
Neural correlates of metacognition?

Andrea Insabato*
Universitat Pompeu Fabra

Theoretical and Computational Neuroscience
Center for Brain and Cognition

Roc Boronat, 138
08018 Barcelona, Spain,

Mario Pannunzi*
Universitat Pompeu Fabra

Theoretical and Computational Neuroscience
Center for Brain and Cognition

Roc Boronat, 138
08018 Barcelona, Spain,

and

Gustavo Deco
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Abstract

Humans have a remarkable ability to reflect upon their behavior and mental

processes, a capacity known as metacognition. Recent neurophysiological experiments

have attempted to elucidate the neural correlates of metacognition in other species.

Despite this increased attention, there is still no operational definition of metacognition

and the ability of behavioral tasks to reflect metacognition is the subject of debate.

The most widely used task for studying metacognition in animals, the uncertain-option

task, has been criticized because it can be solved by simple associative mechanisms.

Here we propose a broad perspective that generalizes those critiques to another task,

post-decision wagering. Moreover, we extend this critical view to account for recent

neurophysiological evidence. We argue these tasks are simple enough that any animal

could solve them using very simple mechanisms such as sensory-motor associations.

In this case, it is impossible to know whether all animals are metacognitive, or if the

tasks are simply not appropriate. Therefore, we suggest using better defined concepts

until a suitable task for metacognition is available.
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1 Introduction: An unsolved question about metacog-

nition

Since Aristotle’s De Anima, metacognition (MC) has interested philosophers and has

recently become a popular topic in psychology and in neuroscience (see sec. 2 and fig. 1).

Despite this increased attention, the definition of MC is a matter of debate (see sec. 2) and

there is still no operational definition.

While MC has long been thought to distinguish humans from other animals, the current

consensus is that other animals might also have MC. Indeed research on animal models

is expected to bring significant advances in understanding the neural correlates of MC.

Nevertheless, it is still unclear which species have MC [21, 55, 25, 13, 50, 6, 28, 29, 38].

A central theme of this debate is the ability of behavioral tasks to selectively reflect

MC and avoid confounding by simpler cognitive functions (see sec. 2). Hence, the major

challenge is to find an adequate test of MC for non-linguistic animals1.

The most widely used task for studying MC in animals, the uncertain-option task [51],

has been criticized on the basis of modelling studies [53, 24, 33]. Here we argue that these

critiques can be extended to new neurophysiological evidence made available in recent years.

Moreover we propose a similar critical perspective of behavioral and neurophysiological

evidence of metacognition in another task, post-decision wagering [54]. We note that these

tasks can be used both as tests for metacognitive abilities and as measures of a given

metacognitive variable, e.g. uncertainty or confidence. While a given task may be a good

test but a poor measure (e.g. because the behavioral response does not gradually co-vary

with uncertainty), the inverse is not possible. The critiques concerning tasks for MC that

we analyze consider those tasks to be tests for MC.

1Note that this need can also be applied to pre-verbal human infants: A reliable test for MC could be
used to study the emergence of metacognitive abilities during development.
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1.1 A critical perspective on animal metacognition studies

To introduce our perspective, consider a fictitious scenario: an illness with elusive and

highly variable symptoms, for which no diagnostic procedure exists yet. One day a doctor

develops a new test for this disease. She wants to estimate the specificity and selectivity of

the test, so she begins testing many supposedly ill and supposedly healthy subjects. In the

end it turns out that all results are positive. With this finding the doctor is unable to tell

whether the test is 100% specific and everybody is ill or whether some positive results are

false and there are both healthy and ill people. We believe that this situation is similar

to that of current tasks for MC. As for the fictitious test for the illness, we do not know

if these tasks are testing metacognition or some related phenomenon (e.g. estimation of

difficulty). We could consider that a good behavioral task that truly reflects MC could

distinguish animals that have MC from those that don’t.

