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Abstract

Knowing when to trust and incorporate the advice from artificially intelligent (Al) systems is of increasing importance in the modern
world. Research indicates that when AI provides high confidence ratings, human users often correspondingly increase their trust in
such judgments, but these increases in trust can occur even when Al fails to provide accurate information on a given task. In this
piece, we argue that measures of metacognitive sensitivity provided by Al systems will likely play a critical role in (1) helping
individuals to calibrate their level of trust in these systems and (2) optimally incorporating advice from Al into human-Al hybrid
decision making. We draw upon a seminal finding in the perceptual decision-making literature that demonstrates the importance of
metacognitive ratings for optimal joint decisions and outline a framework to test how different types of information provided by Al

systems can guide decision making.
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Research on artificial intelligence (AI) has entered a new era. The
last decade has seen remarkable breakthroughs in large language
models (LLMs) (1-3), healthcare and medical-related Al (4-6), au-
tomated navigation systems (7-9), and many other fields. The
ability of Al to perform specific tasks that meet or exceed human
performance spans a range of domains (10, 11), but there are
plenty in which performance is still suboptimal, stressing the pos-
sibility that, at least for now, collaboration with humans repre-
sents a reasonable strategy to make the best possible decisions,
given noise and uncertainty in available information (12-14).

How might optimal decision making between humans and Al
be achieved? In order to effectively utilize the information supple-
mented by Al, one issue that must be addressed is whether hu-
mans properly calibrate their degree of trust in the information
coming from systems and agents (15-18). When the mechanisms
and reliabilities of AI's decision-making processes are unknown, it
can become difficult for individuals to decide whether or not they
should trust the outputs of such systems, especially because
many Al systems still err in specific judgments (19-21). Thus, a
challenge remains: to optimize human decision making, it may
need to be supplemented (if not ultimately supplanted) by Al as
individuals incorporate advice from Al systems, but if humans
fail to properly discern when to trust those systems, they are un-
likely to make the best possible use of Al's advice.

In this piece, we propose that reports of metacognitive sensitiv-
ity are a key component for 2 related issues: (1) calibrating trustin

Al systems (22) and (2) optimally incorporating information in de-
cision making (23). As others have noted, to foster successful col-
laboration, what is needed is the capacity for Al to selectively
share relevant states with humans to facilitate coordination and
cooperation (24). Drawing upon insights from the field of percep-
tual metacognition, we propose that Al must report performance
on not only “type 1” tasks (e.g. choosing or discriminating between
choice alternatives), but also “type 2” tasks (e.g. reporting metrics
of how correct and incorrect judgments are “correctly” endorsed
with high and low confidence, respectively) (25-27) to facilitate
trust and optimal decision making. Building on recent proposals
in the Al literature (28), and literature exploring optimal decision
making in multiple human observers (29-31), we outline a frame-
work that can be exploited to test how to calibrate human trustin
Al's decisions, and how to explore whether those decisions are
reaching the best possible outcomes.

Collaboration with Al can be beneficial, but
trust issues remain

Across several domains, hybrid decisions made by humans inter-
acting with Al have proven to be an especially powerful approach
to enhance decision making (32). For example, Al-based support
for skin cancer diagnoses has been shown to be superior to Al
or human decision making alone (33), as have diagnoses for radi-
ologists’ decisions supplemented by Al (34). In medicine and
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healthcare, the possibility of Al aiding in tasks such as improving
the accuracy of diagnosis or defining new preventions or treat-
ments has been identified by doctors as being especially promis-
ing (35). In K-12 education, teacher-Al partnerships have been
shown to improve test performance (36), and Al can be successful-
ly used to aid in deception detection (37). However, hybrid
human-AI performance is not always better than human or Al
performance alone (37-41), and appears to often be most
beneficial when Al and human accuracy on a given task is
comparable (42).

