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Abstract

In human-AI decision-making, understanding the factors that
maximize overall accuracy remains a critical challenge. This
study highlights the role of metacognitive sensitivity—the
agent’s ability to assign confidence scores that reliably distin-
guish between correct and incorrect predictions. We propose
a theoretical framework to evaluate the impact of accuracy
and metacognitive sensitivity in hybrid decision-making con-
texts. Our analytical results establish conditions under which
an agent with lower accuracy but higher metacognitive sensi-
tivity can enhance overall decision accuracy when paired with
another agent. Empirical analyses on a real-world image clas-
sification dataset confirm that stronger metacognitive sensitiv-
ity—whether in AI or human agents—can improve joint deci-
sion outcomes. These findings advocate for a more compre-
hensive approach to evaluating AI and human collaborators,
emphasizing the joint optimization of accuracy and metacog-
nitive sensitivity for enhanced decision-making.

Keywords: Human-AI collaboration; AI-Assisted Decision-
Making; Model Accuracy; Metacognitive Sensitivity

Introduction
Artificial Intelligence (AI) is advancing rapidly in fields such
as computer vision (Khan, Laghari, & Awan, 2018), speech
recognition (Alharbi et al., 2021), and natural language pro-
cessing (Raparthi et al., 2021). Humans are increasingly re-
liant on AI to make better decisions in a variety of fields, in-
cluding AI-assisted driving, clinical diagnosis, and judicial
advisory services. There is substantial potential for AI to
assist humans, as the strengths and weaknesses of humans
and AI are complementary. AI trained on large datasets can
match or surpass human capabilities in specialized, narrow
domains, whereas humans excel at learning quickly, gener-
alizing from limited examples (Lake, Salakhutdinov, Gross,
& Tenenbaum, 2011; S. W. Lee, O’Doherty, & Shimojo,
2015), adapting to novel situations (Franklin & Frank, 2020;
Wu, Meder, & Schulz, 2024), and handling diverse tasks
(Goertzel, 2014). Consequently, effective AI assistance is ex-
pected to become increasingly common in everyday life.

However, achieving human-AI complementarity—where
human-AI teams outperform either humans or AI working in-
dependently—is challenging (Steyvers & Kumar, 2024). For
instance, Vaccaro, Almaatouq, and Malone (2024) reported
that nearly half of the reviewed studies found that human-AI
collaboration led to worse performance. Similarly, a compre-
hensive review by Hemmer, Schemmer, Vössing, and Kühl
(2021) of 53 studies on human-AI performance revealed that

only 16 (30%) demonstrated complementarity. These find-
ings highlight the need to better understand the factors driving
successful human-AI collaboration.

One key factor determining the performance of a human-
AI team is the accuracy of the human and AI working in-
dependently. If a human has a choice to work with one of
two AI’s, the human will be better off working with the more
accurate AI. However, there are determinants other than ac-
curacy that influence the performance of the human-AI team.
In this paper, we focus on how confidence scores affect col-
laborative performance, with an emphasis on metacognitive
sensitivity—the degree to which an agent consistently assigns
higher confidence to correct decisions than to incorrect ones.
Specifically, we explore how this aspect of metacognition in-
teracts with accuracy to influence overall human-AI perfor-
mance.

Confidence Scores in Human-AI Complementarity
Both humans and AI can provide confidence
scores—estimates of how likely their decisions are to
be correct. Humans routinely engage in metacognitive
processes to evaluate their decision accuracy (Peters, 2022;
Grimaldi, Lau, & Basso, 2015) and many AI models generate
confidence estimates as part of their training objectives. For
open-ended tasks, such as querying a large language model,
confidence can be inferred through repeated evaluation or
token likelihoods (Jiang, Araki, Ding, & Neubig, 2020;
Kadavath et al., 2022). These confidence scores are essential
for determining when human-AI teams achieve comple-
mentarity. For instance, even if an accuracy gap exists,
complementarity can still occur if humans are confident in
their decisions when the AI is not, and vice versa. Steyvers,
Tejeda, Kerrigan, and Smyth (2022) demonstrated using
Bayesian analysis that complementarity is achievable only
when the accuracy difference between humans and AI falls
within a specific range, dependent on the correlation between
their confidence scores. These findings are supported by
empirical evidence.