Currently it is not clear which species would pass this filter, and this discussion is

beyond the scope of this article [33, 37]. However we can be sure that a task any animal

can solve would be an all-pass filter and, as such, not useful. This case is similar to that of

the fictitious doctor: We would be unable to tell whether all animals have MC or whether

the task is giving some false positives.

For the remainder of this article we will analyze results related to decision confidence,

i.e. the belief that a choice is correct, as this is considered a key manifestation of MC

[7, 35, 52]. While various tests and procedures have been developed over the past 25 years

(see sec. 3), we will focus on the two tasks that have been most widely used to explore

the neural correlates of MC [25, 26, 28, 11, 31]: the post-decision wagering (PDW) [54]

and the uncertain option (UO) tasks [51]. In the context of decision confidence we propose

a minimal requirement for MC: a monitoring stage that takes a second order2 decision

2First/second order refers to the temporal (or hierarchical) order of actions that depend one on the
other. For example, a first order decision may be to greet somebody from a distance, thinking they are
friends, and a second order decision would be to apologize when they come closer, recognizing we don’t
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based on the input from an upstream perceptual decision stage. This is only a minimal

requirement (and not a definition) since, in our opinion, the monitoring stage is a necessary

but not sufficient condition for MC. We will discuss whether very simple models that

lack this minimal requirement are able to solve PDW and UO tasks and to reproduce the

associated neural recordings.

We now briefly summarize our perspective, to highlight our assumptions and ideas:

1. All animals are able to make perceptual decisions.

2. If an animal is able to make perceptual decisions, then it has at least a simple decision

mechanism.

3. All animals have at least a simple decision mechanism.

4. PDW and UO tasks can be solved using simple decision mechanisms.

5. All animals are able to solve PDW and UO tasks.

Statement 1 does not need to be strictly proven for every animal. Instead, using an

evolutionary argument, we may assume it to be true for all animals more complex than e.g.

C. Elegans. Statement 3 comes from 1 and 2, and thus applies to all animals referred to

in statement 1. Statement 4 is the one we will advocate for throughout this article. This

statement is based on the notion of a “simple mechanism”, i.e. mechanisms that use only

stimulus representations, and decisions based on those representations. Indeed such models

lack the monitoring stage that constitutes the minimal requirement for MC.

Note that the problem with statement 5 does not come from the assumption that only

some animals have MC (although it may be reasonable to assume that many simple animals

have no MC, such as nematodes, fruit flies, or some fish). As for the fictitious diagnostic

know them. The second order action is not necessarily metacognitive, as in this example.
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test, statement 5 is problematic because it makes it impossible to know if PDW and UO

are selectively testing for MC or perhaps some related phenomenon.

In the following two sections we give a partial overview of significant studies on animal

metacognition during the past 25 years, highlighting global trends that we believe to have

arisen and a concise summary the tasks used to study confidence in animals.

2 A quarter century of animal metacognition studies

In this section, we briefly present the most important results on animal MC. While we are

aware of the complexity of scientific opinion on MC, we wish to guide the reader through

the last 25 years of research on animal MC. This is a prospective, biased and non-exhaustive

view of the literature, in the sense that some studies are simplified, and deserve a more

extensive description that is out of scope here, while other studies have been excluded

from our report entirely. Evidence on animal MC during the last quarter century can be

seen globally as a path going at times towards the discovery of animal MC and at times

towards critique of previous works (see fig. 1). We can divide this literature in three

periods: 1) Pioneering work that paved the way for studying animal MC. Notably, some of

these pioneering authors subsequently published critical views during the second period,

e.g. Hampton et al. [18]. 2) The second period starts with a review paper by Smith and

colleagues [52], followed by various critiques [42, 5, 7, 9, 35, 53, 24], which had already been

partly already expressed in comments on Smith et al. [52]. Briefly, serious doubts were

raised during this period regarding the ability of current tasks to selectively reflect MC.

These issues concerned the reliability of these tasks as tests for MC. 3) During the final

period, that continues to date, criticisms raised during the second period have remained

unresolved (see Le Pelley [33], Perner [37]), and a new flourish of experimental studies

began. These studies, mainly neurophysiological [25, 26, 31, 11], disregarded doubts about
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tests for MC and focused on measuring metacognitive variables and on unravelling the

neural correlates of MC.

