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Abstract. We use a controlled experiment to show that ability and belief calibration jointly
determine the benefits of working with artificial intelligence (AI). AI improves perfor-
mance more for people with low baseline ability. However, holding ability constant, Al
assistance is more valuable for people who are calibrated, meaning they have accurate
beliefs about their own ability. People who know they have low ability gain the most from

working with Al In a counterfactual analysis, we show that eliminating miscalibration
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would cause Al to reduce performance inequality nearly twice as much as it already does.
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1. Introduction

In the future, many workers will use Al tools. How will
these tools affect productivity and inequality in the
labor market? Broadly speaking, Al is trained on a vast
corpus of human examples and can perform a variety
of tasks at, or near, the level of human experts. But Al
rarely outperforms the best humans, and workers can
complement Al both with contextual knowledge and
the ability to deal with atypical examples. In this paper,
we propose that complementarities between workers
and Al tools will be greatest when workers have an
accurate appraisal of their own abilities.

We show that workers with well-calibrated beliefs
make better use of Al assistance. Calibrated beliefs are
those that are aligned with objective likelihoods. For
example, when 90% sure, a calibrated person is correct
90% of the time." Belief calibration is important regard-
less of the Al’s capabilities. Consider the case of an Al
that provides assistance to workers who are making
some prediction about a future event, such as whether
a financial transaction is fraudulent or whether a person
will reoffend if released on bail. If the Al’s prediction is
very poor, underconfident workers will defer too much
even if they have better information. If the Al's predic-
tion is extremely accurate, overconfident workers will
override it when they should defer, limiting how much
can be gained from Al assistance (Hoffman et al. 2018).

In this paper, we introduce an experimental frame-
work to measure both ability and calibration and their
impact on the gains from Al assistance. To measure
these characteristics properly, we must elicit probabilis-
tic assessments from a large sample of participants in a
task for which there is an objectively correct answer (a
clear “ground truth”) and with an appropriate level of
task difficulty relative to a calibrated Al

We ask 732 experimental participants to report the
likelihood that 160 different people in photographs are
over 21 years of age. Some participants are randomly
assigned an Al assistant that provides them with an
algorithm’s probabilistic confidence score. The Al assis-
tant is more accurate than the average person but less
accurate than the best person, a fact that is known to
participants. Treatment group participants receive Al
assistance for only some images, which allows us to
estimate baseline ability at the task. We also measure
general cognitive ability by administering a short form
of the Raven’s matrices test.

We find that Al assistance improves prediction accu-
racy on average and with heterogeneous impacts across
individuals. We present three main findings addressing
the question of “who benefits?” First, the impact of Al
assistance depends on whether participants are cali-
brated about their own abilities. Holding baseline
ability fixed, a one-standard-deviation increase in
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calibration increases the average treatment effect of Al
assistance by 20%.

Second, we find that participants with high calibra-
tion and low ability gain the most from working with
AL This is consistent with the finding that Al closes the
performance gap between lower performers and their
more expert peers (Noy and Zhang 2023, Autor 2024,
Brynjolfsson et al. 2025).

Third, we find that miscalibration limits the extent to
which Al assistance can reduce differences in productiv-
ity (“performance inequality”). In a counterfactual analy-
sis where miscalibration is eliminated, the productivity
gap (captured by interquartile ratio, a measure of spread)
would shrink nearly twice as much as it does already
with the introduction of Al assistance. The reason is that
low-ability participants also tend to be more miscali-
brated, which limits the benefits from working with Al

Our paper makes two main contributions. First, con-
sistent with several recent studies, we find that Al tools
increase average productivity and reduce disparities in
output between high-skilled and low-skilled workers
(Gruber et al. 2020, Noy and Zhang 2023, Choi et al.
2024, Merali 2024, Brynjolfsson et al. 2025). For exam-
ple, Gruber et al. (2020) find that giving health in-
surance brokers Al-based decision support improves
retiree choices by $278 on average and decreases per-
formance heterogeneity among brokers. We extend this
literature by showing that belief calibration may be
important for understanding when Al tools will mean-
ingfully reduce productivity differences.

