura-
tion. Including the decision noise parameter shifted the best-fitting boundary parameters away
from the means of the category distributions. As a result, the model predicted more low confi-
dence, category 1 responses at the lower intensity levels for all stimulus values (see Fig G in
S3 Text). This aligned with the data better in terms of confidence but overpredicted category 1

responses as the experimental data showed roughly equal proportions of category 1 and
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Fig 6. Model Comparison. Difference in summed AIC (black) and BIC (brown) between the free-exponent model and other models from 3 classes: unscaled evidence
strength model (pink; the distance model), scaled evidence strength models (orange; free-exponent, linear and quadratic models) and Bayesian models (blue; the log
posterior probability ratio model labelled as ‘Bayes.’; the log posterior probability ratio model with decision noise labelled as ‘Bayes.+Dnoise’; and the log posterior
probability ratio model with free category distribution parameters labelled as ‘Bayes. Prior’). (A) Different means visual task, (B) different means auditory task, (C)
different SDs visual task and (D) different SDs auditory task.

https://doi.org/10.1371/journal.pcbi.1011245.9006

category 2 responses for a wide range of stimulus values at low intensities (i.e., participants are
likely guessing a category more often). As a result of the shift in boundary positions away from
the centre of the category distributions across all intensity levels, the model underpredicted
confidence for stimulus values close to the mean of the category distributions and also under-
predicted category 2 responses for extreme stimulus values at the higher intensity levels. In the
different SDs task, the log posterior probability ratio model with decision noise was the best
performing of the Bayesian models in both modalities. In the different means task, it was also
the best performing Bayesian model in the visual modality. In the auditory modality, the log
posterior probability ratio model with decision noise was outperformed by the log posterior
probability ratio model with free category distribution parameters see Table 2.
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Log Posterior Probability Ratio with Free Category Distribution Parameters. The log
posterior probability ratio model assumed that the observer knew the true values of the means
and standard deviations of the category distributions. We tested a model in which the observer
had imperfect knowledge of the parameters of the generative model, and we estimated these
values as free parameters instead. Like the standard log posterior probability ratio model, this
model overpredicted confidence at lower intensities and underpredicted confidence for stimu-
lus values at the centre of the distributions at the highest intensity (see Fig H in S3 Text). This
misprediction was seen across modalities. The model did, however, do a better job of matching
confidence and proportion of category 2 responses at the more extreme values at higher inten-
sities (relative to the log posterior probability ratio model with and without decision noise).

In the different means task, the best-fitting category distribution parameters were similar to
the true category distribution parameters (see Best Fitting Model Parameters). In the differ-
ent SDs task, the best-fitting category distribution parameters had a smaller standard deviation
for the category 1 distribution and a larger standard deviation for the category 2 distribution
in both modalities (see Best Fitting Model Parameters). The performance of this model dem-
onstrated that even with a data-informed subjective prior, the Bayesian model class still pro-
duced qualitative mispredictions of category and confidence data in both the visual and
auditory tasks. Overall, it appeared that regardless of the flexibility of the model, observed
responses in the visual and auditory tasks were not fully consistent with a Bayesian framework
in either modality.

Consistency across participants

Consistency in Best Performing Model Class. The analyses described so far character-
ised how well each model captured the general patterns of responding across participants. As
models were fit to data from each individual, however, we were also able to examine the best-
fitting model for each participant. If a single class of models reliably characterised the compu-
tational processes underlying participants’ category and confidence decisions collectively, we
would expect that data from individual participants should also be best characterised by the
same class of models across modalities and tasks. If, however, a single class of models did not
reliably characterise the underlying computational processes, we would see variation in the
performance of the model classes across individuals. Our goal was not to investigate individual
differences per se, which would require a larger sample size, but to examine the consistency in
model fits across participants.

As shown in Table 2, in both the visual and auditory modality the scaled evidence strength
models performed best for all participants. This analysis revealed that even at the individual
level, there was a preference for the scaled evidence strength class across modalities and tasks,
consistent with the summed AIC and BIC scores which were the lowest for the scaled evidence
strength models, as described above.

Consistency in Best Performing Model. While the main motivation of the model-based
comparison was to focus the analysis at the level of model classes, to further understand the
specific implementation of the scaled evidence strength models, we also examined differences
at the individual model level. We compared the best performing model for each participant
and found that within the scaled evidence strength class, there were notable differences in
model performance.

In the auditory different means task, either the linear model (62.5% of participants), qua-
dratic model (25% of participants) or free-exponent model (12.5%) performed best for individ-
uals, while the free-exponent model was the best performing model on average. For the visual
different means task, by contrast, either the free-exponent model (with orientation dependent
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noise; 75% of participants) or the quadratic model (25% of participants) was the best perform-
ing model for participants best characterised by a scaled evidence strength class model. In the
different SDs task in the visual modality, either the linear (25%), quadratic (50%) or free-expo-
nent (25%) performed best and in the auditory modality, the free-exponent model was pre-
ferred (62.5%; remaining 37.5% for linear). Therefore, although the scaled evidence strength
class consistently outperformed the other model classes, a specific scaling rule within that class
(linear, quadratic or other exponent) did not seem to apply consistently across different ver-
sions of the task, across modalities or across participants.

Parameter settings across modalities

In the analyses described thus far we sought to determine whether a single class of metacogni-
tive models could account for choice and confidence judgements across the visual and audi-
tory modalities. Consistent with this, we found that the scaled evidence strength models were
the best performing across both the different means and different SDs task in both modalities.
We found consistent evidence for this class of models both at the group level, where the models
were best able to capture the main patterns of responding across participants, and at the indi-
vidual participant level, where data from most individual participants were best accounted for
by the same class of models across tasks and modalities. Given the consistency in evidence for
a single class of models, we next sought to determine the extent to which this scaled evidence
strength algorithm required different parameter settings to accommodate responding across
modalities.

If the scaled evidence strength algorithm operated in a “one size fits all” configuration and
did not require tuning/parameterisation specific to each modality, a single set of parameters
would be sufficient to account for category and confidence responses across modalities. Alter-
natively, if the algorithm was tuned/parameterised specifically in each modality, different sets
of parameters would be required to account for responding across modalities. To address this
question, rather than fit the model to each modality separately we fit the free-exponent model
to data from both modalities simultaneously and formulated several levels of flexibility in the
parameter settings of the free exponent model. To better visualise the fit of these models, in
Fig 7 we show model predictions (solid lines) and experimental data (square plotting symbols)
as a function of standardised stimulus value (x axes) and confidence (y axes) for the least and
most flexible models.