In fig. 1, the timeline starts in 1989 with unpublished work by Smith and Schull (cited in

Smith [49]), where rats were tested for MC without success. We highlight the importance of

Smith et al. [52] for its synthesis of advances in the study of MC up until that moment, and

for presenting a model based on Signal Detection Theory (SDT) hat we and others (Smith

et al. [53], Le Pelley [33]) have used to illustrate the limits of the uncertain option task.

Moreover, in the comments on this paper, various authors presented critiques, starting a

period of renewed debate on tests for MC. The other point of inflection in this path occurred

in 2008/2009, when the first neurophysiological studies began to tackle the problem of MC

[25, 26] and some of the last critical papers were published [19, 24, 9], initiating a new

period of optimism about tasks for MC in animals. Notably, research during the third

phase did not focus on resolving doubts raised during the previous phase, but on the search

for neural correlates of MC.

3 Experimental tasks for MC in animals

In this section we provide a concise summary of the tasks used to study confidence in

animals. In the following sections 4 and 5, we provide an in-depth analysis of critiques of

the post-decision wagering and uncertain option tasks, respectively. We focused on the

PDW and UO tasks because these are currently used to investigate the neural correlates of

decision confidence.

The study of MC in animals has mainly focused on a simple form of MC, namely

confidence. Several experimental tasks have been used to test the ability of animals to

assess their confidence, e.g. in a decision, and to measure this confidence. In this section

we briefly explain those tasks.
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While humans are able to give confidence ratings using qualitative semantic classification

(e.g. “absolutely certain”, “almost certain”, “very uncertain”, etc.) or quantitative scales

[15, 17, 16], it is not feasible to use this type of rating in animals, giving rise to the

development of other approaches (fig. 2).

3.1 Post-decision wagering

In this task [54, 39], after deciding, the subject must bet on the correctness of their choice.

The rationale of the task is that subjects would bet higher in confident compared to

uncertain trials. For example, Kepecs et al. [25] delayed feedback after the choice, allowing

the animals (rats) to initiate a new trial instead of waiting for the reward. The probability

of staying at the decision port [25] or the time animals wait for the reward [31] are a

form of betting on the choice, and can be taken as indicators of confidence. Interestingly,

Shields et al. [48] found that monkeys responses in a PDW were similar to that of humans

for two-category wagering (high versus low confidence), but different for three category

wagering.

3.2 Uncertain option

In this task [51, 52, 11], a stimulus is presented that drives a binary decision (e.g. dots

moving noisily in one direction). Subjects have not two but three possible choices, e.g. left

option, right option and an uncertain or “escape” option. The idea is that subjects would

choose the escape option (which allows them to avoid punishment or, in some versions, to

obtain a less preferred reward) when they lack confidence in the perceptual judgment. In

Kiani and Shadlen [26], for example, a random dots kinematogram [4] is shown first, and

then after a blank delay, the subject must choose one target according to the perceived

direction of motion. In some trials, the escape target is shown together with the direction
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targets. The “escape” yields a smaller but sure amount of reward. While Kiani and Shadlen

[26] call their experimental paradigm “post-decision wagering”, we consider this to be an

UO task, falling outside the PDW category for experiments, where second order behavior is

required, i.e. overt commitment to a choice before the confidence-related decision [25, e.g.].

Note that the experiment by Kiani and Shadlen [26] implements an interrogation paradigm,

where the subject is not free to indicate the choice at any moment but is required to do so

when instructed by the experimenter. This task is distinct from the optional stopping task,

where the subject is able to indicate their choice at any moment.

3.3 Pre-decision wagering

In this task, subjects are first given two options: to make the perceptual decision or decline.