The reliability of confidence scores—how well they re-
flect actual correctness—also plays a pivotal role in deter-
mining human-AI complementarity. When confidence scores
are reliable, decisions can often be optimized using a Bayes-
optimal approach, weighting decisions according to confi-
dence levels and accuracy (Dietterich, 2000). This principle
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is evident in human-human collaboration. For example, in
a perceptual experiment by Bahrami et al. (2010), pairs of
participants identified which of six visual stimuli had higher
contrast. When they disagreed, they discussed and made
joint decisions. Consistent with Steyvers et al. (2022)’s anal-
ysis, the results showed that pairs achieved complementar-
ity only when their individual accuracies were sufficiently
similar and their joint decisions aligned with a confidence-
weighted model.

Confidence Discrimination versus Calibration
The reliability of confidence scores can be evaluated through
two key aspects: calibration and discrimination, both of
which are critical for effective human-AI collaboration. Cal-
ibration measures the alignment between confidence and ac-
curacy, capturing tendencies toward overconfidence or under-
confidence. In psychology, this is referred to as metacognitive
bias (Fleming & Lau, 2014). Better calibration—whether in
humans or AI—has been shown to improve joint performance
(Ma et al., 2024; Benz & Rodriguez, 2023; Zhang, Liao, &
Bellamy, 2020), though some exceptions exist (Vodrahalli,
Gerstenberg, & Zou, 2022).

Discrimination, also known as metacognitive sensitivity,
assesses an agent’s ability to distinguish between correct and
incorrect responses based on its confidence levels (Fleming
& Lau, 2014). Recent work by Steyvers et al. (2025) demon-
strated that large language models capable of accurately
communicating their confidence through verbal explanations
helped humans better assess the model’s accuracy and distin-
guish between its correct and incorrect responses.

Although related, calibration and discrimination are dis-
tinct. Calibration reflects how well confidence scores match
empirical accuracy and can often be corrected post hoc. Dis-
crimination, by contrast, measures the ability of the model
to rank the confidence of correct predictions higher than in-
correct ones and is not easily adjusted without modifying the
model itself. To date, no prior work has analytically formal-
ized or empirically investigated the role of discrimination in
the context of human-AI teaming.

The Need for a Theoretical Framework
Although prior research has examined how confidence
and metacognitive processes influence human-AI decision-
making, no study has explicitly isolated the impact of
metacognitive sensitivity—whether human or AI—on joint
human-AI decision-making or explored its trade-offs with ac-
curacy. To address this, we propose a theoretical framework
that specifies how both accuracy and metacognitive sensitiv-
ity jointly affect the performance of human-AI teams.

Using a signal-theoretic approach (Maniscalco & Lau,
2012), we model the effect of an agent’s discrimination and
accuracy parameters on the accuracy of a human-AI team and
apply calculus to derive the team’s combined accuracy under
reasonable assumptions. Our analysis quantifies the impact of
accuracy and metacognitive sensitivity in human-AI decision-
making and reveals conditions where lower-accuracy agents

with superior metacognitive sensitivity enhance overall team
performance, a result we refer to as an inversion scenario.
We further validate this framework using an empirical dataset
where humans and AI classify images. The results confirm
the existence of inversion scenarios and show the importance
of balancing both accuracy and metacognitive sensitivity for
optimal human-AI collaboration.

Problem Setup
We aim to study the impact of accuracy and metacognitive
sensitivity when combining the predictions of two agents.
These agents can both be humans similar to aggregation
problems studied in the context of collective intelligence
(Kameda, Toyokawa, & Tindale, 2022), both AIs similar to
ensemble learning problems (Dietterich, 2000), or a combi-
nation of one human and one AI. The agents’ predictions can
be combined by one agent integrating their own prediction
with the prediction from the other agent (e.g., AI-assisted hu-
man decision-making) or by a statistical rule.

Our theoretical model applies to all these settings, but we
will frame the model in terms of a hybrid human-AI decision-
making problem where a statistical rule is used to combine
the predictions. In this setting, let M and H represent the AI
model and human agent, respectively. The accuracy of agents
M and H is denoted as am and ah, respectively, representing
the proportion of correct decisions. Additionally, both agents
provide confidence scores associated with their decisions, de-
noted as cm and ch, where 0 ≤ cm,ch ≤ 1.