Fig 7B shows the common settings model, the least flexible of the models, in which a single
set of parameters was fit to data from both modalities (see Fig I and FigJ in S3 Text for alter-
native visualisations of model predictions). The model predictions captured both the category
and confidence data well. The common settings model, however, was outperformed by the
more flexible models (see Table 4). The different noise settings model, where sigma was a free
parameter for each intensity level in each modality, performed better than the common set-
tings models. As shown in Table 4, the flexible settings model, where all parameters in the
standard free-exponent model were freely estimated in each modality, was the best performing
model in both the different means (see Fig 7C) and the different SDs tasks (see Fig 7D). This
was true at the individual participant level and in terms of summed AIC and BIC for the
group. These results show that adding flexibility in the parameter settings across modalities
consistently improved the performance of the model (see Fig 7C and 7D). Overall, this finding
suggests that although the scaled evidence strength algorithm seemed to provide the best
account of confidence judgements across modalities, the process is tuned specifically in each
modality and does not operate in a “one size fits all” configuration.
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include results for intensity levels 2 and 4 only. Difference in summed AIC (black) and BIC (brown) between the flexible settings model and the
other models with different parameter settings in (C) the different means task and (D) different SDs task.

https://doi.org/10.1371/journal.pcbi.1011245.9007

Model recovery analysis

We also performed a model recovery analysis to test our ability to distinguish our core models
and confirm our model-comparison results. For each model, we generated 100 synthetic data-
sets by simulating responses to a set of randomly sampled stimulus values that was similar to
the empirical stimulus data. We simulated responses to these stimuli using randomly sampled
parameter values that were similar to those obtained through fitting participant data. Each
dataset contained 720 simulated ‘trials’, matching the size of the empirical dataset from each
participant in the main experiment. We then fit all models to every dataset and calculated the
probability that the model used to generate the data was the best fitting model, according to a
given model selection metric, across all datasets. In Fig 8A, we show the model recovery results
for a representative model from each class. We show the full details of model recovery using
both AIC and BIC for model selection for all models in Fig A in $4 Text. As shown in Fig 8A,
we found that across model classes, the simulated data were almost always best fit by the
model that generated them. This result indicated that the model classes were distinguishable
from one another and confirmed our model comparison results.

We also performed a model recovery analysis for the models used to evaluate the parameter
settings across modalities. In Fig 8B, we show the results from these models, where we again
found that the simulated data were almost always best fit by the model that generated them.
See Fig B in S4 Text for full details of model recovery. This model recovery validated the
model comparison results that were used to compare the parameter settings of the free-expo-
nent model across the visual and auditory modalities (see Fig 7).

Opverall, our models appeared to recover well. Importantly, we found that AIC scores pro-
duced better model recovery results, suggesting that for our models, the penalty for model
complexity was too large in the calculation of BIC. We, therefore, used AIC scores for model
selection where there were any differences in the best-fitting model during model comparison.
We also report the parameter recovery properties of all models in S5 and S6 Texts, showing
that across different sample sizes the parameters recovered well for both the core models (see
Figs A—J and Tables A—D in S5 Text) and for the models used to evaluate parameter settings
across modalities (see Figs A—C and Table A in S6 Text).

Table 4. Comparing Parameter Settings Assumptions Across Modalities.

Model AIC,,,, BIC,,,, Preferred Model®
Different Means Task
Common Settings 30101.44 30866.03
Different Noise 27919.35 28919.20
Flexible Settings 27168.87 28698.05
Different SDs Task
Common Settings 31280.86 32398.34
Different Noise 29743.64 31096.38
Flexible Settings 27859.53 30094.49

Note. Bolded values indicate best performing model according to a given metric.
*The number of participants for whom the model was the best fitting model. Where there was inconsistency between
AIC and BIC for the best fitting model, we chose the model with the lowest AIC.

https://doi.org/10.1371/journal.pcbi.1011245.t1004
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Discussion

This study investigated whether the computations involved in metacognitive judgements gen-
eralise across sensory modalities. Participants completed auditory and visual versions of a cate-
gorisation task where evidence strength and sensory uncertainty were varied in each modality.
We used computational modelling to quantify the mapping of evidence strength and sensory
uncertainty to confidence, evaluating the performance of three distinct classes of confidence
models: unscaled evidence strength, scaled evidence strength and Bayesian. We found that a
single class of models, namely the scaled evidence strength models, provided the best account
of category and confidence judgements in both the visual and auditory domain but that the
parameters governing this process are tuned to different values across modalities. Here we dis-
cuss how our findings provide insight into the computations underlying metacognitive judge-
ments across modalities and the extent to which these computations operate in a modality-
independent or modality-specific manner.

The computations underlying metacognitive judgements across modalities

The importance of accounting for sensory uncertainty. Our model comparison results
indicated that observers modulate their confidence with sensory uncertainty, not just evidence
strength, in both the visual and auditory domain. Specifically, the unscaled evidence strength
models, in which confidence depends entirely on the strength of the signal, performed consis-
tently worse than the other model classes across all task-modality configurations. Unlike the
other model classes, the unscaled evidence strength class did not independently quantify sen-
sory uncertainty, such that a given distance between the decision variable and the decision cri-
terion was always associated with the same level of confidence [26-28]. This finding is
particularly relevant because the importance of sensory uncertainty for confidence has not yet
been demonstrated in the auditory modality. Thus, we were able to provide evidence that
observers take sensory uncertainty into account across modalities, contributing to our limited
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understanding of the computational basis of confidence across domains. Furthermore, our
study provides insight into the extent to which these sensory-uncertainty-dependent processes
are consistent with Bayesian or non-Bayesian accounts of confidence.

Implications for Bayesian models of confidence. Although we found consistent evidence
that observers take sensory uncertainty into account, we observed significant differences
between our empirical data and the predictions of the Bayesian models. In our tasks, the Bayes-
ian class of models assumed that observers use knowledge of the level of sensory uncertainty
associated with the measurement of the stimulus and (sometimes veridical) knowledge of the
generating category distributions to compute a log posterior probability ratio for category
membership. The log posterior probability ratio was then compared with a set of thresholds in
log posterior probability ratio space to determine confidence. We found that this class of mod-
els was outperformed by the scaled evidence strength class, both for the group as a whole and
for all individual participants. The relatively poor performance of the Bayesian models did not
seem to be due to lack of flexibility. The Bayesian models continued to perform poorly even
after allowing for a noise term in the calculation of the log posterior probability ratio or inac-
curate subjective beliefs about the generative model (i.e., freely estimated category distribution
parameters).