Then, if they did not decline, they perform the actual perceptual decision [18]. If they

decline, a new trial starts. This task is similar to PDW, with the difference that the

wager occurs before the choice. It is also similar to UO, except that here the decline

option is separated from the perceptual choice options. The experiments by Barthelmé

and Mamassian [1] may be considered as a variation of this task, in which human subjects

were allowed to choose between two stimuli with different uncertainties, and subsequently

performed the perceptual decision on the chosen stimulus; in this case the wagering is not

connected to a decline option.

3.4 Information seeking

In this task [6, 20, 29] subjects are faced with a decision under uncertainty, and are generally

allowed to collect information before committing to a final decision. The rationale of the task

is that subjects will collect more information when they are unsure about the decision, thus

demonstrating access to their knowledge, a form of metacognition. In Call and Carpenter
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[6], for example, apes and children saw the experimenter hiding a reward in one of several

tubes either in full sight or with a screen placed in front of the tubes so that subjects could

not see exactly where the food was placed. They were then asked to choose one of the tubes

and were allowed to look into the tubes before choosing, thus gathering more information.

The act of looking was interpreted as a sign of metacognition.

4 The post-decision wagering task

In PDW experiments, subjects first make a perceptual decision and then bet on the outcome

of their choice (for more details see sec. 3). For example, animals can bet an amount of

food reward [54] or waiting time [25, 31]. This behavioral task can be solved using a very

simple process based only on the estimated difficulty of the stimulus (see Carruthers [7] for

another critique of this task). We can represent the decision as the simplest model based on

SDT (see fig. 3a) [17], in which a threshold determines two decision regions, similar to what

was proposed by Kepecs et al. [25]. In each trial the stimulus evidence is sampled from a

normal distribution and the choice is made according to the region the sample belongs to.

The distance between the sample and the threshold can be used to estimate the difficulty

of the trial, and this information can then be used to bet on the outcome of the choice.

4.1 The X-pattern of decision confidence

Kepecs et al. [25] presented behavioral and neurophysiological results that could suggest

metacognitive abilities in rats. They found that the probability of restarting a trial (a proxy

for low confidence) had a characteristic X-pattern: it increased as a function of difficulty in

correct responses and decreased in error responses. Since this pattern is usually associated

with confidence, the PDW task could be considered as a genuine reflection of metacognition.

The X-pattern was first linked to confidence processing as far back as 1979, as a prediction
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of Vickers’ accumulators model [56], in agreement with experimental observations of lower

confidence reports in error compared to correct responses [41]. Note that this pattern is

not a necessary condition for confidence because it has been shown that confidence reports

in humans can follow different patterns [27, 45, 2]. Nonetheless it can be argued (as in

Kepecs et al. [25]) that the X-pattern suggests that the subject is not merely estimating

difficulty because responses are different in errors compared to correct choices. Here we

will show that the same X-pattern can be predicted by the SDT model mentioned above

and is therefore not even a sufficient condition for decision confidence. This implies that

the X-pattern can not be used as a proxy for confidence. Model predictions also show that

different patterns can emerge when separate sources of information are used to estimate

choice and difficulty.

In the simplest version of the SDT model a Gaussian random variable s is sampled in

each trial and the choice is determined comparing the sample with a threshold ϑ, e.g. if

s ≥ ϑ, choose right, otherwise choose left. The distribution of s represents the difference

in evidence for each possible choice, e.g. right and left. The threshold is fixed at zero.

When the mean evidence for choice right is increased, the distribution of s is shifted to

the right. In this case more “right” choices will be produced, corresponding to an easier

stimulus (e.g. a larger proportion of one odorant in the mixture in the experiment by

Kepecs et al. [25]). The objective discriminability of the stimulus is represented by the

absolute value of the mean of the distribution, |s̄| or by the distance between s̄ and ϑ,

which is equivalent. The perceived or subjective discriminability of the decision in each

trial can be estimated as the distance between the sample s and ϑ (indicated by D1 and D2

in fig. 3a). In fig.3b we show a pictorial example of the distribution of s as the objective

discriminability is increased. The red areas show the part of the distribution corresponding

to errors, while green areas represent correct responses. The distribution of s for errors

shrinks as objective discriminability increases. Consequently, when the stimulus is very
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easy, only small perceived discriminability is possible in error trials compared to more

difficult stimuli (i.e. the probability of a sample s being far from ϑ decreases as objective

discriminability increases). Conversely, in correct trials the probability of a given perceived

discriminability increases for easier stimuli, producing an X-pattern,(fig.3g).