We will consider the effect of an agent’s metacognitive sen-
sitivity, the ability to assign higher confidence scores to cor-
rect predictions than to incorrect ones, on combined human-
AI accuracy. Our results show that when H’s accuracy ah
is low, M’s predictions dominate the final decision, making
the combined accuracy primarily dependent on M’s accuracy
am. However, as ah increases, M’s metacognitive sensitivity
significantly influences overall accuracy. Notably, we demon-
strate that in certain cases, higher accuracy can be achieved
when H is paired with an agent M1 that has lower accuracy
but higher metacognitive sensitivity, compared to an agent M2
with higher accuracy but lower metacognitive sensitivity.

Generative Model
To analyze the interplay between accuracy and metacogni-
tive sensitivity in AI models, we adopt a signal detection the-
ory framework to model the generation of confidence scores
(Galvin, Podd, Drga, & Whitmore, 2003). This framework
allows us to control and simulate the accuracy and metacog-
nitive sensitivity of an AI model in a systematic and inter-
pretable manner. We then derive the analytic solution for
combined accuracies of the human and AI under assumptions
of normality.

AI Confidence Distribution
Let ym be a Bernoulli random variable representing the cor-
rectness of a prediction, with latent variable θm representing
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Figure 1: Illustration of the signal detection model to gen-
erate a model’s confidence scores cm by mixing confidence
distributions for correct and incorrect decisions. The illustra-
tion is based on µ0 =−1,µ1 = 1,θm = 0.7

the probability of a correct model prediction, i.e. ym = 1:

ym ∼ Bernoulli(θm) (1)

The AI model generates a confidence score cm conditioned
on ym. We assume the confidence distributions for correct
and incorrect predictions follow logit-normal distributions:

cm | ym ∼

{
LogitNormal(µ0,σ

2) if ym = 0,
LogitNormal(µ1,σ

2) if ym = 1.
(2)

where µ1 > µ0 reflects the model’s ability to assign higher
confidence to correct predictions. The marginal confidence
distribution is given by: p(cm) = p(ym = 1)p(cm | ym =
1)+ p(ym = 0)p(cm | ym = 0) where p(ym = 1) is the model
accuracy θm and p(ym = 0) = 1−θm. Figure 1 illustrates the
model confidence distributions for correct and incorrect pre-
dictions as well as the marginal confidence distribution.

Metacognitive Sensitivity
Metacognitive sensitivity reflects an agent’s ability to assign
higher confidence scores to correct predictions than to incor-
rect ones. We quantify this using Cohen’s d, which measures
the standardized mean difference between the confidence dis-
tributions for correct and incorrect predictions:

d =
µ1 −µ0

σ
. (3)

As an alternative metric, we can also convert d to the area un-
der the curve (AUC) for ease of interpretation. The AUC in
our context is the probability that a randomly selected correct
prediction will have a higher confidence score than an incor-
rect one. For normal distributions, this type of AUC can be
directly derived from d (Kraemer, 2014):

AUC = Φ

(
d√
2

)
, (4)

where Φ is the standard normal cumulative distribution func-
tion. The AUC metric for metacognitive sensitivity is not the
same as the typical ROC AUC used in machine learning. The
ROC AUC assesses the discrimination for positive and neg-
ative labels, whereas in the signal detection framework we
apply here, the AUC assesses the discrimination for correct
and incorrect decisions.

Combined Accuracy with Constant Human
Confidence
When the human predictions are combined with the AI pre-
dictions, the goal is to maximize the combined decision ac-
curacy. For a given input, a decision is made whether the
final prediction is based on the human or AI prediction based
on the AI’s confidence score cm and the human confidence
score ch. We first consider the case when human confidence is
constant across all problems. For simplicity, we also assume
perfect calibration for the human: when a human assigns a
confidence ch, their accuracy is also ch on average.

Using Bayes’ rule, the model calibration function that re-
lates model accuracy to model confidence is

p(ym = 1 | cm) =
p(ym = 1)p(cm | ym = 1)

p(cm)
.

Since µ1 > µ0 for the model confidence distributions, the
probability of a correct model prediction conditional on con-
fidence, p(ym = 1 | cm), increases monotonically with cm.

