A tool for longitudinal assessment of
individual differences in judgment
calibration during category learning

Warren Woodrich Pettine'*?, Drew E. Winters®, John D. Murray**, Alan Anticevic?, and Suma Jacob’

! University of Utah, Department of Psychiatry & Huntsman Mental Health Institute, Salt Lake City, UT
*Yale School of Medicine, Department of Psychiatry, New Haven, CT
*University of Colorado School of Medicine, Department of Psychiatry, Aurora, CO
‘Dartmouth College, Department of Psychological and Brain Sciences, Hanover, NH
*University of Minnesota, Department of Psychiatry and Behavioral Sciences, Minneapolis, MN

*Direct correspondence to warren.pettine@hsc.utah.edu

Abstract

Accurately judging the quality of one’s estimates is a critical psychological process that varies
across individuals, fluctuates over time, and is highly domain specific. While there are many
methods for assessing judgment calibration during basic sensory tasks and tests of general
knowledge, the field lacks a rigorous, controlled tool for assessing this form of metacognitive
monitoring during category learning or goal-directed attention. This is especially important given
the applicability of category learning and goal-directed attention to both high-level functioning
and psychiatric disease. We therefore developed and tested a tool that pairs an established category
learning paradigm with a standard metacognitive report, and validated the tool through
longitudinal testing. A total of 80 adult subjects completed three sequential sessions online and
answered a set of personality and psychiatric trait questionnaires. Test-retest results suggested that
our tool provides fair reliability in assessing judgment calibration. We found aloofness and
introversion are associated with improved metacognitive resolution. Furthermore, the best
calibrated subjects were more likely to report narrowing their attention to a subset of goal-directed
stimulus features. Our results suggested specific ways to improve the tools retest stability, while
validating its use for longitudinal assessment of individual differences in judgment calibration
during category learning.



Introduction

When a doctor informs their patient of potential cancer, the news is accompanied by how confident they
are in the diagnosis. The degree to which their estimate corresponds to the true probability of an outcome
is known as “judgment calibration.” A physician is “well calibrated” if when they estimate a 90%
probability of cancer, cancer is diagnosed 90% of the time. Judgment calibration is a type of
metacognitive monitoring, which broadly refers to an individual’s capacity for introspection on their
decision process (Fleming & Frith, 2014). Assessments of judgment calibration are useful for professions
such as medicine or national intelligence, education and psychiatry; yet, metacognitive abilities are highly
domain-specific. That is, an individual’s judgment calibration for basic sensory perception is not
necessarily the same as their judgment calibration for questions involving higher-level learning and
attention. One form of metacognition might be impaired, while another is intact. Furthermore,
assessments of judgment calibration may not be consistent across time. Metacognitive abilities can be
influenced by transient states, such as depression (Faissner et al., 2018), and measurement of
metacognition is highly sensitive to overall performance on the assessment task (Guggenmos, 2021;
Rahnev, 2023). Thus, it is important to have scalable tools with controllable difficulty levels that can
reliably assess domain-specific metacognition across multiple points of time.

Given the importance of metacognition for general functioning, it is no surprise that metacognitive
capacities vary across individuals, and can be altered in psychiatric conditions. Metacognition has been
widely investigated in conditions such as obsessive-compulsive disorder (OCD), schizophrenia, addiction,
depression/anxiety, autism spectrum disorder (ASD), and across developmental stages (K. L. Carpenter &
Williams, 2023; Hoven et al., 2019; Norman et al., 2019; Seow et al., 2021; Sun et al., 2017).
Furthermore, there is a strong focus on metacognition as it relates to the work of professions such as
intelligence analysts (Atanasov et al., 2017; Friedman & Zeckhauser, 2018; Grossmann et al., 2023;
Mellers et al., 2014; Mellers, Stone, Atanasov, et al., 2015; Mellers, Stone, Murray, et al., 2015; Rieber,
2004). Studies either assess metacognition through self-report questionnaires, or measure it directly
through controlled experiments. While self-report questionnaires on metacognition are convenient to
deploy and score, the field has largely moved towards controlled experiments where metacognition is
directly assessed through confidence reports on specific decisions.

There are several key design choices when implementing these kinds of controlled metacognition
experiments. Two of the primary choices pertain to the prompt modality, and the reporting structure
(Sandberg et al., 2010). Metacognitive monitoring is modality and setting specific. That is, depending on
the type of question being asked, different brain areas and cognitive mechanisms may be recruited (Arkes,
1991; Fleming et al., 2012; Fleming & Dolan, 2012; Fleming & Frith, 2014; Seow et al., 2021). It is thus
no surprise that interventions to improve metacognition are largely domain-specific (Callender et al.,
2016; J. Carpenter et al., 2019; Lichtenstein & Fischhoff, 1980; Russo & Schoemaker, 1992). One must
therefore carefully tailor the structure of metacognitive inquiry to the goal of the study.