While the poor performance of the Bayesian models is in disagreement with some studies
[3, 15, 37, 40, 42, 43], it is consistent with others [3, 29, 33, 44, 45, 48]. Importantly, however,
our study extends existing research on Bayesian models of confidence in two ways. First, most
previous studies have focused exclusively on the visual domain. Here we compared Bayesian
and non-Bayesian accounts of confidence in both the visual and auditory domains, thus show-
ing converging evidence for non-Bayesian metacognitive computations in a broader range of
sensory contexts. Second, most previous studies have used more simple task structures. Here
we found that the Bayesian class did not perform as poorly when there was a single clearly
defined category boundary, as in the different means task. In the different SDs task, however,
where the categories overlapped to a greater extent and optimal categorisation required
observers to consider the variability of both categories, the Bayesian models performed much
worse. This suggests that the support for Bayesian computations in previous research may be
partly attributed to low task complexity. Because the computations involved in confidence
generation become increasingly complex as the task structure becomes more complex (i.e.,
tasks where there is a high overlap of exemplars from different categories), deviations between
human behaviour and predictions from Bayesian principles may become more pronounced.
Our findings suggest that future research evaluating Bayesian models should rely more on
complex category structures, that likely reflect the dynamic conditions encountered in the real
world, to assess human behaviour relative to Bayesian optimality.

Although our study used a highly representative set of Bayesian models from the broader
confidence literature, we could not feasibly test the full space of possible models that might be
considered “Bayesian”. We, therefore, cannot rule out the entire Bayesian class of confidence
models completely. In particular, our Bayesian models may have been limited by only incorpo-
rating a point estimate of sensory uncertainty, rather than a distribution over uncertainty [34].
Furthermore, we did not consider models with non-Gaussian noise, lapse rate parameters or
non-Gaussian priors. Our findings, nonetheless, strongly suggest confidence judgements in
the visual and auditory modalities are unlikely to derive from posterior probability computa-
tions as defined by the set of Bayesian models considered here. Thus, although Bayesian mod-
els are particularly powerful for their generalisability, that is they involve the computation of a
probability metric which can be compared directly across domains, their poor fit to empirical
data highlights the need to explore non-Bayesian frameworks that can better capture human
behaviour in different contexts. Our study, in particular, demonstrates that non-Bayesian
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algorithms such as the scaled evidence strength models can operate on standardised units and
provide a powerful account of human confidence judgements across modalities.

Non-Bayesian sensory uncertainty dependent computations. We found that the scaled
evidence strength class of models, in which positioning of the confidence and choice criteria
depended on a point estimate of sensory uncertainty but did not involve the computation of
posterior category probabilities, provided the best account of category and confidence
responses across modalities [29, 30, 33]. We found consistent evidence for this class of models
both at the group level, where the models were best able to capture the main patterns of behav-
iour across participants in both modalities and tasks, and at the individual participant level,
where the same class of models was preferred for all participants across modalities and tasks.
Using response criteria that depend on an estimate of sensory uncertainty allows observers to
avoid assigning high confidence to highly variable stimuli [33, 49], such that choice/confidence
boundaries can be compressed (or expanded, where appropriate) under conditions of high
sensory noise and vice versa under conditions of low sensory noise. This sort of algorithm pro-
duces behaviour that is similar to the optimal Bayesian observer but is less computationally
expensive, as it does not involve the computation of the posterior probability distribution [29].

A Scaling Factor for Sensory Uncertainty. Although we found that observers use sensory
uncertainty-dependent boundaries for category and confidence judgements, the specific way
sensory uncertainty scales the boundaries was not universal across modalities or tasks. Within
the scaled evidence strength class, we tested different assumptions about the scaling rule that
was used to adjust the confidence criteria. We compared models which used either a linear (k
+ mo), quadratic (k + mo”), or free-exponent (k + ma®) scaling rule. We estimated a value of k
and m for each boundary, which allowed for the strength of the effect of sensory uncertainty
on the positioning of the boundaries to differ across response options (i.e., in the different
means tasks, the confidence 4 boundary could shift more than the confidence 1 boundary). In
the case of the linear scaling rule, m, was a constant that was applied to the estimate of sensory
uncertainty which determined the magnitude of the sensory-uncertainty-based shift in choice/
confidence boundaries. In the cases of the non-linear scaling rules, an exponent was also used
on the estimate of sensory uncertainty assuming that the impact of sensory uncertainty on
confidence criteria was not proportional to the amount of sensory uncertainty. Rather, these
models assumed that the impact of sensory uncertainty became more pronounced at higher
levels. These different models allowed us to compare the relative importance of different scal-
ing rules which quantified different assumptions about the effect of sensory uncertainty on
choice/confidence criteria. We found, however, that both the linear and non-linear scaling
rules accounted for the empirical data well and we did not find consistent evidence in favour
of either alternative.

The lack of consistency within the scaled evidence strength class suggests that the scaling
of sensory uncertainty itself is important, but that the scaling factor depends on contextual
factors such as modalities, task structure and individuals. Thus, it is likely that the scaling
rule used to update confidence criteria reflects properties such as task difficulty or stimulus
familiarity, rather than reflecting qualitative differences in the computational processes
used by individuals within or across modalities. From a measurement perspective, this sup-
ports the case for freely estimating the scale factor, as it potentially provides a better assess-
ment of how people’s confidence judgments are affected by sensory uncertainty. Future
research might benefit from using this approach to investigate what contextual factors mod-
erate different strategies (and scale factors) for adjusting response criteria by an estimate of
sensory uncertainty.
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Future directions and next steps for computational models of confidence

Although our tasks were carefully designed to allow for comparison across modalities, we
believe that the scaled evidence strength class of models can generalise beyond the narrow con-
ditions investigated here. In our tasks, the decision variable for the scaled evidence strength
models was operationalised as a noisy measurement of the stimulus feature of interest (stan-
dardised orientation or frequency). For other tasks, however, the decision variable may repre-
sent a more complex, multi-dimensional signal. For example, the decision variable could
represent sensory information that has been integrated across domains (i.e., an audio-visual
signal), utility in a value-based decision-making task or any other normalised variable in a
range of decision-making tasks. Our results strongly suggest that this class of models provides
a promising direction for future research to investigate a generalisable algorithm for
confidence.