Second, we extend the experimental literature on the
impact of Al advice on human decision making, particu-
larly those studies that find a relationship between confi-
dence and willingness to rely on Al advice (Tejeda et al.
2022, Dargnies et al. 2024). The closest paper to ours is
Agarwal et al. (2023), who find that the impact of Al on
decision quality is influenced by the relative confidence
of humans and machines. In Agarwal et al. (2023), radi-
ologists reported how likely chest radiographs were to
exhibit different pathologies, with and without Al assis-
tance. Al assistance improves performance in cases
where human radiologists are relatively uncertain, but
performance suffers when humans are more confident,
leading to a zero average effect. Our paper builds on this
work by making three methodological innovations: we
collect a large number of observations from each indi-
vidual, implement a task with a clear ground truth,® and
use task behavior to measure belief calibration.
Together, these innovations allow us to disentangle the
separate impacts of ability and calibration. We show
that individuals with better-calibrated beliefs (before
receiving Al assistance) benefit more from Al assistance
and that this impact is especially pronounced for indivi-
duals with low ability at baseline.

The paper is structured as follows. Section 2 intro-
duces a minimal conceptual framework to define our

main measures of ability, beliefs, and calibration, as
well as our empirical strategy. Section 3 discusses the
experimental design and participant pool. Section 4
presents our experimental analysis and results. Section
5 concludes with a discussion.

2. Ability, Beliefs, and Calibration
2.1. Measures
An individual decision maker i faces a number of
binary classification task instances w € Q=[0,1] for
which we elicit probabilistic beliefs B;(w) € [0, 1], hence-
forth encoded in random variable B;. True states across
task instances are summarized by a random variable
S e€{0,1} with balanced prior E[S] =1/2. We use the
relationship between an individual’s beliefs B; and the
true states S to define a simple measure of both the indi-
vidual’s ability—what they know—and calibration—
how well they know what they know. In words, we
measure ability as how likely an individual is to be cor-
rect if they always guess the state they believe is more
likely to be true, confidence by how likely they believe
they will be correct, and calibration as the absolute
value of the difference between the two.

More formally, define a random variable summariz-
ing whether beliefs would have induced correct choices
at a decision threshold of 50%:

1 if |B;—S| <05
Ri=< 05 if B; =0.5
0 else,

and define the individual’s ability as the expected accu-
racy of such choices:

A; = E[R}]. 1)

For calibration, define a random variable summarizing
the confidence of beliefs over each image:

Ki = maX{Bi, 1- Bi}/

and define the individual’s net confidence as the expected
difference between their confidence and correctness:

N,' = E[Kl — Rl]

If correctness exceeds confidence N; < 0, we say that an
individual is underconfident; if confidence exceeds cor-
rectness N; > 0, we say that an individual is overconfi-
dent. In either case, the larger the difference between
perceived and actual performance, the less an indivi-
dual’s beliefs are calibrated. We capture this notion by
defining the individual’s calibration as the negative
absolute value of their net confidence:

Ci=—|E[Ki = R{]|. ()
Empirically, an individual is calibrated if, say, expres-

sing 75% confidence in their classifications, they are
also correct 75% of the time. Alternatively, calibration
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could be further disaggregated across bins of an indivi-
dual’s confidence (DeGroot and Fienberg 1983) or
estimated parametrically (Grether 1980); in Online
Appendix A.4, we show that our results are robust to
such alternative definitions of calibration and to alter-
native definitions of ability, such as the area under the
receiver operating characteristic curve, or AUC (Bam-
ber 1975, Hanley and McNeil 1982).

Our main question is how ability and calibration
relate to the ability to incorporate Al advice. In contrast
to human decision makers, we ensure that the AI mod-
el’s probabilistic predictions, which we denote by M,
are calibrated. Working with the Al, individual i
observes and integrates the Al predictions M before
reporting their Al-augmented subjective beliefs B;,
which determine Al-augmented ability A; as in (1) and
calibration C; as in (2).* If the human benefits from the
Al but also does not repeat its predictions M wholesale,
we expect that the Al-augmented human beliefs B; will
differ from the human beliefs B; and the Al beliefs M on
their own.