Incorporating and accepting Al input in decisions is contingent
on trust (43). How Al is represented (e.g. robot, virtual, or embed-
ded) and its level of machine intelligence (i.e. capabilities and
capacities) are factors that influence humans’ trust in such sys-
tems (44). Trust can increase when Al provides explicit informa-
tion about its reasoning (45). However, situations can arise in
which explanations from Al increase human trust in its advice
but fail to improve accuracy, providing evidence that trust and ac-
curacy can dissociate (46). Preliminary work shows that having Al
rate confidence in its judgments and advice can also change hu-
man trust in its outputs (47) even if accuracy is unchanged (48),
but importantly, confidence ratings alone are not necessarily
enough to ensure proper usage of Al's advice, showing that trust
calibration does not always translate into improvement in
Al-assisted decision outcomes (49). We argue that what has
been missing in most studies to date is for Al to reportits metacog-
nitive sensitivity, or the correspondence between its confidence
judgments and accuracy on specific tasks (27, 50, 51), and that
these reports will be key to knowing when to trust Al, and how
to efficiently and accurately incorporate its advice.

Defining metacognition in humans and Al

Before discussing metacognitive sensitivity, it is first important to
define what metacognition is. Researchers in cognitive psychology
have long been interested in individuals’ ability to effectively
evaluate or oversee their own cognitive processes, an ability that
isknown as “metacognition” (52-54). This oversight has been iden-
tified as being critical for implementing effective student learning
strategies (55-57) (such as evaluating one’s state of knowledge to
decide what to study), monitoring the accuracy of perceptual de-
cisions (58, 59), and understanding social context (60). Modern
conceptions of metacognition have been shaped by Flavell, who
proposed that cognitive monitoring could be broadly distin-
guished by four classes of phenomena: metacognitive knowledge
(knowledge of how variables and factors interact to influence cog-
nitive outcomes), metacognitive experiences (conscious reflec-
tions about cognitive processes), metacognitive goals (objectives
of a cognitive enterprise), and metacognitive actions (strategies
employed to achieve cognitive goals) (61).

More recently, Fleming (62) specifically defined metacognition
as the set of processes that enable us to develop beliefs about vari-
ous mental functions and operations. According to this account,
judgments that are “metacognitive” in nature have ways of taking
into account uncertainty. Uncertainty could take the form of
noisy estimates of sensory properties in the world (63-66), assess-
ments of how well material has been learned (67-69), precision in
controlling motor actions (70), and many other perceptual and
cognitive domains. The key idea is that the representation of cer-
tainty is coded with respect to a self-centered frame of reference;
uncertainty is transformed into some type of propositional assess-
ment (such as a confidence judgment), and this judgment is glo-
bally broadcast in the system for widespread availability in

guiding behaviors and updating current self-knowledge. To pro-
vide a more concrete example, according to this account, any es-
timate of a sensory property or attribute in the environment is
encoded with some degree of noise, and we form beliefs about
how likely it is that certain features of the world are present.
Those beliefs can be converted into propositional confidence in
our estimates (which are also subject to noise).

This description provides one way to link confidence judg-
ments and real-world metacognition; humans have an ability to
assess whether self-evaluative judgments match up with the real-
ity of cognitive or physical performance, which is central to adap-
tive behavior (62). Similarly, Al also has the capacity to reflect on
the degree to which its self-evaluative judgments line up with
reality in the long run. Thus, drawing upon insights from human
perceptual decision making, an opportunity arises to explore
how metacognitive sensitivity can be exploited to calibrate hu-
man trust with artificial systems. In the following sections, we de-
fine metacognitive sensitivity and explain its importance for
human-Al interactions.