Of note, we did not consider models which jointly account for choice, confidence, and
response time. Given the established link between response time and confidence [32, 35, 40,
50-54], we see a formal investigation of the generalisability of response time-based models
across domains as an important field of investigation for future research. Our study serves an
important role in narrowing the scope of potential models and provides several important con-
siderations for future studies investigating response time. In particular, our results show that
in addition to the strength of the signal, the amount of sensory uncertainty in the signal plays
an important role in the formation of confidence, beyond just adding noise to the decision-
making process. This is true across different decisional domains, that is, different task struc-
tures and modalities.

Implications for modality-independent or modality-specific metacognition

Our results suggest that the general algorithm used for relating choice and confidence is the
same across modalities. We did not find, however, that this process was completely ‘modality-
independent’. We sought to determine the extent to which the scaled evidence strength algo-
rithm operated in a “one size fits all” configuration or whether it required different parameter
settings to accommodate responding across modalities. We fit the free-exponent model to data
from both modalities simultaneously and formulated several levels of flexibility in the parame-
ter settings of the model. The most flexible version of the model allowed the parameter values
to vary across modalities, and the less flexible versions constrained parameters to be the same
across modalities. We found that the most flexible model, in which all parameters were esti-
mated independently for each modality, was the best performing model both at the individual
level and the group level. Therefore, although the scaled evidence strength algorithm provided
the best account of category and confidence judgements across both tasks and modalities, it is
likely this process is tuned/parameterised specifically in each sensory domain. The existence of
a general confidence process which may be tuned specifically to task requirements is consistent
with studies finding both ‘domain general’ and ‘domain specific’ components of metacogni-
tion [7, 46, 55-58]. These studies suggest that generic confidence signals are combined with
domain-specific information to fine-tune decision making [57, 59].

The existence of a general set of computations for confidence which are fine-tuned within a
domain may be particularly relevant when making comparative judgements across modalities
or making decisions about multidimensional stimuli. For example, where an observer has to
compare their confidence in a visual decision to an auditory decision or an observer has to
integrate uncertainty from both the visual and auditory dimensions of a stimulus to assess
their confidence. Having a common currency for confidence facilitates the integration and
comparison of information across dimensions, which might maximise processing efficiency
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[24, 25]. Importantly, however, we did not require participants to combine sensory informa-
tion across modalities in our tasks. Future research should investigate the underlying metacog-
nitive computations when participants are required to do so to validate the generalisability of
the findings presented here.

Conclusions

In conclusion, our study provides strong evidence that of the existing set of popular confidence
models, the scaled evidence strength class provides the best account of confidence in both our
visual and auditory categorisation tasks. Our model comparison results provide insight into
the metacognitive computations used across modalities and the extent to which these processes
operate in a modality-independent configuration. Our study paves the way for future research
investigating how these computations generalise to other decisional domains (e.g., multi-
dimensional sensory signals or value-based decision-making), vary with contextual factors,
and how these algorithms may be adapted to account for response time.

Methods
Ethics statement

This study was approved by the University of Queensland Health and Behavioural Sciences,
Low & Negligible Risk Ethics Sub-Committee (#2020001811). All participants provided writ-
ten consent prior to participation.

Participants

12 participants (Mg, = 24.83, SD,,. = 4.35) were recruited through The University of Queens-
land’s research participation scheme and by word-of-mouth. Participants were reimbursed for
their time ($20 per hour in cash or gift cards). Inclusion criteria included normal (or cor-
rected-to-normal) vision and normal hearing, both assessed by self-report.

Overview

Participants completed two categorisation tasks in each of two sensory modalities, vision and
audition (all factorial combinations are collectively referred to as task-modality configurations).
On each trial, participants made a two-alternative forced choice category decision, followed by
a 4-point confidence rating, ranging from low confidence (1) to high confidence (4). The cate-
gorisation tasks were based on those used by Adler and Ma (2018). Category membership was
determined by a single stimulus attribute: orientation for visual stimuli (drifting Gabor
patches) and pitch (frequency) for auditory stimuli (pure tones). A normal distribution of the
relevant stimulus attribute defined each category and the parameters of these category distri-
butions differed across two versions of the task: a different means task and a different standard
deviations (SDs) task. In the different means task, category distributions had different means
and the same standard deviation. In the different SDs task, category distributions had the same
mean and different standard deviations. The category distributions are described in detail
below. In both tasks, sensory uncertainty was also varied for each modality, with stimuli pre-
sented at 4 different intensities. In the visual tasks, intensity depended on the contrast of the
Gabor patch (3.3%, 5%, 6.7%, 13.5%). In the auditory tasks, intensity depended on the loud-
ness of the tone (4, 9, 26, 55 phon; phons are the sound pressure level in decibels of a 1000 Hz
pure tone that has been subjectively matched in loudness to a target tone).
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Categorisation tasks

Different means task. Asshown in Fig 2, category distributions in the different means
task had different means and the same standard deviation. In the visual modality, where 0
degrees represented a horizontal Gabor patch, orientations that were rotated counter clockwise
relative to horizontal (i.e., negative orientations) were more likely to be sampled from category
1 (Yeann = —4°, 0.0n = 5°). Orientations that were rotated clockwise relative to horizontal (i.e.,
positive orientations) were more likely to be sampled from category 2 (4eam =4°, Ocarz = 5°). In
the auditory modality, the category distributions had the same properties, but parameter val-
ues were shifted into the frequency domain. Lower frequency tones were more likely to be
sampled from category 1 (¢.qnn = 2300 Hz, 0,,s1 = 475 Hz) and higher frequency tones were
more likely to be sampled from category 2 (y.ar, = 3100 Hz, 0.4, = 475 Hz).

Stimuli with orientation/frequency values equal to where the two category distributions
intersected, at 0 degrees for orientations and 2700 Hz for frequencies, were equally likely to be
sampled from either category 1 or category 2. Because the relative likelihood of category mem-
bership changed monotonically around this point, to maximise correct responses, an ideal
observer would report that any stimulus value below this point was sampled from category 1
and any stimulus value above this point was sampled from category 2.