To state our main prediction, we consider a popula-
tion of individuals summarized by a joint distribution
of individual and Al-augmented abilities and calibra-
tion (A;, A;, C;). Our main prediction is that, conditional
on their individual ability A;, individuals who are more
calibrated will benefit more from working with Al in
terms of their Al-augmented ability A;. Formally,

Prediction 1. Al-augmented ability E[A;|A; =a,C;=c]
is increasing in calibration c¢ given ability a. Equivalently,
Al value-added E[A; — Ai|A;=a,Ci=c] is increasing in
calibration c given ability a.

The equivalence of the level and value-added
interpretations is immediate, given the conditioning on
ability. However, conditioning on ability is generally
important because the net confidence underlying cali-
bration (2) is a linear function of accuracy.

2.2. Empirical Framework

We now embed our main prediction into a standard
causal framework. In a random subset of task instances
we call the control block, all individuals work without
Al assistance. We estimate individual skills A; and C;
for each individual i using plug-in estimators of the
respective Definitions (1) and (2) in the control block of
task instances. In the remaining subset of task instances
we call the treated block, we randomly assign as treat-
ment T; € {0,1}, whether human i worked with or with-
out Al assistance. To distinguish outcomes from skills,
we adopt potential outcome notation: let Y;(0) = A;
denote individual s performance if (potentially)
assigned to work alone, and let Yi(1) = A; denote indi-
vidual i’s performance if assigned to work with Al The
treatment effect Y;(1) — Y;(0) is thus the value-added
A;— A; from working with AL Let Y; =Yi(T;) denote

the observed outcome given treatment status. We esti-
mate individual performance Y; for each individual
using a plug-in estimator of (1) in the treated block of
tasks.

We test Prediction 1 in a linear regression specifica-
tion:

Y,’=0(0+0€1A1'+C¥2C[+ﬁOT1'+‘81A1'Ti+‘32C1'Ti+€[. (3)

For intuition, first consider the case where there is no
heterogeneity in skills (A;,C;). Then, ay captures the
average ability of individuals working alone and §, the
average treatment effect of working with Al In turn,
the remaining coefficients ay,a,f,, and , capture
observed heterogeneity in the level and treatment effect
in terms of ability and calibration, respectively. Our
main Prediction 1 is that the treatment effect is increas-
ing in calibration ¢ given ability a, corresponding to a
significantly positive coefficient 5, >0 on the interac-
tion of calibration and treatment in Regression Specifi-
cation (3). Details on the research design and regression
specification are summarized in Table 1.

2.3. Measurement Challenges

Our experiment will allow us to estimate individual abil-
ity and calibration from observed beliefs, working with
or without Al. Nevertheless, estimation and use of these
measures raise several challenges. For each participant,
we need to elicit a large number of probabilistic beliefs to
estimate ability and calibration skills and to reduce mea-
surement error therein. We need to do so in a task with (i)
a clear, objective ground truth, and (ii) an appropriate
perceived and actual difficulty so that the distribution of
probability reports and latent beliefs is not skewed
toward extremes. Our focus on treatment effect heteroge-
neity requires this for a large sample of participants and
is furthermore predicated on the presence of heterogene-
ity in subjects’ calibration, conditional on their ability.
Additionally, for working with an AI, we need Al predic-
tions to be well calibrated over the selected images and to
be of a suitable diagnostic ability. We next describe our
experimental design for surmounting these challenges,
beginning with the experimental task.

3. Experimental Design

3.1. The Task

In each round of our experiment, participants were pre-
sented with an image of a human face and were asked

Table 1. Basic Experiment Design and Coefficients
Estimated in Equation (3)

Control Subjects Treatment Subjects

Estimate A;,C;
Estimate Y;(0) = A;
ay,az

Estimate Ai,C;_
Estimate Y;(1) = A;
ay + ﬁl,az + ﬁz

Control Images
Treatment Images

Effect
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to report the probability that the individual was over 21
years old at the time the image was taken. Participants
were informed that all images were taken between 2010
and 2014, with half of the images depicting individuals
who were under 21 years old and the other half depict-
ing individuals over 21 at the time the image was
taken.”