Measuring and quantifying metacognitive
sensitivity
Metacognition can be measured via different types of reports about
the fidelity of cognitive processes. Historically, confidence judg-
ments have provided one useful form of report about introspection
(52, 53, 71-73). Confidence reports lead to two different metacogni-
tive quantities: metacognitive bias and metacognitive sensitivity
(50). While metacognitive bias is reflected in long-run averages of
over- or underconfidence in judgments of task performance, meta-
cognitive sensitivity is reflected in the confidence-accuracy correl-
ation, or more specifically, how effectively confidence judgments
distinguish between correct and incorrect answers (27, 74, 75).
High metacognitive sensitivity reflects a strong correlation (re-
sponding with high confidence when correct and low confidence
when incorrect), and low metacognitive sensitivity reflects more ir-
regular or haphazard confidence ratings on a trial-by-trial basis.
In Figure 1, we outline the types of reports that Al can provide
as it makes decisions. Essentially, there are four things that Al
could report: (1) its decision about a given perceptual (or cognitive)
process, or (relatedly) its long-run accuracy in a specific task; (2) a
subjective estimate about a specific decision (such as how confi-
dent it is in a particular judgment); (3) a report about its long-run
metacognitive sensitivity for making these types of judgments (i.e.
the correspondence between confidence ratings and accuracy for
a specific task or type of decision); (4) more complex and intricate
introspection regarding the different stages of its decision-making
process, to explicate on why it made specific type 1 and type 2 de-
cisions (Figure 1). This framework could be tested empirically to
determine how different types of information from Al systems in-
fluence (1) the calibration of trust for these systems and (2) the in-
corporation of information from Alinto joint human-Al decisions.
Quantifying task performance and metacognitive sensitivity
has been facilitated using tools from signal detection theory
(SDT). In type 1 SDT, the measure d’ quantifies the subject’s ability
to discriminate between signal and noise, with higher d’ values in-
dicating better performance (76). Response bias for selecting one
option over another (in two-choice tasks) is captured by the per-
ceptual criterion, ¢, which indicates the level of sensory evidence
needed to make a decision (77). In contrast, type 2 SDT focuses on
metacognitive processes, evaluating how well participants can
distinguish between their own correct and incorrect responses.
Metacognitive sensitivity, measured by meta-d’, estimates how
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Fig. 1. Possible types of reports from Al about its decisions. (A) Type 1 reports about behaviors. One possibility is that Al may only report the outcome of a
specific decision it has chosen to make, or how frequently it is correct for a particular type of decision. In the example shown here, the Al agent
determines which stimulus contains an oriented Gabor and reports its overall accuracy across trials on this task. (B) Subjective (e.g. confidence) reports.
Potentially, Al could report how confident it is in a specific decision, or some other type 2 subjective rating. Depending on the algorithm used, this report
could be based on something akin to distance from a decision or classification boundary using signal detection theory, support vector machines, or some
other algorithm. (C) Reports of metacognitive sensitivity, schematic from Fleming and Lau (50). Al systems may also be able to summarize their
metacognitive sensitivity, or how effectively their confidence judgments distinguish between correct and incorrect judgments over long-run averages. In
this sense, observers could gain insights into the degree to which they could use/trust the metacognitive or subjective ratings offered by a system on a
given trial. (D) Finally, Almodels could also try to introspect on their decision-making process to identify why or how they reached specific type 1 or type 2
decisions. Critically, these insights could be about the mechanisms or functions that led to specific type 1 or type 2 decisions. Interestingly, these types of
introspections can sometimes lead to increased trust but not to increased accuracy (49).

effectively confidence judgments distinguish between correct and
incorrect judgments (27, 74). Participants who are more confident
in correct responses and less confident in incorrect ones will have
higher meta-d’ scores. Because this measure of metacognitive sen-
sitivity scales with task performance, an additional measure,
metacognitive efficiency, given by the M-ratio (meta-d’/d’), adjusts
meta-d” for task performance level, recognizing that participants
with higher d’ have a higher potential for meta-d’ (50, 78). In this
sense, measures of metacognitive sensitivity and metacognitive
efficiency may both prove important for facilitating human trust
in Al quantifying metacognitive sensitivity gives information
about the correspondence between metacognitive ratings and
task accuracy, but quantifying metacognitive efficiency incorpo-
rates considerations of task performance, and because this value
can be directly compared against an optimal value of 1, it may be
more easily interpreted by users when evaluating whether to trust
Al's judgments and recommendations.

Literature on perceptual decision making provides examples of
paradigms that can be used to assess metacognitive sensitivity
(50). Many tasks in which researchers measure meta-d’ follow a spe-
cific format: on each trial, observers make a perceptual judgment
(such as the presence or tilt of a Gabor) and rate their confidence
in that judgment (51, 79, 80). Because animals cannot explicitly
provide confidence ratings, adding the option of choosing “bets” of
different values can be substituted for confidence ratings in percep-
tual and memory paradigms, facilitating measurement of meta-d’ in
monkeys (81, 82). Further, waiting times for rewards can also be tak-
en as a proxy for confidence ratings, allowing estimates of meta-d’ in
rats (83). Thus, across a range of tasks and paradigms, different sys-
tems and organisms capable of metacognition can have their meta-
cognitive sensitivity quantified.