A slight variation in this simple model allows us to consider the influence of a separate

source of information for the subjective discriminability estimation (this model is represented

in fig. 3b). S and Ŝ are the two separate sources of stimulus information, C is the choice

module according to SDT, and D is the subjective discriminability estimation module, which

can receive input both from S and Ŝ. Here we assume that both sources are informative

about the stimulus. Indeed, in the model, S and Ŝ are two uncorrelated Gaussian variables

with the same mean and unitary variance. These separate sources may reflect distinct

transmission paths of stimulus information, or different stimulus features relevant for the

task. In both cases the two sources would have different noise. Indeed it has been reported

that human subjects may use different cues to estimate difficulty and determine choice (see

Kornell [30] for a review). In this scenario, the input at C and D can be more or less

correlated, and the correlation is controlled by the connection strength wi, i.e. when wi = 0,

D only receives stimulus information through Ŝ, then inputs to C and D are uncorrelated.

When wi = 1, the connection strength from Ŝ, wd, becomes zero and D only receives

stimulus information through S, such that inputs to C and D are the same. This model

predicts different patterns of the estimated subjective discriminability, the activity of D,

depending on the noise correlation, wi.

As noted above, in cases of high correlation, the probability of errors that are far from

the decision boundary decreases as objective discriminability increases, while correct trials

follow the opposite pattern. This can be observed in fig.3d, where the distribution of D

in correct (green) and error (red) trials is shown for three increasing values of objective

discriminability. This explains why the mean estimated subjective difficulty, shown in fig.3g
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as a function of objective discriminability, shows the X-pattern. If we allow the model to

use other information to estimate the subjective difficulty, different patterns are predicted.

For moderate correlation error trials get more similar to correct trials (fig. 3e and h). When

there is no correlation, correct and error trials show the same increasing pattern (fig. 3f

and i). Thus, this model can explain the different patterns observed by [27, 2].

Here we hypothesized that both S and Ŝ are informative about the stimulus. However,

relaxing this assumption does not substantially change the results. If we make Ŝ independent

of objective difficulty, the case of high correlation would still present the same X-pattern.

If there were no correlation between the inputs to C and D, correct and error trials would

still have the same distribution of estimated discriminability, D, while the mean of this

distribution would encode no information about stimulus difficulty. An even more extreme

case would be where Ŝ represents a feature that is inversely correlated with objective

discriminability, as reported by Benjamin et al. [2]

4.2 PDW as an all-pass filter

The SDT model presented here is very simple: it is no more complex than a model for

perceptual decisions. Therefore the PDW task may be an all-pass filter because it can

be solved using a very simple model: In principle, all animals able to solve a perceptual

task (with a mechanism similar to an SDT) would be able to solve a PDW task. Moreover

the X-pattern can be generated by this simple model and it is therefore not a sufficient

condition for decision confidence. In addition, the first decision (about perception) and the

second decision (about difficulty) are made in parallel based on the same input. As noted

above, a necessary but not sufficient condition for MC is that the second decision must

receive input from the first decision process (monitoring stage).
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5 The uncertain option task

The UO task deviates from the binary forced choice decision by allowing subjects to decline

the choice task (escape option) in some trials, called free choice trials (for more details see

sec. 3).

The rationale for this paradigm is that animals will choose the escape option when

they are less confident with the decision and prefer to avoid a probable punishment. As

mentioned above, confidence is treated as the ability to reflect on ones own performance,

which reflects MC. As such, animals decline trials with low probability of being correct,

and therefore accuracy should be higher in free choice than in forced choice trials (this

difference in accuracy was first shown by Hampton [18] in pre-decision wagering, and was

then confirmed in UO tasks [52]).