In half of the rounds, participants in the treatment
group were also shown an “Al Assistant guess,” which
was an Al prediction of whether the individual was
over 21 (a percentage between 0 and 100). Participants
were told that the Al Assistant guesses were more accu-
rate than the average human but worse than the most
skilled human. See the Online Appendix for screen-
shots of choices with and without Al predictions.

3.2. Implementation

We recruited participants from Prolific, a popular plat-
form for conducting online experiments. Prolific
requires participants to be at least 18 years old, and we
further restricted participants to be U.S. residents. In
the recruitment material, participants were told that
they would be given $5 as a participation fee if they fin-
ished the experiment and that they could receive addi-
tional bonus payments based on their choices in the
experiment.

After being shown a consent form that outlined the
basic conditions of the experiment, all participants
were asked whether they would like to participate. Our
experiment was deemed exempt from the Federal Reg-
ulations at 45 CFR 46.101(b) by the Human Subjects
Committee at the University of California, Santa Bar-
bara (protocol number 11-22-0691). Upon agreeing to
participate, participants answered two unincentivized
questions as an attention check. Participants had only
one chance to answer these questions correctly to pro-
ceed with the rest of the experiment.

The rest of the experiment began with several pages
of instructions, which provided an estimate of the ses-
sion length (30-35 minutes), the possible bonus pay-
ments ($5 and $1), an explanation of the task they
would complete in each round, the total number of
rounds (160), and how the bonus payments would be
awarded. To incentivize the truthful reporting of beliefs
in the task, we used the same incentives provided by
Agarwal et al. (2023). A random round was selected (all
were equally likely to be selected), and based on the
reported probability and true age, the binarized scoring
rule (Hossain and Okui 2013) was used to determine
the probability of getting the $5 bonus payment. Fol-
lowing Danz et al. (2022), we provided few details
about the scoring rule but indicated that the likelihood
of receiving the bonus was maximized by truthful
reporting of their belief in each round.

After the experimental instructions, participants
completed four unincentivized practice rounds.

Participants were not provided with any feedback
about their choices or the true age of the individual dur-
ing the practice rounds. After the practice rounds, parti-
cipants faced 160 incentivized rounds, divided into
eight blocks of 20 rounds each. There were opportuni-
ties to pause between blocks, which were intended to
mitigate fatigue effects. Participants were also not pro-
vided feedback during the incentivized rounds.

In these rounds, participants were provided with a
slider bar that ranged from 0 to 100 for reporting the
probability that the person in the image was over 21
years old. To minimize anchoring effects, the slider bar
did not have a starting location. Participants could click
anywhere on the bar to select a probability and adjust it
before clicking the submit button to record their choice
and proceed to the next round. They could not go back
to previous rounds once the submit button was
pressed, and they were given a time limit of 60 seconds
for each round. Subjects were informed in the instruc-
tions that they would have no chance of winning the
bonus payment if, in the round that was randomly
selected for payment, they had not submitted a
response within the time limit.

3.3. Al Assistant

Participants in the control group were not shown any
Al Assistant predictions during the 160 incentivized
rounds. For participants in the treatment group, Al pre-
dictions were provided in blocks 2, 3, 5, and 8, which
correspond to the treated blocks. The arrangement of
treated and control blocks was chosen to minimize dif-
ferences in fatigue between treated and control images
and to minimize order effects. In each session, images
were assigned to be in a control block or treated block,
so we refer to images as either being treated or control
images. Whereas images were fixed across participants
in a session to be either treated or control, within partic-
ipant, the images were randomly assigned to a random
round within the block.