One challenge that will need to be addressed moving forward
involves extending measures of metacognitive sensitivity to
more complex and naturalistic tasks. In the scientific literature,
the current precedent for measuring metacognitive sensitivity

(with measures such as meta-d’) comes from well-controlled de-
signs in which type 1 decisions are discrete, rather than continu-
ous. In more naturalistic environments (such as drone navigation,
in which automation and user control might trade-off at different
time points), multidimensional decisions such as which routes to
select, the elevation height of travel, the speed at which to pro-
ceed, and other factors might make it more difficult to quantify
metacognitive sensitivity (and efficiency). As noted in a recent re-
view (84), while some measures of metacognition handle continu-
ous confidence judgments effectively, there appear to be few
(if any) options that handle continuous type 1 judgments well.
Progress is being made on this topic in new experiments probing
metacognitive sensitivity in sensorimotor domains (85, 86), but
additional research is needed. With Al metacognition having re-
cently been identified as being a critical component of cooperation
and safety in human-Al interactions (87, 88), further refinement
and testing of assessments in continuous domains becomes
even more important.

Metacognition (and metacognitive
sensitivity) is key for optimal joint

decision making

Most previous tasks to assess metacognitive sensitivity have eval-
uated this trait in single observers. However, previous work on op-
timal decisions in multiple (n = 2) observers provides insights into
how metacognitive ratings can aid joint decision making. In sem-
inal work by Bahrami et al. (29), the authors noted that within a
single mind, there are rules which govern how multiple senses
are optimally combined into a coherent percept: when discrepant
estimates of a quantity must be reconciled, observers weight each
sense’s estimate (e.g. visual and auditory estimates about spatial
position) by their reliability (63, 89, 90). Similarly, when multiple
(n = 2) observers must make decisions about ambiguous sensory
information, Bahrami et al. found something interesting: for 2
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observers with similar perceptual sensitivities, the optimal rule
was to combine their 2 estimates in a manner similar to the opti-
mal rules previously found in studies of multisensory integration,
but when one observer was substantially better than another,
combining estimates comes with a cost, rather than a benefit
(91). In their perceptual task, on each trial, 2 participants each ob-
served 2 intervals with Gabor patches, and had to judge whether
the first or second stimulus contained the “oddball” Gabor with
higher contrast (Figure 2). Across 4 experiments, the authors ma-
nipulated noise levels in the stimuli, whether or not communica-
tion was allowed, and whether feedback was provided.

How would one observer know whether to incorporate another
mind’s estimate, or keep it separate? The authors found that com-
munication about confidence in the estimate was key. The
authors compared 4 possible models about what could be com-
municated: a coin flip model (essentially resolving disagreements
by flipping a coin), a behavior and feedback model (in which par-
ticipants cannot communicate anything besides their choice dur-
ing the trial), a weighted confidence sharing model (in which
participants communicate their confidence in their judgment),
and a direct signal sharing model (in which the mean and stand-
ard deviation of the sensory responses are shared). Results
showed that the weighted confidence model best fit the data
from the task and demonstrated the benefits of multiple minds
sharing confidence judgments in joint decision making.

What are the insights that can be gleaned from Bahrami et al.
(29) and how does this relate to trust and optimal decision making
in AI? Several key ideas emerged: first, it was only optimal for one
observer to incorporate advice from another when performance
was at similar levels, something that has been shown previously
in the Al literature (42). Thus, we posit that for humans to trust
Al, an Al agent needs to report not only type 1 judgments about
what it chooses, but also (1) how confident it is in that specific
judgment and (2) its long-run accuracy in a given task that it per-
forms (60). Second, trial-by-trial confidence judgments proved key
for the collective benefit in decision making (92, 93), but feedback
did not impact decision making. Thus, this finding supports the
idea that when a second observer provides a type 2 report of con-
fidence, it can help observers make an optimal decision. However,
we argue that for confidence decisions to be meaningful, they
must differentiate (at least to some degree) between correct and
incorrect judgments. Without a reasonable degree of metacogni-
tive sensitivity, confidence judgments would be of little help.