Different SDs task. In the different SDs task, category distributions had the same mean
and different standard deviations. In the visual modality, larger rotations clockwise or counter
clockwise relative to horizontal were more likely to be sampled from category 2 (pz, = 0°,
Ocary = 12°) whereas smaller rotations relative to horizontal were more likely to be sampled
from category 1 (eg = 0°, 0ugn = 3°). In the auditory modality, lower and higher frequency
tones were more likely to be sampled from category 2 (4.ar, = 2700 Hz, 041> = 500 Hz), whereas
intermediate frequency tones were more likely to be sampled from category 1 (yq;1 = 2700 Hz,
0.1 = 125 Hz).

To maximise correct responses, an ideal observer would use the two points where the cate-
gory distributions intersect, at -5 and 5 degrees for orientations and 2485 Hz and 2915 Hz for
frequencies, reporting that stimulus values contained within these intervals were sampled
from category 1 and stimulus values outside these intervals were sampled from category 2.

Stimuli

Visual stimuli. The visual stimuli were drifting Gabors which had a spatial frequency of
0.5 cycles per degrees of visual angle (dva), a speed of 6 cycles per second, a Gaussian envelope
with a standard deviation of 1.2 dva, and a randomized starting phase. Visual stimuli appeared
at fixation for 50 ms.

Auditory stimuli. The auditory stimuli were tones of varying frequency (including 5 ms
linear onset and offset amplitude ramps to eliminate onset and offset clicks). Stimuli were syn-
thesized with an ASIO4ALL sound driver with a sampling rate of 28 kHz. Tones were matched
for loudness according to the International Standard ISO 226:2003: Acoustics- Normal Equal-
Loudness-Level-Contours (International Standardization Organisation, 2003) and extensive
piloting was undertaken to select intensity levels. Auditory stimuli were presented in stereo via
headphones (Sennheiser HD 202, see S7 Text for calibration details) for 50 ms.

Procedure

All participants completed all combinations of tasks in four separate testing sessions (i.e.,
visual different means task, visual different SDs task, auditory different means task, auditory
different SDs task). Participants completed the different means and the different SDs task of the
same modality on the same day (with at least one hour between sessions) and completed the
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visual and auditory tasks on separate days. The order of task modality was counterbalanced
across participants and task type (different means vs. different SDs) was counterbalanced
within modalities and across participants.

Participants were seated in a dark room, at a viewing distance of 57 cm from the screen,
and their head was stabilised with a chinrest. Stimuli were presented on a gamma-corrected 60
Hz 1920-by-1080 display. The computer display (ASUS VG248QE Monitor) was connected to
a Dell Precision T1700, calibrated with a ColorCal MKII (Cambridge Research Systems). Sti-
muli were generated and presented using custom code and the Psychophysics
Toolbox extensions [60, 61] for MATLAB.

In each session, participants received instructions for that session’s task, which included an
explanation about how the stimuli were generated from the relevant category distributions. To
further illustrate these distributions, participants were then shown 36 stimuli randomly sam-
pled from each category. They then completed the category training and testing (detailed
below). Each session took approximately 1 hour. Combining all sessions and tasks, participants
completed 1440 training trials and 2880 testing trials. Data from training trials were not
included in any analyses.

Category training. At the start of each training trial, participants fixated on a central
cross for 1 s. The fixation cross was then extinguished, and a stimulus was presented. A stimu-
lus value (i.e., orientation for visual stimuli and frequency for auditory stimuli) was sampled
randomly from the relevant category distribution and the stimulus was presented (50 ms dura-
tion for auditory stimuli and 300 ms duration for visual stimuli). Immediately after the offset
of the stimulus, participants were able to respond category 1 or category 2 by pressing the F or
] key on a standard keyboard with their left or right index finger, respectively. No confidence
ratings were collected during training. After participants made their response, corrective feed-
back (i.e., the word “correct” in green or “incorrect” in red) was displayed for 1.1 s. The inter-
trial interval was 1 s, after which the fixation cross reappeared. Within a training block, stimuli
were sampled equally from each category and the order of categories was randomised across
trials.

Participants completed 3 training blocks (120 trials per block, in total 360 trials) per session.
During training, only the highest intensity level was used for stimulus presentation.

Test. The trial procedure in testing blocks was the same as in training blocks, except that
trial-to-trial feedback was withheld, stimuli were presented at four different intensity levels
(different contrast values for the visual stimuli and different loudness values for the auditory
stimuli) and stimuli were presented for 50 ms, regardless of modality. Participants then made
a category response, followed by a confidence report, using the 1-4 number keys to indicate
their confidence. We chose to use a 4-point confidence rating scale as it is common in the
study of confidence and allowed for meaningful comparison of models to previous research
[29, 48] (see [62] for investigation of alternative methods for collecting confidence ratings).

At the end of each block, participants were required to take at least a 30 s break. During the
break, they were shown the percentage of trials they had correctly categorized in the most
recent block. Participants were also shown a list of the top 10 block scores (across all partici-
pants, indicated by initials) for the task they had just completed. This was intended to motivate
participants to maintain a high level of performance. Participants completed 6 testing blocks
per session (120 trials per block, a total of 720 trials per session). Within a testing block, an
equal number of test stimuli were sampled from each category and each intensity level (i.e., 15
trials per cell of the design). This meant that within a testing block, participants saw stimuli
from both categories presented at every intensity level. The order of both category and inten-
sity level were randomised.
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Model specification

To model responses, we assumed that on each trial, 7, the observer receives a sensory signal, x.
The observer transforms that sensory signal into a continuous decision variable and then com-
pares this variable to a set of boundaries to make a discrete category-confidence response. In
the following sections, we describe our stimulus standardisation procedure, our assumptions
about the sensory signals, decision variable, decision boundaries and then describe the model
fitting procedure.

Standardisation of stimulus values

To directly compare stimulus values and estimated model parameters across modalities, we
standardised stimulus values before model fitting. For each stimulus value in each task-modal-
ity configuration, we subtracted the mean and divided by the standard deviation of all stimulus
values such that:

S = U

Z =
sd[MﬁT]

(3)

where M represents a given modality (visual or auditory); T represents a given task (different
means or different SDs); Z is the standardised stimulus value; s is the true stimulus value in
perceptual units (degrees or hertz); y is the mean of all presented stimulus values for that task
and modality; and sd is the standard deviation of the same set of stimulus values. The standar-
disation of sensory units is consistent with the idea that participants built up a reliable internal
representation of the categories during training such that they understood the relative frequen-
cies of different stimulus values within each category distribution. See Fig 9 for visualisation of
standardised stimulus values.