Participants in the treatment group were not told in
advance that they would be given Al predictions.
Instead, after completing the first block of rounds, parti-
cipants in the treatment group were told that they
would be shown an Al Assistant’s guess for the upcom-
ing block of 20 rounds (the first treated block). In addi-
tion to being told that the Al Assistant performs better
than the average human but not as well as the best
human, they were also told that the Al predictions were
calibrated, and they were given the option to learn
what it means for the Al to be calibrated.

For our Al predictions, we used the “Caffe” model
trained by Rothe et al. (2018), which predicts human
ages based on facial images.® To generate a confidence
score that the person in an image was over 21 years old,
we summed the confidence scores for all ages above 21.
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3.4. Extra Tasks

Following the 160 rounds, participants completed two
additional tasks. The first task was to complete 14 ques-
tions from the Raven’s Progressive Matrices test. This
task was incentivized by paying the participant a $1
bonus if a randomly selected question was answered
correctly. The second task was a brief survey in which
participants were asked to describe their experience in
the experiment, indicate the point at which they felt
fatigue during the experiment, and provide any other
feedback.

The final part of the experiment consisted of result
pages for the incentivized tasks. As in Caplin et al.
(2020), we attempted to make the random outcomes
used in payment more credible by using the machine
time at the moment the participant pressed a button.

3.5. Design Choices
In this section, we discuss several of the main decisions
we faced while designing the experiment.

Task Choice: We chose this age classification task for
several practical reasons. First, it is a task that can be
completed quickly and with minimal effort, allowing
us to collect a large sample of participants and a large
number of reports per participant. Second, we could
easily modify the task’s difficulty by varying the ages
included in the experiment. For example, ages closer to
21 are generally more difficult to distinguish than those
farther away. We set the level of difficulty so that the
best participant could outperform the algorithm,
whereas the average human performance remained
below it, as in Agarwal et al. (2023).” Third, this task
requires no specialized training, as it originates from a
real-world setting. Common examples of guessing
whether someone is under or over 21 include scenarios
involving liquor sales, such as stores, bars, restaurants,
and entertainment venues. Additionally, people uncon-
sciously judge ages in their daily lives. Thus, age classi-
fication does not require specialized expertise and is
well suited for an online experiment to collect a sub-
stantial amount of data. Fourth, this task has a clear
ground truth: the age of the person in the photograph.
Our coarse classification scheme provides further pro-
tection from small amounts of measurement error in
the recorded age.

In addition to these practical strengths, we argue that
our simple task has structural similarities to real-world
decisions, particularly for managers. Caplin et al. (2023)
demonstrate the growing importance of decision mak-
ing in the labor market, especially for managerial occu-
pations. Many management decisions, such as hiring,
retention, and promotion, involve binary judgments of
other people (Benson and Shaw 2025). These decisions
are increasingly augmented by algorithmic and Al
recommendations (Chalfin et al. 2016, Dargnies et al.
2024). This creates a situation where managers must

decide when to use their own judgment or to follow Al
advice. This was the decision-making structure we
aimed to emulate with our experimental setup. Of
course, our task is a greatly simplified version of the
complex and consequential decisions made by man-
agers in the real world.

Image Selection: We utilized the IMDB-WIKI data set
to source images for our experiment.® This data set is
the largest publicly available collection of face images
with age labels, and its size and diversity are useful for
training machine learning algorithms. Our aim was to
select 160 images from this data set so that the distribu-
tion of probability reports would be as even as possible,
which would provide room for both humans and the
Al to contribute in helping to identify the category of an
image. Additionally, we wanted the Al predictions to
be well calibrated over the selected images. To accom-
plish these objectives in a systematic way, we ran two
pilots of 100 participants each. See the Online Appendix
for more details on these pilots and how we used the
results of the pilots to select 160 images.

Number of Rounds: In our two pilot sessions, we asked
subjects to complete 100 rounds, and on average, parti-
cipants finished the experiment within 15 minutes.
Because performance did not decline over rounds, we
increased the number of rounds to 160, allowing parti-
cipants to complete the experiment within approxi-
mately 25 minutes on average.