The combined accuracy is determined by a switch-point
cm = c∗, where the human accuracy is aligned with AI accu-
racy:

ch = p(ym = 1 | c∗). (5)

The probability of a correct final prediction for a particular
level of human confidence ch is given by:

p(ycombined = 1 | ch) =

{
ch if cm < c∗,
p(ym = 1 | cm) if cm ≥ c∗.

(6)

In other words, if AI confidence is less than the switch-point
confidence (cm < c∗), the final prediction should be based on
the human prediction because the human is more accurate.
On the other hand, if cm ≥ c∗, the final prediction should be
based on the AI because the AI is more accurate.

Thus, the combined accuracy can be expressed as follows:
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p(ycombined = 1 | ch) =∫ c∗

0
ch p(cm)dcm +

∫ 1

c∗
p(ym = 1 | cm)p(cm)dcm, (7)

To find c∗, we invert f by setting:

ch = f (c∗). (8)

Solving this yields:

c∗ = sigmoid
(

σ2[logit(ch)− logit(θm)]

µ1 −µ0
+

µ1 +µ0

2

)
, (9)

Using properties of the logit-normal distribution and expand-
ing c∗, the combined accuracy becomes:

p(ycombined = 1 | ch)

= ch
[
θmΦ(r)+(1−θm)Φ(r+d)

]
+θm [1−Φ(r)] . (10)

where

r =
logit(ch)− logit(θm)

d
− d

2
(11)

Note that p(ycombined = 1 | ch) depends only on: the hu-
man confidence ch, the model accuracy θm and the model’s
metacognitive sensitivity d.

Combined Accuracy with Variable Human
Confidence
We now consider the more general case when human confi-
dence varies across problems. Specifically, we will assume
that human confidence follows a logit-normal distribution:

ch ∼ LogitNormal(µh,σh). (12)

As before, we assume that the human decision-maker is per-
fectly calibrated (i.e., the confidence ch directly reflects the
human’s probability of correctness).

To derive the predicted combined accuracy, p(ycombined =
1), we integrate the accuracy conditional on human confi-
dence p(ycombined = 1 | ch) over ch:

p(ycombined = 1) =
∫ 1

0
p(ch)p(ycombined = 1 | ch)dch

≈ θm BN
(

a√
1+b2

,
s√

1+ t2
,ρ =

bt√
1+b2

√
1+ t2

)
+(1−θm)BN

(
a+d√
1+b2

,
s√

1+ t2
,ρ =

bt√
1+b2

√
1+ t2

)
+θm

[
1−Φ

(
a√

1+b2

)]
(13)

where

a =
µh − logit(θm)

d
− d

2
, b =

σh

d
s = λµh, t = λσh (14)
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Figure 2: Predicted combined human and AI accuracy as a
function of model accuracy (θm) and metacognitive sensitiv-
ity (assessed by AUC). Panels show results for different dis-
tributions of human confidence with mean µh and standard
deviation σh. The red arrow highlights a scenario where AI
model A1, having lower accuracy and higher metacognitive
sensitivity than model A2, achieves higher accuracy when
combined with a human.

The operator BN is the Bivariate-Normal CDF and λ =
√

π

8
is the constant for probit approximation. We tested various
parameters and the approximation is highly accurate, within
1% difference of numerical integration.

The overall combined accuracy depends only on the mean
µh and variance σh of the human confidence distribution, the
model accuracy θm, and the model’s metacognitive sensitivity
d.

In Figure 2, we present a graph depicting combined accu-
racy as a function of these four variables. When human accu-
racy is low (µh = −1), the combined accuracy primarily de-
pends on AI accuracy (θm). However, as human accuracy in-
creases (µh = 1), AI metacognitive sensitivity plays a crucial
role in determining overall accuracy. The figure also high-
lights an example where AI model A1, despite having lower
accuracy but higher metacognitive sensitivity than model A2,
achieves greater combined accuracy when paired with a hu-
man.
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Experiments
To evaluate the impact of metacognitive sensitivity on the ac-
curacy of combined decision-making in a real-world setting,
we apply our theoretical framework to an image classifica-
tion dataset comprising both human and machine predictions.
We verify that the theoretical predictions align with observed
outcomes through experiments that investigate the influence
of human and AI metacognitive sensitivity.