Sensory signals

Measurement Noise. In all models, we assume that the observer’s internal representation
of the stimulus, x, is a noisy measurement. We approximate this measurement noise using a
Gaussian distribution (referred to as the ‘measurement distribution’) in both modalities.
Although orientation is circular and traditionally modelled using a von Mises distribution, we
used a Gaussian distribution because we only used a small range of orientations in both the
visual tasks [29]. The Gaussian distribution was centred on the true stimulus value presented
on trial 4, s;, with standard deviation, 0. We assume that o depended on stimulus intensity,
where greater stimulus intensity was associated with less measurement noise. In contrast to
Adler and Ma (2018), we did not enforce a power law relationship between intensity and mea-
surement noise because we were agnostic about the functional form of this relationship. There-
fore, the standard deviation of the measurement distribution was estimated separately at each
intensity level with a monotonicity constraint,

x ~ N(s;,07) (4)

where N denotes the normal density function. The standard deviation of the measurement dis-
tribution, therefore, approximated the level of sensory uncertainty in the observer’s perception
of the stimulus.

Orientation Dependent Noise. Following Adler and Ma (2018), for modelling perfor-
mance in the visual modality, we also tested a variation of some models which assume additive
orientation-dependent noise in the form of a rectified 2-cycle sinusoid [63]. In these models,
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I Category 1 Category 2

Unstandardised Stimulus Values

20 -10 0 10 20 10 20 30 40 -50 -25
Stimulus Orientation (°) Stimulus Frequency (kHz)  Stimulus Orlentatlon ©) Stlmulus Frequency (kHz)

B Standardised Stimulus Values

JL JL

4 2 0 2 4-4 -2 0 2 4-6 -3 6-6 -3
Stimulus Orientation (Z) Stimulus Frequency (2) StimulusOrlentatlon(Z) StlmulusFrequency(Z)

Fig 9. Presented Stimulus Values Before and After Standardisation for All Tasks. (A) Presented stimulus orientations (visual modality) and stimulus frequencies
(auditory modality) across different means (left panels) and different SDs (right panels) tasks before standardisation. Note similarity in presented stimulus distribution
with true generating distributions in Fig 2. (B) Presented stimulus values after standardisation. Stimulus values were standardised by subtracting the mean and dividing
by the standard deviation for all presented stimulus values, separately for each of the task-modality configurations.

https://doi.org/10.1371/journal.pchi.1011245.9009

the standard deviation of the measurement distribution was:
s
o,(I,s) =7, +ylsin—|, 5
(5,) =7, + Ylsin | )

where I represents the intensity level, y;is a free parameter representing the baseline amount
of measurement noise at a given intensity and y scales the amount of additive measurement
noise across stimulus orientations. We did not fit a frequency dependent noise parameter in
the auditory tasks as each frequency was corrected for equal loudness prior to adjusting overall
intensity.

Decision boundaries across tasks

In all models, we assumed that the observer transformed the sensory signal into a decision var-
iable which was then compared to a set of boundaries to make a discrete category-confidence
response. The boundaries partition the stimulus space into discrete category and confidence
response regions so that if a stimulus falls within the defined region, response r is given. Given
four confidence levels for each of the two categories, we required eight response regions, re
{1,2,3,. . .,8}, each corresponding to a unique category and confidence combination. Given the
generating category distributions (see Fig 2), the positioning of these boundaries differs for the
different means and the different SDs tasks and is described below.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011245  July 14, 2023 29/39


https://doi.org/10.1371/journal.pcbi.1011245.g009
https://doi.org/10.1371/journal.pcbi.1011245

PLOS COMPUTATIONAL BIOLOGY Common computations underlie confidence judgements in visual and auditory decisions

Different means task boundaries. In the different means task, we assumed that one of
the boundaries, by, divides the stimulus range into the two different category response regions.
That is, where the observed stimulus value is below this boundary, a category 1 response is
given and where the observed stimulus value is above this boundary, a category 2 response is
given. Confidence associated with the category response is determined by a further three
boundaries, b, bs, by, which created four different confidence response regions within each
category. Within a category response region, we assumed that the confidence boundaries
increased monotonically across successive boundaries such that higher confidence response
regions were aligned with more extreme category evidence (see Fig 4B). We also assumed that
the confidence boundaries were symmetrically positioned across categories. Due to symmetry,
confidence regions on equidistant but opposite sides of the category boundary, b,, were treated
as equivalent by the model. The boundaries in the different means task were ordered such that:
—-by < —b3 < —b, < by < by < by < by, where the position of each boundary was freely esti-
mated, but constrained by monotonicity.

Different SDs task boundaries. In the different SDs task, two boundaries, —b, and b,
divided the stimulus range into two different category response regions. Where a stimulus
value falls within the —b, and b, region, a category 1 response is given. Where a stimulus value
falls beyond —b, or b,, a category 2 response is given. To make a confidence response, the
observer uses 4 symmetrical boundaries for each category: b;—b, for category 1 responses and
b,—b; for category 2 responses, as shown in Fig 4B. In all models, we assumed that the bound-
aries increased monotonically across successive boundaries such that higher confidence
response regions were aligned with more extreme category evidence (see Fig 4B). We also
assumed that the boundaries are symmetrically positioned around the means of the category
distributions. For ease of exposition, we refer to this centre point as by. We assumed the
boundaries are symmetrical in this task because two measurements that are equidistant from
the middle of the category structure but on opposite sides of b, should logically have the same
confidence associated with them. Due to symmetry, confidence regions on equidistant but
opposite sides of b, were treated as equivalent by the model. The boundaries in the different
SDs task were ordered such that:

—b, < —b; < —b; < =b,< =b; < b, < =b, < b, < b, <b, < b, <b, <b; < by <b,.