Nonetheless, the task could be interpreted as three-choice decision-making, where the

third option is associated with stimuli that are intermediate between the two categories

(Beran et al. [3] made a first attempt to distinguish between these alternative interpretations).

If subjects choose the escape option when the stimulus is intermediate between the two

categories, they are also declining trials with low probability of being correct, but based

only on stimulus processing and not on a monitoring process.

We now briefly review the evidence for this interpretation from simple SDT models

[53, 24, 33]. We then show that a more biologically realistic model, but still based on

the same simple multiple choice mechanism [59], can explain both psychophysics and

neurophysiology associated with the UO task [26].

5.1 Multiple choice models of UO task

The core idea of all the models analyzed is that the uncertain response is based on

partitioning the stimulus space into three categories [53, 24, 33]. While there are some
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minor theoretical differences, the basic mechanism of these models can be represented

as a SDT model with two thresholds (fig. 4a) that divide the stimulus space into three

decision regions: the one between the thresholds (green area in fig. 4a) produces an escape

(or uncertain) response, while the other two regions produce the left and right responses,

respectively. As shown by Smith et al. [53] and Jozefowiez et al. [24], this reproduces

the behavior of animals in the UO task [13, 51]. Komura et al. [28] also argue that this

type of model can explain their data: they use a modified version of the Kepecs et al. [25]

model, where a step function produces the escape choices, which is practically equivalent

to the model presented here. It is important to note that the model reproduces more

correct responses in free choice than in forced choice trials. These results indicate that the

behavior of subjects in the UO task can be implemented in species with very simple nervous

system such as C. Elegans, since the only requirement is the ability to make multiple choice

decisions.

However the results reported by Kiani and Shadlen [26] challenge this interpretation, for

two reasons: 1) they used an interrogation paradigm in which they varied the duration of

the stimulus (see sec. 3). As expected [22, 57], the duration of the stimulus, trdm, affected

both the accuracy and probability of choosing the escape option (fig. 4b); 2) they found

that decision-related neurons in Lateral Intra-Parietal area (LIP) show no (or reduced)

ramping activity, which is believed to be the neural signature of evidence integration (but

see [32] for a different perspective). Following this line of thought, trials with less ramping

would be associated with less evidence and hence more uncertainty (fig. 4f, right panel).

SDT models have no neural interpretation, and therefore cannot account for this finding.

Nonetheless we show here that both issues can easily be reconciled with the multiple-

choice interpretation.

Regarding the interrogation paradigm, while previous SDT models [53, 24, 33] were not

designed to account for different trdm, this can be dealt with using a simple modification of
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their fitting procedure. To account for the behavioral results of Kiani and Shadlen [26] (fig.

4c), we set the parameters as follows: the mean of the decision variable depends on the

motion coherence (see sec. 3), the standard deviation is proportional to 1/
√
trdm, and the

threshold for an uncertain response, η, is proportional to 1/
√
trdm.

Regarding the neural activity recorded during the task, it can be shown that an

attractor network model implementing a three-alternative choice [14] exhibit the same

neurophysiological activity as that found by Kiani and Shadlen [26], as well as similar

behavioral results, as illustrated by Wei and Wang [59]. The authors used the model by

Furman and Wang [14] for multiple choice decisions and modified the stimulation protocol

to mimic that described by Kiani and Shadlen [26]. As shown in fig. 4e, this model can

qualitatively reproduce the behavior of subjects in the UO task. In particular, as for the

SDT model described above, this model shows higher accuracy in free choice than in forced

choice trials. In addition, the model also reproduces the main neurophysiological results:

the pools of neurons encoding for decision on right or left (pool L and R in fig. 4e) show an

intermediate level of activity when the escape option is chosen (fig. 4f).

5.2 UO task as an all-pass filter

Wei and Wang [59] present their model as a mechanism for MC, but we believe that this

model lacks the minimal requirement explained above. Indeed, it is a simple network for

decision-making, lacking a further processing stage that monitors the decision process: all

results on the role of the escape target can be interpreted as the dynamics of a decision

between three alternatives.