Time Limit: There were two reasons why we intro-
duced a fixed time limit of 60 seconds for participants
to report a probability for each image. First, we wanted
participants to remain focused on the experiment and
not set aside the experiment to work on other tasks. Sec-
ond, our pilots indicated that 60 seconds was suffi-
ciently long to assess each image. In line with our
pilots, this time limit was only reached in 0.23% of
subject-round pairs in our experiment (275 out of
117,120 rounds). We exclude these responses from sub-
sequent analyses, leaving 116,845 responses.

4. Results

4.1. Summary Statistics

We recruited 732 participants over two sessions, with
376 participants in the first session and 356 in the sec-
ond session. Of those, 493 were assigned to the treat-
ment of working with Al, and 239 were assigned to the
control of never working with the AL Summary statis-
tics across both sessions are presented in Table 3 of
Online Appendix A.1. This table shows that there was
balance across control and treated participant
characteristics.

Figure 1 plots the empirical distributions of ability
and net confidence in the treated image block, split by
subjects working with and without Al. The dotted lines
indicate the performance of the Al This illustrates
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Figure 1. Empirical Distributions of Ability and Calibration Across Participants
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several motivating facts. First, the Al has ability in the
top 6% of human performers working alone, and work-
ing with the Al significantly improves average human
performance in our task. However, there remains dis-
persion in human performance when working with Al,
with 68% of treated subjects still performing worse
than if they had followed the AI recommendations
wholesale.” Finally, there is sizeable dispersion in
humans’ net confidence when working alone, with
79.5% of humans overconfident in their own ability and
with individual confidence exceeding accuracy by 10.6
percentage points on average. We now turn to the esti-
mation of our main Regression (3) to determine how
much the heterogeneity in the gains from working with
Al can be explained by individual-level ability and
calibration.

4.2. Calibration and the Effects of Working

with Al
Table 2 presents estimates from our main regression
specification, Equation (3). We standardize all three
skill measures (accuracy, calibration, IQ) to compare
the relative heterogeneity of treatment effects across
skills in the sample.

Column (1) shows the impact of Al assistance on
accuracy in a simple bivariate regression.'’ Al
improves participants’ ability to accurately identify an
image by 6.9 percentage points, an increase of more
than 10% relative to the control mean of 65.5%. Column
(2) adds participants” baseline accuracy with control
images and an interaction between accuracy and

34
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treatment. Consistent with past work, we find that Al
improves accuracy more for participants with low
baseline skill—a one-standard-deviation increase in
accuracy decreases the impact of Al assistance by 1.6
percentage points.

Column (3) adds baseline calibration and the interac-
tion between calibration and treatment. Unlike the
interaction with accuracy, we find that better-calibrated
participants benefit more from Al assistance. A one-

Table 2. Regression: Skills and Working with Al

Outcome: Accuracy (treated block)

Skills (control block) 1) 2) 3) (4)
Treatment 6.93 6.27 6.16 6.27
(0.56) (0.47) (0.47) (0.47)

Accuracy 4.05 3.96 3.60
(0.38) (0.45) (0.45)
Accuracy X Treatment —1.57 -2.16 -1.83
(0.50) (0.57) (0.57)

Calibration 0.19 0.11
(0.44) (0.43)

Calibration X Treatment 1.35 1.40
(0.54) (0.54)

1Q 117
(0.43)
IQ X Treatment -1.01
(0.51)
Constant 65.46 65.96 65.99 65.88
(0.48) (0.39) (0.40) (0.39)

Observations 732 732 732 732

Notes. Observations are at the subject level. Robust standard errors
are in parentheses. Skills are standardized within sessions.
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standard-deviation increase in calibration increases the
impact of Al assistance by 1.4 percentage points, or
about 20% of the total treatment effect of 6.9 percentage
points. Both interaction terms are statistically signifi-
cant at the 5% level. Column (4) adds IQ and its interac-
tion with treatment. Similar to the accuracy measure,
we find that low-IQ participants benefit more from
Al help. Adding IQ in column (4) does not meaning-
fully change the coefficients on calibration. Overall,
we find that the impact of Al assistance is increasing
in the baseline accuracy of participants” beliefs (cali-
bration) but decreasing in the other two skills (accu-
racy and 1Q).