Decision variables across models

We tested different assumptions about the transformation of the sensory signal into the deci-
sion variable. These assumptions map onto different theoretical models about the choice and
confidence generation process. We categorised these models into three broad classes: the
unscaled evidence strength models, the scaled evidence strength models and the Bayesian
models. One of the distinguishing factors among candidate models concerns how the decision
variable and the category-confidence boundaries were positioned in either perceptual space
(scaled and unscaled evidence strength models; discussed in more detail below) or probability
space (Bayesian models; discussed in more detail below) as a function of sensory uncertainty.
For models that represent the decision variable in perceptual space, the resulting bound-
aries were in standardised units that related directly to the stimulus and, therefore, the sensory
signal could be compared directly with the boundaries. For these models, we use x to denote
both the sensory signal and the decision variable. For models that represent the decision vari-
able in probability space, the observer’s internal representation of the stimulus was trans-
formed into a probability metric which was then compared with the boundaries. For these
models, we use d to denote the decision variable and distinguish it from the sensory signal. To
illustrate, for the different means task in the visual domain, for a non-Bayesian model with
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category-confidence boundaries in perceptual space, a Category 2 Confidence 1 response
might be made for any stimulus perceived as having an orientation between 0 and 5 degrees
(or 0 and 0.6 in standardised stimulus units). For a Bayesian model, where the boundaries are
in probability space, the same Category 2 Confidence 1 response might be made for any stimu-
lus perceived as having a log posterior probability ratio between 0 and 0.5.

A description of the distinguishing elements of each model class is provided below. All
models were fit to each task and modality separately (except where specified otherwise).

Non-Bayesian models

The non-Bayesian models constituted models from both the scaled evidence strength and
unscaled evidence strength class. For all these models, we refer to the position of the bound-
aries in perceptual space as b. For the unscaled evidence strength models and the scaled evi-
dence strength models, we made different assumptions about how b varies as a function of
sensory uncertainty (o).

Unscaled evidence strength models: Distance Model. In the distance model, the bound-
ary positions were not dependent on (estimated) values of sensory uncertainty (o) and there-
fore occupied fixed positions across intensity levels. The position of each boundary in
perceptual space was described by a free parameter, k, where perceptual boundaries b, = k,.

Scaled evidence strength models: Linear, Quadratic and Free-Exponent Models. In the
linear and quadratic models, the positions of the boundaries were linear or quadratic functions
of 0. Each boundary position depended on 3 free parameters: k, m and o. k, represented the
base position of each boundary which was offset by a scaled value of sigma, +mo (linear
model), or by a scaled value of sigma squared, +mo” (quadratic model), where m was fixed for
each boundary. The resulting boundaries in perceptual space were given by b,(c) = k,+m,o
(Linear) and b,(0) = k,+m,0” (Quadratic). In the free-exponent model, we estimated the expo-
nent on o, 4, as a free parameter, b,(0) = k,+m,0". The additional free parameter allowed for
the changes in boundary position across intensities to occupy values between and beyond lin-
ear or quadratic values. We constrained a to be greater than 1.

Parameter settings of the free-exponent models across modalities. While the primary
focus of this study was to determine whether a single class of metacognitive models could
account for the way participants make confidence judgements across modalities, we also
wanted to determine the extent to which this process was sensitive to different parameter set-
tings. Accordingly, rather than fit the model to each modality separately, we fit the free-expo-
nent model to data from both modalities simultaneously. We formulated several levels of
flexibility in the parameter settings, with more flexible versions allowing the parameter values
to be different across modalities and less flexible versions constraining parameter values to be
the same across modalities. We chose the free-exponent model to test the flexibility in parame-
ter settings, as it was the most flexible of the scaled evidence strength models and included the
linear and quadratic models as special cases.

Common settings model. For the common settings model, both modalities had the same
parameter settings. We assumed that sensory uncertainty (o) did not differ across modalities.
Thus, we fit o as a free parameter for each intensity level and used the same value of o across
modalities. We also assumed that the same boundary positions were used across modalities so
that all perceptual boundaries were given by b,;;(0) = k,+m,o;" where I is the intensity level.

Different noise settings model. For the different noise settings model, sigma was a free
parameter for each intensity level in each modality. k and m were fixed across modalities,
assuming that only measurement noise changed across modalities. The perceptual boundaries
were given by b,; , = k,+m, 0}, ,, where I is the intensity level and M is the sensory modality.
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Flexible settings model. In the flexible settings model, all parameters in the standard free-
exponent model were freely estimated in each modality.

Bayesian models

Consistent with Bayesian decision theory, we assumed that a Bayesian observer optimally com-
bines prior beliefs of the generative model (i.e., the task-specific category distributions) with
observed stimulus information to form posterior beliefs about the nature of the stimulus (i.e.,
category membership). For all Bayesian models, therefore, we assume that the observer trans-
formed the sensory signal into a probability metric, d. We tested several versions of Bayesian
confidence models which make different assumptions, as described below.

Log posterior probability ratio. When the perceived value of a stimulus on a given trial is
x, we assume that the observer uses the log posterior probability ratio to make a decision. The
log posterior probability ratio represents the (log) ratio of posterior beliefs about category

(C=11x)

membership, given the properties of the stimulus, such that d = log;?zm. When the log pos-

terior probability ratio is positive, there is greater evidence for category 1. We assumed that
category and confidence reports depended on the sensory signal, x, only via d. On a given trial,
the observer chooses a response by comparing d to a set of boundaries k = (ky,k;. . .k;) that par-
titions d space into eight response regions, each representing a unique category and confidence
combination. The positions of these boundaries in d units were free parameters. Following
Adler and Ma (2018; see S8 Text), we used the following task-specific derivations of d for the
different means task:

2xp p(C=1)
d, = Lo+l 6
different means e + 0_% + ng(c — 2) ( )
and the different SDs task:
1, o+ 02 62 —a? p(C=1)
d,. =_lo 2 _ 21 %+ logm————~ 7
different SDs 2 gGQ 4 O'% 2(0.2 + O'%)(OQ + gg) gp(c = 2) ( )

where y; and oy are the mean and standard deviation of the category 1 distribution, o, is the
standard deviation of the category 2 distribution and o is the fitted value of measurement
noise, approximating the amount of sensory uncertainty in the observers’ internal representa-
tion of the stimulus (see Eq 4). In terms of the generative model, in the different means task
the observer needs knowledge of ¢, and ¢, to make an optimal decision and in the different
SDs task the observer needs knowledge of 0; and ¢, to make an optimal decision. Because we
sampled equally from each category, we assumed that p(C = 1) = p(C = 2) = 0.5 such that
logizgzg is 0 in both Eq 6 and Eq 7.