Indeed, Pescetelli et al. (60) clarified that the weighted confi-
dence sharing model assumes that interacting individuals’ meta-
cognitive sensitivities are both good and similar to each other, and
their empirical results showed a direct correlation between the
mean metacognitive sensitivity in the dyad and the collective
benefit of dyadic performance over individual performance.
Thus, it takes more than communicating confidence for joint de-
cisions to be beneficial; metacognitive sensitivity is needed, too.
While the correlation between metacognitive sensitivity and ben-
efits in joint decision making revealed in this work is important
(60), future work will need to characterize how communicating
metacognitive sensitivity impacts decision making not only
when metacognitive sensitivity differs across human-Al dyads,
but also when overall accuracy differs across the dyad, too.

Critically, we note that even if confidence judgments (with ad-
equate metacognitive sensitivity) might help humans calibrate
when to trust Al systems, it is not a guarantee that they will opti-
mally incorporate that information (94). In this perspective, we
posit that trust and optimal decision making are distinct.
Drawing upon research in other fields, evidence indicates that

trust can dissociate from related concepts. For example, in con-
sumer adoption studies, “trust” and “intention to adopt” are dis-
tinct factors, understood as hierarchical stages of perception
and behavioral intention (43, 95). Further, factors including Al per-
sonality, anthropomorphism, and behavior all influence trust in
Al apart from the effects of the quality of information that it pro-
vides (44, 96). Therefore, we hypothesize that human agents may
calibrate their trust in Al to a given level, but we do not think this
guarantees that they will combine their own judgments with that
of Alin a way defined by a given “optimal” rule. However, our the-
sis is still that metacognitive sensitivity provides the key to both
elements: it allows humans to calibrate the level of trust in Al
agents and can inform the weights humans assign to decisions
made by AL

The rules governing optimal decision making will vary depend-
ingon the types of tasks that are involved. Further, as noted in pre-
vious studies of joint decision making (92), how task demands are
distributed, how the information is exchanged and integrated,
and whether feedback is provided are all factors that can influ-
ence outcomes. Despite these factors playing a role, having a
meaningful degree of metacognitive sensitivity is key for collect-
ive benefits in joint decision making (60, 97).

Can humans use measures of metacognitive
sensitivity to enhance joint decisions
with AI?

One example of how metacognitive sensitivity could play a role in
jointhuman-AlI decision makingis found in identifying perceptual
signatures of cancer in medical images. For example, using mag-
netic resonance imaging, specific perceptual features define pros-
tate cancer in 2 regions of the prostate: the transition zone and the
peripheral zone. In the peripheral zone for diffusion-weighted im-
ages, hyperintense patches denote cancer, but in the transition
zone, hypointense patches denote cancer (98, 99). Additionally,
cancerous lesions are defined by shape (e.g. linear, wedge, round,
lenticular), signal intensity (e.g. mild, moderate, markedly hypo/
hyperintense), and/or boundary type (e.g. completely or mostly
encapsulated, obscured margins). Current clinical training uses
different combinations of these 3 groups for category assignment
of detected lesions. If an Al system is trained to detect prostate
cancer and performs at a similar overall level to human doctors,
how would a doctor know whether to combine his or her diagnosis
with that of Al'in a specific instance? Al's confidence ratings in a
diagnosis could provide further information, but only to the de-
gree to which confidence ratings distinguish between correct
and incorrect judgments. Further, identifying the unique types
of errors made by the Al (such as whether it overgeneralizes learn-
ed perceptual features from one part of the prostate to another) is
another criticalissue, especially if those errors are made with high
confidence. The lack of metacognition in Al has recently been
noted as a hindrance for reliable medical reasoning (100), stress-
ing the need for evaluating metacognitive sensitivity for auto-
mated medical diagnoses in the future.