To give a visual sense of the treatment effect varia-
tion, Figure 2 plots the estimated treatment effects for
hypothetical participants with ability and calibration
each one standard deviation above or below the mean,
which we label, respectively, as High or Low ability or
calibration. The coefficients and 95% confidence inter-
vals in Figure 2 come from linear projections of the esti-
mates from column (3) of Table 2, with the average
treatment effect from column (1) added for clarity. Par-
ticipants with low ability but accurate beliefs benefit
the most—nearly 10 percentage points—from Al assis-
tance. By contrast, participants with high accuracy but
miscalibrated beliefs benefit the least.

Over- and underconfident participants may be
harmed for different reasons. Underconfident partici-
pants may commit too many type I errors (following
the Al when it is incorrect), whereas overconfident indi-
viduals may commit too many type II errors (failing to
follow the Al when it is correct). In Table 5 of Online
Appendix A.2, we repeat our main specification with

net confidence instead of calibration and disaggregat-
ing by whether the Al prediction was correct. We find
that the less confident are relatively more disadvan-
taged for images where the Al is ex post incorrect,
whereas the more confident are more disadvantaged
for images where the Al is ex post correct.

A remaining potential concern with our results is the
presence of measurement error in our skills estimates.
In a univariate setting, this would manifest as simple
attenuation bias working against finding skill effects.
However, in our multivariate context, Gillen et al.
(2019) show that the attenuation bias in one covariate
(in our case, individual ability A;) could lead to a spur-
ious effect of another covariate (calibration C;) when
the latter is correlated and thus picks up on the rem-
nants of the true former effect.

We address this concern in two ways. First, if our
measure of calibration were picking up on the effects of
imperfectly measured ability, we would also expect to
observe this spurious effect among control participants
who never worked with AI; however, the coefficient on
standardized calibration alone is economically and sta-
tistically insignificant across specifications in Table 2.
Second, in Online Appendix A.3, we repeat the preced-
ing analysis with an adaptation of the obviously related
instrumental variables (ORIV) methodology of Gillen
et al. (2019). Doing so, we find larger effects of calibra-
tion on the treatment effect, which, although less pre-
cise (an expected outcome of this procedure), remain
statistically significant at conventional levels.

A final possibility is that our results depend on our
choice of performance measures. In Online Appendix
A4, we repeat the main analysis, replacing our measure

Figure 2. Heterogeneous Treatment Effects by Skill-Calibration Groups
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Figure 3. (Counterfactual) Productivity Gap
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of ability (1) with AUC (Bamber 1975, Hanley and
McNeil 1982) and our measure of calibration (2) with
an alternative based on the functional form of Grether
(1980). We replicate our main findings.

4.3. The Impact of Calibration on
Performance Inequality

How does (mis)calibration affect the distribution of
productivity when working with AI? Figure 3 presents
the results of a counterfactual exercise where we esti-
mate performance inequality across four scenarios.
For ease of interpretation, we measure inequality using
the interquartile range (IQR) of predicted performance
across participants. In the first two scenarios, we esti-
mate inequality with and without Al, given participants’
actual (mis)calibration in the experiment. Specifically, we
reestimate Equation (3) using unscaled measures of each
skill, compute the predicted values, and then calculate
the IQR implied by performance at the 25th and 75th
percentiles. For the third and fourth scenarios, we com-
pute the same statistics but with the coefficients on cali-
bration taking on the values implied by a participant
whose accuracy and confidence are exactly equal to each
other.

We estimate an IQR of 5.84 when participants work
without Al, compared with an IQR of 3.86 with Al,
representing a 34% reduction in performance inequal-
ity from Al assistance. This is consistent with prior
studies that find that Al reduces inequality by helping
low-performing workers more (Noy and Zhang 2023,
Autor 2024, Brynjolfsson et al. 2025).