First, there is the modality of the prompt. When focused on judgment calibration, studies often use
prompts that are close to what human subjects will encounter in the real world, such as factual questions
about history (Coane & Umanath, 2021; Lichtenstein et al., 1982; Lichtenstein & Fischhoff, 1980). While
ethological, these questions are highly uncontrolled, and do not easily generalize across individuals or
groups. On the opposite end, one can use basic stimulus properties as prompts, such as the contrast
between two patches. With these, it is possible to carefully calibrate the difficulty of the discrimination
and reduce the need for learning. Indeed, due to their controlled nature, these prompt modalities are often
used in studies that more generally investigate metacognition and its neurobiological basis. Yet, it is
questionable whether prompts using basic stimulus properties generalize to metacognition in other
domains. Thus, many studies try to minimize factors external to the task setting, while maximizing
relevance for the function of interest. For example, in a study of social metacognition in ASD, subjects
were asked to judge the emotional state of a face (McMahon et al., 2016). That allowed investigators to
control the presentation of facial features, targeting their assessment of metacognitive monitoring.
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Next, reporting of metacognitive judgments can either occur simultaneously with the decision, or
occur sequential to it. Simultaneous reports include a wager, or simply reporting the probability of an
outcome. For example, in a weighted coin flip, how much does one bet that the coin will land on heads? A
large advantage of these report methods is they don’t rely on verbal systems, which facilitates
cross-species studies (Joo et al., 2021; Kepecs & Mainen, 2012; Lak et al., 2014; Moreira et al., 2018).
However, they conflate the decision process with the metacognitive judgment of the decision process.
Thus, one can never be sure if one is studying variance in the ability to make a choice (e.g. to pick heads
or tails and know the difference), or variance in the ability to judge the quality of a choice (e.g. to choose
the one that is more probabilistically likely during this round). Indeed, human metacognitive biases are
best captured by models where the decision distribution then informs a metacognitive inference
distribution (Fleming & Daw, 2017; Pouget et al., 2016; Sanders et al., 2016). For these reasons, human
studies often use a sequential process where the subject first reports a decision, then makes a confidence
judgment on the probability they were correct. Those judgments are converted to probabilities, and
judgments are assessed using metrics such as the Brier Score, meta-d’, gamma and others (Fleming, 2017;
Fleming & Lau, 2014; Maniscalco & Lau, 2014; Rahnev, 2023). The relative merit has been extensively
discussed, but they largely trade off between flexibility and precision.

Finally, it is important to consider the assessment’s longitudinal stability over multiple sessions. Any
good system of measurement should provide the same answer when a stable system is measured over
multiple points in time. If the answer is not consistent across measurements it can either indicate a change
in the measured system or a problem with the measurement tool. One must thus include longitudinal
assessments when assessing any measurements, especially those in fields with high response variability,
such as psychology and psychiatry. Only then can an investigator be confident that changes in
metacognition are due to a state shift (e.g., depression), or an improvement caused by interventions.

We sought to develop a flexible tool for assessing judgment calibration associated with attention and
learning. In doing so, we looked to strike a balance between the controllability of task elements, flexibility
in architecture and ethological validity of the question domain. Furthermore, we looked to create a tool
that can easily be gamified and deployed in scalable settings. In this work, we introduce an online tool
that combines category learning and goal-directed attention with metacognitive assessment over multiple
sessions. We establish that metacognitive elements of the tool correlate with key trait measures, and we
identify specific ways in which the tool can be improved. This work is highly relevant for those looking to
investigate the psychological and psychiatric implications of metacognition in high-level cognitive
functions, and those developing interventions to improve metacognition.