One issue thatinevitably arises is the following: if Al reports its
metacognitive sensitivity, how should it display this metric, so
that humans understand what the measure means and use it ef-
fectively? A range of measures for metacognitive sensitivity exist,
with pros and cons for different methods of quantifying the cor-
respondence between confidence and accuracy (78), but these
measures are not necessarily readily interpretable. For example,
telling a human observer that Al has a meta-d’ value of “3.2”
does not provide an immediate heuristic for most observers to
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Fig. 2. (A) Task paradigm from Bahrami et al. (29). On each trial, 2 human observers viewed 2 displays and had to judge which contained a Gabor with
increased contrast. In the first experiment, individual decisions were shown on the screen, and if the observers disagreed, they were allowed to
communicate to reach a joint decision. Feedback was shown for each observer’s judgment (blue, yellow) and the joint decision (white). (B) Four models
were fit to the data from experiment 1 (squares; each square is one pair), and the collective benefit (Sgyaa/Smax) Was plotted on the y-axis. Results showed
that a model that assumed confidence accurately reflected the probability of being correct (weighted confidence sharing [WCS] model) and a model that
assumed that mean and standard deviations of sensory responses are shared (direct signal sharing model [DSS]) fit the data equally well. (C) In a second
experiment, extra noise was added to the Gabor patches of one, both, or neither participant’s displays. Results showed that a model that incorporated
confidence judgments (WCS) provided the best account of the data. BF, behavior and feedback; CF, coin flip.

know whether or not to trust its judgment on a given trial. Moving
forward, it will be critical to explicitly test whether metacognitive
sensitivity provides benefits over and above reporting percent cor-
rect on a task, and how measures of metacognitive sensitivity
should be presented.

We suggest 2 possible methods for presenting information
about Al's metacognitive sensitivity. First, visualizations of
metacognitive sensitivity on a sliding scale (e.g. a vertical,
thermometer-like scape) could be presented, ranging from “no
metacognitive sensitivity” at the lower end, to “high metacogni-
tive sensitivity” at the upper end. These types of graphs could be
preceded by a single instruction such as, “Metacognitive sensitiv-
ity measures how effectively confidence distinguishes between
correct and incorrect judgments. High metacognitive sensitivity
means the Al is often confident in judgments when it is right,
and less confident in judgments when it is wrong. Low metacogni-
tive sensitivity means its confidence ratings often fail to track
whether it is right or wrong in a specific judgment.” Second, it is
possible that demonstrations or training may be needed for hu-
mans to further understand Al's metacognitive sensitivity, which
could be shown by briefly presenting a demonstration of how 2 Al
agents (one with high metacognitive sensitivity, one with low
metacognitive sensitivity) perform on different trials. These train-
ing procedures could occur for 5 to 10 minutes before humans
interact in joint decision-making tasks with the Al agents, and
questions/feedback could occur and the end of the training to
evaluate if humans understand the concept and can identify
which Al agent’s confidence judgments are more trustworthy.

Itis also an open question of whether metacognitive sensitivity
should be reported by the system that performs the task itself, or
an additional program or system that can monitor long-run per-
formance of a given system or agent. Because Al systems can
show biases in their confidence judgments (48, 101), research is
needed to determine whether one could also trust metacognitive
sensitivity reports in such systems, or whether a more reliable
protocol would be to outsource such monitoring to an external
source.

Further, combining quantitative and qualitative metacognitive
reports may be most effective in optimally combining information
in real-world tasks. For example, Al may be particularly effective
at optimizing routes of drones for real-world navigation (102-104),
but in order to understand why Al is making a specific decision
about its speed, route, altitude, or other factors during a task, a
combination of quantitative and qualitative descriptions of how
different factors were weighted in the decision-making process
may be necessary for a human to trust a given decision for
whether to override, supplement, or approve a given navigation
plan. In this sense, we argue that joint decision making between
Al and humans may need LLMs for real-world tasks, as the need
to make real-world decisions extends beyond the simplified para-
digms used for perceptual metacognition.

Metacognitive sensitivity and LLMs

Work has already begun to explore metacognitive capacities in
LLMs. Preliminary research indicates that LLMs tend to exhibit
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overconfidence in some reasoning tests, in a manner similar to
humans (105, 106). Yet, in easy tasks (such as identifying the
“best” answer), LLMs show metacognitive sensitivity comparable
to humans, with less tendency toward overconfidence (107). In
more complex tasks, their sensitivity can surpass human per-
formance (108). Metacognitive sensitivity may depend on the
type of judgment that is made: while LLMs and humans are simi-
lar in prospective confidence judgments, LLMs show lower
metacognitive accuracy in retrospective judgments (109). This dif-
ference is attributed to LLMs’ reliance on training data for confi-
dence ratings, which are not adjusted based on task experience
(109). This lack of calibration contributes to “hallucinations” or
“confabulations,” often seen in LLMs exhibiting metacognitive
myopia (110). To help calibrate human trust in Al systems, recent
studies have proposed various strategies for aligning Al confi-
dence and response accuracy through metacognitive learning
models (110-112). Once model confidence and accuracy were
made consistent, Steyvers et al. (113) found that further metacog-
nitive alignment between the model and user may be facilitated
via the LLM reporting its internal model confidence. Therefore, it
appears that building in training to assist Al systems in aligning
their confidence and accuracy may be key to providing benefits
in human-AI collaboration. LLMs provide a tool to explain their
decision-making processes to humans (114), but we posit that as
LLMs are increasingly incorporated into joint decisions, it will be
critical for them not only to explain their decision-making process
(Figure 1, option 4), but also to incorporate assessments of meta-
cognitive sensitivity (Figure 1, option 3) as the functions under-
lying decision making are explicated (114).