Log posterior probability ratio with decision noise. For the log posterior probability
ratio model with decision noise, we assumed that there was an added Gaussian noise term on
d, 0,4 This allowed for the observer’s calculation of d to be noisy, in addition to sensory noise
in the internal representation of the stimulus, o; [29].

Log posterior probability ratio with free category distribution parameters. The log
posterior probability ratio model assumes that the observer knows the true values of the means
and standard deviations of the category distributions, 4; and ¢y in Eq 6 and 0; and 0, in Eq 7.
We also tested a version of the model in which the observer had imperfect knowledge of the
parameters of the generative model, and estimated these values as free parameters instead.

Fitting the models to data. Model parameters were estimated for each participant using
maximum likelihood estimation (see S9 Text). Below we describe the process for calculating
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the likelihood of the dataset, given a model with parameters 6, for the non-Bayesian and Bayes-
ian models, as they require different transformations.

Non-Bayesian models. For all non-Bayesian models, the boundaries were positioned in
perceptual space and no transformation of boundary positions was required. For each trial, we
determined the predicted response probability for each combination of category and confi-
dence level by computing the probability mass of the measurement distribution between adja-
cent boundaries, given the parameters of the model and the participant’s response on that trial,
r; (cf. [64]; see Fig 4D). For the different means task, this quantity is:

/Nxsad (8)

r

where bs = 0o and —bs = —oco. For the different SDs task, this quantity is:

—by1
/ (xsadx—i—/ N(x; s,,07)dx 9)

b

Ti

where by = 0, bg = 00 and —bg = —00.

Bayesian models. In the Bayesian models, boundaries are positioned in d-space (log pos-
terior probability ratio space). To evaluate the probability mass of the measurement distribu-
tion, we transformed the boundary positions into perceptual space, b(0), using parameters k as
the left-hand side of Eq 6 or Eq 7 and solved for x at the fitted levels of o. Solving Eq 7 for x
requires calculating the square root of d, which is undefined for negative values. We therefore
used the absolute value of d to solve Eq 7 for x and applied the appropriate sign to the result to
arrive at a final standardised orientation/frequency value for x. Where the category distribu-
tion means and standard deviations were free parameters, we used the estimated values in
place of the true mean and/or standard deviation/s (¢, and o for the different means task and
o1 and o, for the different SDs task). We then calculated the probability mass of the measure-
ment distribution between adjacent perceptual boundaries using Eq 8 or Eq 9, given the task
and participant’s response for that trial.

Log Posterior Probability Ratio with Decision Noise. For the log posterior probability
ratio model with decision noise, we took 101 evenly spaced draws from a normal distribution
(spanning the 1*' to 99" distribution percentiles) for each boundary, with k as the mean and
the standard deviation as a free parameter, 0. Each of the 101 draws was then converted into
perceptual space using Eq 6 or Eq 7 to solve for x at the fitted levels of 0. We then calculated
the probability mass of the measurement distribution between corresponding draws of the rel-
evant boundaries, given the participant’s response for that trial. This meant that for a single
trial we had 101 response probabilities. We calculated the weighted sum of these probabilities
using the normalised densities for each draw of k.

Log likelihood of the dataset. To obtain the log likelihood of the dataset, we computed
the sum of the log probability for every trial i, where ¢ is the total number of trials.

log p(datal0) = Zlogp 10) =" log p (15, ) (10)
i=1
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Model selection

To compare candidate models, we used Akaike information criterion (AIC) and Bayesian
information criterion (BIC) for model selection. For a single participant, AIC is defined as:

AIC = 2z — 2log (L) (11)

where z is the number of model parameters and log(L) is the log likelihood of the dataset. To
quantify support for each model across all participants, we summed AIC values across partici-
pants, b,

b
AlC,,, =Y _AIC, (12)
b=1

For a single participant, BIC is defined as:
BIC = —2log(L) + zlog(n) (13)

where z is the number of model parameters, log(L) is the log likelihood of the dataset and # is
the number of trials in the dataset. Because BIC is sensitive to the total sample size used to
compute the likelihood, calculating the summed BIC for each model requires that the sample
size accounts for the total number of trials across all participants. We therefore summed the
likelihood terms across participants, b, and added to that the total number of free parameters
across participants, zB, multiplied by the log transformed total number of trials across partici-
pants, nB:

b

BIC,,, = Z —2log(L,) + zBlog(nB) (14)

b=1

where B is the total number of participants.

Visualisation of model fits

Non-Bayesian models. To visualise the fit of the non-Bayesian models, we generated a
synthetic dataset of model responses using the best fitting parameters for each participant.
Using the experimental data for that participant, for each trial we took 100 samples from a nor-
mal distribution with mean s; (the true stimulus value) and standard deviation o7 (estimated
value of o for a given intensity I). We then compared each sample to the boundary parameters
(by—bs; for the different means task and b;—b; for the different SDs task) to generate 100 cate-
gory/confidence responses for that trial. We took the mean of the generated category/confi-
dence responses to produce a single average predicted response for that trial.

Bayesian models. As with non-Bayesian models, for each trial, we took 100 samples from
anormal distribution with mean s; and standard deviation o;. We transformed boundary
parameters from probability space into perceptual space (using the relevant equation from the
model specification section) and compared each stimulus sample to the resulting boundaries
to generate a predicted response. This approach generated 100 category/confidence responses
for each trial, and we took the mean of the generated category/confidence responses.

Bayesian models with decision noise. For Bayesian models with decision noise, we com-
pared each stimulus sample to 100 random draws of the category/confidence boundaries. We
sampled from a normal distribution with standard deviation ¢,; and mean k. Each draw was
converted into perceptual space using the relevant equation and o;. We generated 100 x 100
category/confidence responses for each trial and took the mean of the generated category/con-
fidence responses to produce a single average response for that trial.
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Generating figures. For plots with stimulus value (or a transformation of stimulus value)
on the horizontal axis, stimulus values were binned so that each bin consisted of the same
number of trials. For visualisation, we calculated the mean category/confidence response
across all participants for both the empirical data and model predictions for each bin.

Best fitting model parameters

We report the best fitting parameters for each participant for each model variant in S3 Table
(different means task), S4 Table (different SDs task) and S5 Table (control study; see S1 Text
for more information).
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