The results reported by Kiani and Shadlen [26] could probably also be explained by

another model that accomplishes the minimal requirement. However the key point is that

an explanation exists, based simply on a multiple choice decision process. Therefore any

animal capable of three-choice decision-making could solve the UO task, in principle. In
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essence, this task may be considered an all-pass filter.

6 Final remarks

In this article we highlight an unresolved issue in animal studies of MC. Confidence tasks

that are currently used to assess MC have an appealing intuitive rationale, but alternative

explanations exist and such tasks may turn out to be all-pass filters, i.e. even animals

with the simplest nervous systems could solve these tasks, in principle. We focused on the

PDW and UO tasks because these are currently used to investigate the neural correlates

of decision confidence. We show that a simple model based on SDT can account for the

behavior of animals in the PDW. In particular, the model can reproduce the X-pattern

associated with confidence. We also show that a multiple choice decision model can account

for both the behavior and neurophysiology recorded during an UO task.

We argue that MC is a complex phenomenon, and we do not expect it to be present in

all animal species; thus, if the data collected in a given task can be explained by a simple

model, then, in principle, the task may be performed by any animal whose nervous system

can implement this simple model. If the model is simple enough to be implemented by even

the simplest species, e.g. C. Elegans, than the task is an all-pass filter and may reflect some

other cognitive phenomenon. As explained in sec. 1.1, the problem is that we cannot be

sure whether current tasks are satisfactory and MC is a simple capacity that every animal

has, or alternatively whether these tasks are subject to confounding and MC is a complex

ability that some animals do not have.

This argument has three possible shortcomings.

First, if we accept the idea that every animal has MC, then the argument seems not

to follow, but rather is neutral to whether all or only a subset of animals have MC. The

argument merely highlights the impossibility of distinguishing between the two scenarios.
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However, note that if we accept the idea that every animal has MC, then the concept of

“metacognition” would no longer represent the complex introspective capacity that is typical

of our conscious experience; it may represent some simpler ability, e.g. stimulus uncertainty

or difficulty estimation, which is not what makes MC such an intriguing topic.

Second, the argument is based on a notion of a “simple model”, which may not be

widely accepted. As a consequence our critique may be restricted to tasks similar to the

ones presented here, where the models are so simple that can be implemented in small

simple circuits of neurons.

A third possible concern with our perspective is that the experiments we took into

account are based on decisions, where the relevant information is supplied by a stimulus.

We focused on these experiments because they are used to search for the neural correlates

of MC. An alternative to stimulus-based perceptual decision tasks may be paradigms

based on memory. These experiments are more difficult for animals (indeed one of the two

subjects tested by Hampton [18] seemed to rely less on memory strength to choose the

decline option), and are less widely used. However, persistence of the sensory representation

required by these experiments does not make the task more metacognitive.

In our analysis we did not mention the other experimental paradigms used to study

MC, i.e. pre-decision wagering and information seeking, since they are not currently being

used for neurophysiological research. However the general form of our argument may

also be applied to these tasks. In fact, in pre-decision wagering the choice to take or

decline the perceptual task can be made just by estimating stimulus difficulty. Similarly,

in an information-seeking task the subject can decide to collect more information based

on stimulus features. Our general argument may also apply to these other tasks, although

formal models should be constructed and validated against empirical data.

Finally, we wish to note that our critical analysis of the recent literature does not

imply that animals have no MC nor that we should abandon the study of MC in animals.
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Indeed we consider that neurophysiological studies with PDW and UO tasks are valuable

sources of information about the neural substrates of encoding stimulus difficulty. The

concept of MC was not the specific focus of our analysis, and we do not believe there is

the need to eliminate it, as suggested by Jozefowiez et al. [24] and similar to what some

researchers argue for the concept of consciousness [8, 43]. However, we think that the

scientific community would benefit from investigating a better-defined phenomenon, such

as stimulus uncertainty encoding and difficulty encoding [34], which may constitute the

building-blocks of MC.
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Figure 1: Timeline of last 25 years of animal metacognition research. Different
colors indicate the approach of each paper: experiments in black, opinions in red, and
theoretical or modelling papers in blue. Studies that supported the use of tasks for MC
are shown below the timeline and those that criticized these tasks are shown above the
timeline. Refer to the text for more information.