Methods

Tool implementation

A game for longitudinal assessment of judgment calibration

We designed an online tool for the longitudinal testing of judgment calibration. To do this, we combined a
well-established category learning paradigm (Bowman et al., 2020; Bowman & Zeithamova, 2018;
Gorlick et al., 2015; Gorlick & Maddox, 2013; Wu et al., 2020; Wu & Fu, 2021; Zhou et al., 2019, 2020)
with a standard metacognitive confidence report (Fleming & Lau, 2014) and made specific modifications
to facilitate the tracking of goal-directed attention. The category learning framework has several
advantages as a basis for metacognitive assessment. One can train subjects on categories during a block
before session, thereby reducing the effect of outside knowledge. Next, given the arbitrary nature of the
stimuli, one can modulate them to control for difficulty. Furthermore, strategies associated with category
learning (prototype, exemplar, rule-based, etc.) have been extensively studied, as have the underlying
cognitive systems (Ashby & Maddox, 2005; Pettine et al., 2023; Radulescu et al., 2021).
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The category learning paradigm we adapted involves stimuli defined by ten clear visual features, each
of which can assume two values. There are two prototypes (A and B) that assume opposite values for each
of the ten features. Stimuli of intermediate difficulty are created by taking one of the prototypes and
changing a subset of features to that of the other prototype. For example, one could copy prototype A and
change a single feature to be that of prototype B, creating a “feature distance” of one. Thus, one can
modulate the difficulty level of stimuli. In the classic experiment, there is a training block with feedback
followed by a testing block without feedback. Each stimulus is shown only once with, the exception being
the prototypes which are shown during the learning block and again during the testing block. During the
training block, two training stimuli differed from their prototype on one feature, three differed on two
features, three differed on three features and two differed on four features. During the testing block six
stimuli differed from their prototype by one feature, seven stimuli by two features, seven by three
features, and four by six features. The task paradigm offers a great deal of flexibility. For example, one
could increase the number of possible feature values beyond two and then create additional categories
(e.g., prototypes C and D). Or, one could easily increase the number of examples and control their
difficulty by modulating the feature distance.

For our tool, we made three modifications to the task. First, we changed the stimulus paradigm from
cartoons of animals to a “hub and spoke” design with features located at the end of the spokes (Fig. 1A).
This design: 1) facilitates eye tracking studies of goal-directed feature attention; 2) reduces influence of
semantic feature definitions (e.g., are legs a collection of lines or a body part?); 3) allows for features with
continuous morphing between values; and 4) permits stimuli to easily be created programmatically (see
the supplemental code package). Second, we added a metacognitive confidence report after categorization
during the test block (Fig. 1B). Subjects reported their confidence in four ranges (50-62%, 63-74%,
75-87% and 88-100%). Third, subjects were incentivized by a financial bonus based on the combined
quality of their classification performance and judgment calibration (see the “Scoring Rule” section
below). Other than these changes, we maintained task structure to ensure consistency with prior studies.
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Figure 1. Development of an online tool for assessing judgment calibration. (A) Schematic of a drone used in
categorization. Drone components were used as features. They were placed at the end of spokes in different
configurations. (B) Subjects were presented with a drone to classify and then either received feedback on their
choice or reported their decision confidence. (C) Each session was composed of several blocks. (D) Subjects
participated in three sessions. Prior to the first session, they answered an extensive set of clinical trait questions.

The task was presented as a game where subjects are tasked with classifying “drones” for a fictional
intelligence agency. The drones were defined by features at 10 locations, each of which could assume four
possible values (Fig. 1A, 10,240 possible drone configurations). For consistency with past literature, only
two versions of the features were possible at each location. There were two classes of drones (“friendly”



or “hostile”). One configuration was designated as prototype A (“friendly”), and a version with inverse
feature values was designated as prototype B (“hostile”). A working version of the task is available in the
supplemental code package.

Measuring judgment calibration

There are many measures that have been developed to assess judgment calibration and metacognition.
One of the oldest of these is the Brier score (Brier, 1950). It quantifies the difference between the
estimated outcome and the actual observed outcome. That is, if one considers all the instances where one
assigned a 70% probability of occurring, did 70% occur? The Brier Score can be decomposed into
calibration (how closely the assignment and actual percentages match), outcome variance (did they just
guess 50% on each trial?) and resolution (did they provide a wide range of estimates). While more
recently developed methods based on receiver operator characteristic curves are less sensitive to overall
performance, they are also less flexible and less intuitive. We wanted to maintain the ability to present
subjects with more than two options, or to deploy interventions that provide subjects with feedback on
calibration. The Brier score and its decomposition met those criteria.
In equations, the Brier score is often denoted by the “probability score” (PS) and calculated as,

where N is the total number of trials, ¢ is the current trial, J is the confidence estimate and ¢; is the trial
outcome (1 for correct, 0 for incorrect). It is similar to the mean squared error, in that the lower the PS,
the better the calibration.

One can then break the Brier score into its components with the equation,

PS=0+C—-R.