Image Classification Dataset
We use the ImageNet-16H image classification dataset from
Steyvers et al. (2022). This dataset comprises 1,200 images
across 16 categories selected from the ImageNet challenge
(Russakovsky et al., 2015). To increase task difficulty, four
levels of phase noise distortion were applied to each image,
yielding 4,800 unique images.

A total of 145 participants each labeled a subset of
200 images and provided confidence ratings (low, medium,
high) for each decision, resulting in 28,997 human classi-
fications with associated confidence scores. Additionally,
the dataset includes predictions from five machine classi-
fiers—AlexNet, DenseNet161, GoogleNet, ResNet152, and
VGG19—pretrained on ImageNet. These models were fine-
tuned for four different durations, producing 20 model vari-
ants in total.

Methods
We paired each of the 20 model variants with each of the 200
human participants, yielding 4,000 human-AI pairs. Each
pair classified a subset of 200 images. Within each pair, we
generated calibration curves for both the human and AI mod-
els, which are essential for computing both theoretical and
empirical combined accuracies.

For human participants, we constructed calibration curves
by computing mean accuracy at three confidence levels. For
AI models, we extracted top-1 confidence scores for each pre-
diction, binned them into ten equal-width intervals between 0
and 1, and computed the mean accuracy within each bin to
form the AI calibration curve.

Experiment 1: Effect of AI Metacognitive Sensitivity
Since the theoretical framework assumes that agent H is per-
fectly calibrated, we empirically calibrated human confidence
scores by replacing them with the mean accuracies of the
corresponding bins in the human calibration curve. Addi-
tionally, we assumed that agent H’s confidence scores fol-
low a logit-normal distribution with mean µh and standard
deviation σh. We estimated them via maximum likelihood by
logit-transforming the human calibrated scores and comput-
ing their mean and standard deviation.

Agent M is characterized by latent accuracy θm and
metacognitive sensitivity d. We estimated them using maxi-
mum likelihood on the AI confidence scores. After determin-
ing all four parameters—µh, σh, θm, and d—we computed the
predicted combined accuracy using equation 13. We also ob-
tained the empirical combined accuracy using the following

procedure:

1. Bootstrap a sample of 2,000 images for each human-AI
pair from their set of 200 images.

2. Retrieve the AI’s top-1 confidence scores and the human’s
calibrated accuracy for each sampled image.

3. Use the AI’s calibration curve to estimate the mean accu-
racy corresponding to its confidence score.

4. Choose the prediction with the higher mean accuracy: fol-
low the human’s prediction if their calibrated accuracy ex-
ceeds the AI’s; otherwise, follow the AI’s prediction.

5. Compare the selected prediction to the ground-truth label
to assess correctness.

The proportion of correct predictions across the 2,000 im-
ages was recorded as the empirical combined accuracy.

Experiment 2: Effect of Human Metacognitive Sensitivity
In the second experiment, we followed the same procedure
but reversed the roles of the human and AI agents. Here, the
AI was designated as agent H, and the human as agent M,
allowing us to examine the impact of human metacognitive
sensitivity on combined decision accuracy.

Specifically, we empirically calibrated the AI’s confidence
scores and estimated its logit-normal distribution parameters.
We then computed the human’s latent accuracy and metacog-
nitive sensitivity, applying the same method to obtain the
combined decision accuracy.
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Figure 3: Theoretical vs. empirical accuracy of human-
AI combinations for Experiment 1 (left) and Experiment 2
(right). The dashed line represents the points where the two
accuracies are equal.

Results
Theoretical Accuracy Aligns with Empirical Accuracy
Figure 3 illustrates that for both experiments, the combined
accuracy predicted by our theoretical framework (equation
13) closely aligns with the accuracy obtained from empiri-
cal simulations. This yields a Pearson correlation of R = 0.92
with p < 0.001 for both experiments.
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Figure 4: Empirical combined human-AI accuracy versus hu-
man accuracy for 200 participants paired with the VGG19
model fine-tuned for one epoch. Participants are divided into
two groups based on a median split of their metacognitive
sensitivity, measured by AUC. The trendline is fitted using
linear regression, with confidence bands representing stan-
dard errors. The dashed line denotes points where human and
combined accuracies are equal. Points H1 and H2 highlight
potential inversions, where a participant with lower accuracy
but higher metacognitive sensitivity achieves a higher com-
bined accuracy (than a human with higher accuracy but lower
metacognitive sensitivity).