Figure 2: Tasks used to study MC in animals. This figure summarizes the structure
of the four types of tasks used to assess metacognition in animals. The name of the task
is shown above the corresponding diagram. In the post-decision wagering task, subjects
first make a perceptual decision about the stimulus and then make a confidence-based
decision, shown in the diagram as a binary choice between a low (L) and a high (H) betting
option. In uncertain option task, subjects make only one decision, where an escape option
is added to the options of the perceptual choice. Pre-decision wagering mixes the structure
of uncertain option and post-decision wagering by first presenting an escape option and
then allowing the subject to perform the perceptual choice in case the escape option is not
chosen. In the information seeking task, subjects are allowed to repeat sample the stimulus
in order to gather more information before they commit to a choice.
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Figure 3: PDW and the X-pattern are explained by an SDT model. X-pattern,
usually related to MC, can emerge in a simple mechanism for estimating discriminability. a,
An SDT model where the choice is determined by the threshold ϑ and the discriminability
is estimated by the distance between the evidence sample, drawn from a normal distribution
and ϑ. b, The probability of stimulus strength S for three values of objective discriminability.
The green and red areas correspond to correct and error responses, respectively. c, Diagram
of a generalized SDT model. D process estimates the discriminability of the stimulus and
receives information from two sources, S and Ŝ. The discriminability is calculated using a
linear combination of these two sources, as shown in the figure: The parameter wi controls
the degree of correlation between the stimulus information arriving at the discriminability
(D) and choice (C) process. Process C takes the decision based on a simple threshold rule as
in the usual SDT framework. d, Probability of D response, the reported discriminability, for
three increasing values of stimulus discriminability, when the correlation of inputs to C and
D is high, wi ≈ 1. Red and green lines represent the distribution of error and correct trials,
respectively. e, Probability of D response, as in d, for moderate values of the correlation.
f, Probability of D response, as in d, when there is no correlation. g, The mean of the
distributions shown in d as a function of stimulus discriminability shows an X-pattern,
increasing in correct and decreasing in error trials. h, Mean of distributions shown in e.
When C and D receive a partially correlated input, the mean of correct trials increases
while that of error trials first decreases and then increases again. i, Mean of distributions
shown in f. When there is no correlation between the input to the pools C and D, the mean
of both correct and error trials increases.
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Figure 4: Uncertain option task can be explained by a multiple-choice model. a
SDT model for three-choice decisions. Thresholds η and −η, which are symmetric around 0,
divide the stimulus space into three decision regions for left, escape and right choices. b Data
from monkeys reported by Kiani and Shadlen [26] (reproduced from Wei and Wang [59]),
showing the probability of an escape and correct response (panel left and right, respectively)
as a function of stimulus duration and for different motion strengths. c Psychophysics data,
as in b, predicted by an SDT model of panel a. d Representation of the ANN model for
three-choice decisions (from [59]). The network consists of excitatory pyramidal cells (Exc)
and inhibitory interneurons (Inh). The pyramidal cells are uniformly placed on a continuous
ring, and each neuron is labelled with its preferred motion direction (shown as the arrow
in pyramidal cells). The excitatory-to-excitatory connections between pyramidal cells are
structured as a Gaussian function of the difference between their preferred directions (upper
black curve), and the connections from and onto interneurons are broad. The stimulation
protocol is shown at the top: the target and motion input is delivered to the respective
decision pools, while the “sure target” input is delivered to the pool encoding the escape
option. e Psychophysics data as in b predicted by the ANN model of panel d (from [59]). f
Firing rates of decision neurons in the ANN (from [59]).
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