In this equation O is the outcome variance, C' the calibration and R the resolution.
The outcome variance is calculated using,

O=¢(l-¢),

where ¢ represents the mean outcome, or accuracy. It is maximal at 0.5 (when the outcome is highly
variable) and minimum at 0 or 1 (when the outcome is consistent). The lower the outcome variance the
better.

Calibration is computed using the equation,

J
1 _
C==D Nilf;— )
=1 :

Where J indexes the confidence bin, I the subject’s confidence, €5 the mean outcome for trials in that

bin and Vj the number of trials where that was estimated. In the case of a task with four responses, there
are four possible confidence levels, and so four bins. The lower the calibration the better.

The resolution measures the utilization of different confidence estimates and is calculated using the
equation,
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If the subject always responds at the same confidence level, they will have a low resolution, whereas if
they report a variety of confidence levels they will have a high resolution. A higher resolution is better.

Scoring rule

Incentivizing serious participation by subjects is important for any behavioral study, particularly those
conducted online. Given the difficulty of the task, we wanted to encourage subjects to try and to provide
honest judgment of confidence. Thus, it was important for subjects to have a clear standard by which their
performance is judged. The literature on proper scoring rules is rich with different scoring methods and
their effect on subject performance (Gneiting & Raftery, 2007; Johnstone et al., 2011; Merkle & Steyvers,
2013). For our initial tool development, we prioritized feedback legibility. Thus, we scored subjects using

a simple average of their performance and their normalized calibration (C').
e+ C
2,

Score =

where C' is normalized on a 0 to 1 (worst to best) scale using,

A

C=1- (C/Cceiling)’

and Ceeiting is the highest calibration score that could be produced by a specific subject’s response
distribution.

Session structure

Each session involved a tutorial followed by the main task. The tutorial involved simplified versions of
the drones with only three features, but otherwise followed the same pattern of a training block before a
testing block. Next, they moved onto the main part of the task where they learned the drone classes during
training through feedback, then a testing block where they received no feedback, but instead reported their
confidence in their selection. At the end of the task they were told both their accuracy and their
calibration. If their score was above a threshold of 70, they received a bonus. At the end of each session,
subjects reported the strategy they used, and their decision process (Fig. 1C).

Strategy assessment

At the end of the session, subjects reported their strategy through selecting one of four options, “I paid
attention to a SUBSET OF COMPONENTS and ignored the others,” “I paid attention to ALL
COMPONENTS,” “I DID NOT HAVE a strategy,” or “I WROTE DOWN the components and
classifications.” They also reported their decision process, with the options: “I CAREFULLY
EVALUATED the options,” “I trusted MY GUT,” or “I chose RANDOMLY.”
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Trait questionnaires

In psychiatric studies of metacognition, researchers increasingly take a transdiagnostic approach and
profile subjects according to clinical traits (Rouault et al., 2018; Seow & Gillan, 2020). To investigate
whether the tool can provide insight into psychological and psychiatric traits, we had subjects complete
several questionnaires at the beginning of their first session.

Patient Health Questionnaire (PHQ-9)

The PHQ-9 is designed for assessing signs of depression (Kroenke et al., 2001). It is widely used both in
clinical and research settings.

Broader Autism Phenotype Questionnaire (BAPQ)

The BAPQ is designed to assess phenotypic traits in those related to those with ASD. There are subscales
for behavioral rigidity, pragmatic language deficits and aloofness. It has been commonly deployed in
studies to assess for ASD traits (Sucksmith et al., 2011).

The World Health Organization Adult ADHD self-report scale (ASRS)

The ASRS is a screener for attention hyperactivity disorder. The questionnaire has two subscales, one for
inattention and the other for hyperactivity/impulsivity. It is a common assessment tool for screening of
and research on ADHD (Taylor et al., 2011).

Big Five Inventory- Short Version (BFI-10)

The BFI-10 is a highly abbreviated assessment of the five personality traits: extraversion, agreeableness,
conscientiousness, neuroticism, openness (Rammstedt & John, 2007).

Online subject recruitment

We recruited 100 subjects through the online platform Prolific. To be included, subjects were required to
be over 18 years of age, located in the US, speak English as a first language and told Prolific they
graduated from college. They participated in three sessions. During the first session, they answered
several clinical trait questionnaires before participating in the task. They were then invited back to play
the task again after one week (n=95), and again two weeks subsequent (n=80, Fig. 1D). Only those who
completed all three sessions were included in the behavioral analyses. Of those who completed all
sessions, the mean age was 39.54 years, median age was 37 years, 32/80 reported female sex at birth.
Furthermore, two of the subjects who reported male at birth did not identify as male. One identified as
female and the other as a trans female. During the first sessions subjects were paid $4 for participation
and a $2 performance bonus. During the second and third sessions, subjects were paid $3 for participation
and a $2 performance bonus.