Higher Metacognitive Sensitivity Increases Combined Ac-
curacy Visualizing the results of the first experiment is
challenging, as illustrating the impact of AI’s metacognitive
sensitivity would require a separate graph for each of the 200
participants. To analyze this effect, we employed a multilevel
linear regression model predicting empirical combined accu-
racy. This model included human accuracy, AI accuracy, and
AI metacognitive sensitivity as covariates, with human par-
ticipants treated as random intercepts.

The findings indicate that AI metacognitive sensitivity pos-
itively influences combined accuracy, with significant effects
observed for both empirical (β = 0.07, SE = 0.013, t =
5.73, p < 0.001) and theoretical (β = 0.15, SE = 0.009, t =
16.49, p < 0.001) combined accuracy.

In Experiment 2, Figure 4 plots empirical combined ac-
curacy against human accuracy for the VGG19 model fine-
tuned for one epoch and paired with 200 participants. Partic-
ipants were divided into two groups based on a median split
of their metacognitive sensitivity (AUC). The trendline for
the top 50% lies above that of the bottom 50%, demonstrat-
ing that greater metacognitive sensitivity enhances combined
accuracy. Notably, we observed instances where a partici-
pant with lower accuracy but higher metacognitive sensitivity
achieved higher combined accuracy in collaboration with the
AI.

To validate this effect, we applied a multilevel linear
regression model predicting empirical combined accuracy
across all 20 AI models. This model included human ac-
curacy, AI accuracy, and human metacognitive sensitivity as
covariates, with model variants treated as random intercepts.
The results confirm that higher human metacognitive sensi-
tivity significantly improves combined accuracy, with an ef-
fect size comparable to that observed in the first experiment
(β = 0.06, SE = 0.006, t = 10.59, p < 0.001).

Discussion and Limitations
This study establishes a foundation for understanding the role
of accuracy and metacognitive sensitivity in hybrid human-
AI decision-making. Our findings demonstrate that both hu-
man and AI metacognitive sensitivity are crucial factors in
shaping decision outcomes. The proposed analytical frame-
work provides precise predictions on the interplay between
metacognitive sensitivity and accuracy. Specifically, it pre-
dicts that when human accuracy is near chance, AI accu-
racy solely determines joint performance. However, when
humans exhibit some level of expertise, optimizing both accu-
racy and metacognitive sensitivity becomes essential for en-
hancing overall performance.

Several avenues remain open for further exploration to re-
fine both the theoretical framework and its practical applica-
tions. A key direction for future research is improving the
modeling of human decision-makers. In this study, we as-
sumed perfect calibration—where human confidence accu-
rately reflects the probability of correctness. Future work
could incorporate more realistic human behaviors, such as bi-
ases, overconfidence, and underconfidence. Computational
modeling approaches from cognitive science, such as those
based on signal detection theory, could provide a richer rep-
resentation of human confidence and decision-making pro-
cesses (Maniscalco & Lau, 2012).

Another essential direction for future research is conduct-
ing behavioral experiments to assess whether humans can ef-
fectively integrate an AI model’s metacognitive sensitivity
into their decision-making. While prior research (D. Lee,
Pruitt, Zhou, Du, & Odegaard, 2024) suggests that humans
are attuned to metacognitive sensitivity when receiving ad-
vice from other agents, empirical validation is needed to con-
firm this effect in human-AI interactions.

Conclusion
In this paper, we introduced a theoretical framework to eval-
uate the impact of accuracy and metacognitive sensitivity in
hybrid human-AI decision-making tasks. Our analysis high-
lights that agents—whether human or AI—with lower accu-
racy but superior metacognitive sensitivity can significantly
enhance overall performance in hybrid systems. These find-
ings challenge the conventional emphasis on accuracy alone,
underscoring the critical role of metacognitive sensitivity in
optimizing human-AI collaboration. This work advances our
understanding of human-AI complementarity, offering key
insights into the metrics that drive effective cooperation.
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