Scenarios 3 and 4 repeat the exercise, but now, we
simulate the impact of Al assistance in a counterfactual
scenario where all participants are perfectly calibrated,
meaning their accuracy and confidence take on exactly

Calibrated
With Al

Calibrated
Without Al

the same value. We estimate an IQR of 5.80 without Al
Thus, relative to the first scenario, improving calibra-
tion has no impact on accuracy when there is no Al
assistance. However, with Al assistance, perfect calibra-
tion reduces the IQR to 2.30, which represents a 61%
reduction in performance inequality relative to baseline
(scenario 1).

Our counterfactual implies that if everyone were per-
fectly calibrated, working with Al would reduce perfor-
mance inequality by an additional 27 percentage points
beyond the 34-percentage-point reduction from Al
assistance alone. This is because of the joint distribution
of ability and calibration: the low-ability individuals
who stand to gain the most from working with Al are
also among the least calibrated. A natural set of ques-
tions that we leave to future work is if, how, and for
whom individual calibration can be trained as a skill for
the collaborative nature of work with AL

5. Conclusion
In this paper, we introduce an experimental framework
to measure the joint impacts of accuracy and calibration
on the benefits of working with AL We find that Al
assistance improves overall prediction accuracy on
average, but the extent and direction of the impact
depend on whether participants are appropriately con-
fident about their own ability. We also find that lower-
ability participants who are well calibrated benefit the
most from Al assistance, consistent with other studies
finding that Al helps lower performers close the gap
with coworkers with more expertise (Noy and Zhang
2023, Autor 2024, Brynjolfsson et al. 2025).

Finally, we perform a counterfactual analysis that
shows that if miscalibration were eliminated, perfor-
mance inequality would shrink nearly twice as much as
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it does already with the introduction of Al assistance.
In addition to showing the importance of calibration in
performance inequality, this result might motivate the
use of inventions targeting calibration. Among the
characteristics that we show are related to performance
when working with Al (baseline skill, IQ, and calibra-
tion), calibration appears to be a relatively strong candi-
date for policy and training. For example, training
interventions have been shown to improve calibration
(Lichtenstein and Fischhoff 1980, Benson and Onkal
1992, Haddara and Rahnev 2022), even with some short
interventions lasting less than an hour (Gruetzemacher
et al. 2024). In domains where conventional training
interventions (sometimes referred to as “upskilling”
programs) are costly or time-consuming, our results
suggest that the combination of calibration training and
Al assistance may be particularly valuable."'
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Endnotes

" For a review of literature on belief calibration and systematic
departures, see Benjamin (2019).

2 Tejeda et al. (2022) asked participants to classify fuzzy versions of
images from the ImageNet database with (and without) the aid of Al
recommendations, and they found that participants were more likely
to accept Al recommendations when they were not confident but the
Alwas highly confident. Dargnies et al. (2024) found that participants
who were more confident in their ability to make hiring decisions
were less likely to use algorithmic advice. A broader motivation for
studying belief calibration is provided by an extensive literature on
overconfidence as a general trait (e.g., Moore and Healy 2008).

3 This differs from Agarwal et al. (2023), where the subjective assess-
ments of experts are aggregated to determine the ground truth.

#We adopt the convention that a bar indicates an analogous term
as defined before, but when working with AL

5 To avoid confusion, we excluded images in which the individual
was exactly 21 years old.

8 For additional details on this model, see Online Appendix B.1.

7 To this end, we selected images based on ages: 16 to 19 years old
for the under-21 category and 23 to 26 years old for the over-21 cate-
gory. We only know the year when the photo was taken, so to avoid
the possibility of including subjects who were exactly 21, we excluded
images of individuals who could have been 20, 21, or 22 years old.

8 See https: //data.vision.ee.ethz.ch/cvl/rrothe/imdb-wiki/ for details.

9 Subjects repeat the AI recommendation exactly (i.e., within a
percentage point) 6% of the time with Al and 2% of the time with-
out AL

10 Table 4 replicates the main results but with demographic con-
trols. We find very similar results. However, because demographic
variables were missing for some participants, we present the main
results without them.

" Another possibility is that working with AI could improve
calibration, which would be an interesting question for future
work.
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