One critical issue that needs to be studied is how Al systems
can improve metacognitive sensitivity through training. One re-
cent example of successful training comes in the use of synthetic
data to improve medical reasoning in LLMs (100). Specifically, via
prompt engineering, the model or agent was trained to recognize
knowledge limitations and fine-tune its confidence ratings from
explicit feedback that it was given for specific medical problems
it had to solve. A similar rationale could be applied to training
models to diagnose cancer in medical images: if classification
models are combined with LLMs and required to reflect upon
what specific perceptual decision-making errors that they made
and why, it seems possible that this form of iterative feedback
may help them to refine both type 1 and type 2 decision making,
improving metacognitive sensitivity along the way. However,
this needs to be explicitly tested. As humans have many biases
that are often resistant to feedback, it remains an open question
as to what the best training methods are reduce biases in Al mod-
els, and this problem is amplified when Al systems might be
trained on datasets (e.g. the Internet) in which misinformation
and disinformation abound (115). Thus, for complex topics (e.g.
metacognitive sensitivity in making decisions about climate
change), rigorous testing must be conducted to determine which
sources of evidence should be used for training, and what types
of feedback might be most efficacious in improving metacognitive
sensitivity.

Future directions and conclusion

Both type 1 and type 2 judgments can vary across human and Al
agents, and the information present in each type of report can
be beneficial when making joint decisions. Several questions
emerge from this: in situations with differences in performance
across humans and Al, do models similar to those from Bahrami
etal. (29) still account for data, or do humans adopt more complex

strategies when deciding to integrate or segregate their judgments
with Al, similar to Bayesian causal inference (65)? Further, does
metacognitive bias influence whether information is integrated
or segregated across agents? And how does the type of domain
(perceptual, medical, etc.) influence how the information is
used, as judgments are made? It is clear that what is needed mov-
ing forward is a rigorous program of research in which perform-
ance levels, confidence levels, metacognitive sensitivities, and
the domain of decision making are all varied systematically, to
better understand how these factors influence human trust in
Al, and whether they follow the rules of optimality in joint deci-
sions. This program will likely need to include work on cultivating
procedures to try to improve metacognitive sensitivity in AI mod-
els; recent work suggests that synthetic data and prompt engin-
eering may be techniques that can improve metacognition (100),
but more empirical research is needed.

To date, research provides evidence of possible benefits when
observers interact with one another before making joint deci-
sions. This benefit has been observed not only in joint human de-
cision making (29), but also in human-AlI interactions (34-37).
Preliminary evidence shows that metacognition can be a critical
component in the benefits of these interactions (29), but because
evidence also indicates that metacognitive ratings can lead hu-
mans astray when incorporating advice from Al (49), how will
we know when to trust and incorporate its advice? In this piece,
we have argued that a critical component is likely to be found in
reports from Al about its metacognitive sensitivity. When Al is
able to faithfully report on the correspondence between its confi-
dence and accuracy, this information can be utilized by humans
to evaluate whether to incorporate its estimates and advice into
joint human-Al decisions. Challenges remain in training humans
to make use of information about metacognitive sensitivity, and
the field needs to develop measures (27, 50, 74) that extend to
more complex and naturalistic tasks. But as the world increasing-
ly relies on the use of Al to make decisions in healthcare, finance,
and education, we think research to explore the importance of
measuring and reporting both type 1 and type 2 sensitivity in Al
systems will be critical, as we look to make the best possible use
of information that these systems provide.
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