Questionnaire subscale factor analysis

To identify underlying traits driving responses across questionnaires, we performed factor analysis on the
subscale scores. The number of factors was identified through examination of the scree plot and
cumulative variance, such that 90% of the variance was captured. When interpreting factor loadings, we
set a threshold of 0.6 for significance.


https://www.zotero.org/google-docs/?NmNy6F
https://www.zotero.org/google-docs/?TaK3aN
https://www.zotero.org/google-docs/?nxW1Ii

Task behavior analysis

All analyses of task play behavior was done on the block where subjects reported their judgment
confidence. The metrics included: overall drone classification accuracy; overall reward; Brier score; as
well as the Brier score decomposed into the resolution, calibration and outcome variance (Fleming & Lau,
2014). For each of these metrics, we also measured the intraclass correlation coefficient (ICC) using a
random mixed effects model averaged across sessions (McGraw & Wong, 1996).

Results

Internally consistent trait-questionnaire responses

Before using the questionnaires to interpret subject traits, we established response reliability by assessing
internal consistency. We found expected correlations between responses to similar questionnaire subscales
(Fig. 2A). For example, there was a high positive correlation between the ADHD measures, as well as
between the BFI-10 Neuroticism metric and all psychiatric traits. Similarly, there was high internal
positive correlation between BFI-10 subscales for Openness, Extraversion, Conscientiousness and
Agreeableness, while negative correlation between those measures and traits for autism or depression.
This indicates that subjects answered the questions with high internal consistency and supports their use
in assessing subject traits.
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Figure 2. Internal consistency of questionnaire responses and factors identified for social or attention traits. 0
= ASRS: Hyperactivity/Impulsivity, | = ASRS: Inattention, 2 = BAPQ: Aloof, 3 = BAPQ: Pragmatic Language, 4 =
BAPQ: Rigidity, 5 = BFI-10 Agreeableness, 6 = BFI-10 Conscientiousness, 7 = BFI-10: Extraversion, 8 = BFI-10:
Neuroticism, 9 = BFI-10: Openness, 10 = PHQ9. (A) High positive correlation among subscales for psychiatric
traits, and negative correlation between psychiatric trait subscales and personality inventory subscales. (B) Screen
plot (left) and cumulative variance plot(right) suggest the solution of three factors. (C) Factor 1 captures social traits
and Factor 2 captures attention-related traits. BAPQ Aloofness subscale loads positively and the BFI-10
Extraversion subscale negatively on Factor 1, while there is little loading on the ADHD subscales. Factor 2,
conversely loads heavily positive for both ADHD subscales and minimally on the social subscales.

Factor analysis identifies a social factor and an attentional factor

Confident in the internal-consistency of responses, we performed factor analysis of the subscale scores.
There were three factors with an eigenvalue greater than 1, and three factors were required to capture over
60% of the variance (Fig. 2B). We therefore used three dimensions for our factor analysis. Factor 1 had
loadings of the greatest magnitude for BAPQ Aloofness (0.93) and BFI-10 Extroversion (-0.72). Factor 2
had loadings of the greatest magnitude for ASRS Hyperactivity/Impulsivity (0.81), ASRS Inattention
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(0.7), and the PHQ-9 (0.63). Of note, the significant loadings in Factor 1 were small in Factor 2, and vice
versa. Factor three had a significant loading for ASRS Inattention (0.6). These results show that factor
analysis of the questionnaire responses provides lower dimensions for characterizing trait-behavior
relationships.

Subjects perform worse as a function of stimulus feature distance from
prototypes

We examined whether the feature distance of stimulus examples from their prototype had a significant
effect on performance. This is important for establishing that prompt difficulty can be controlled by
manipulating the number of features that are shared between an example and a prototype.
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Figure 3. Significant relationship between performance and feature distance. Subjects shown performed above
chance across all sessions. Top row: the proportion correct as a function of the example’s feature distance for each
subject. Bottom row: A histogram of slopes fit to individual subject performance as a function of distance. A slope
less than zero indicates that the larger the feature distance, the worse the performance.

To investigate this question, we selected subjects whose performance across sessions was consistently
above chance (performance >0.5, N=64/80). For each session, we averaged the performance across all
stimuli of the same distance, with the prototypes being distance zero (individual slopes in Fig 3., top row
and histogram of slopes in bottom row). We then fit mixed effects models to the proportion correct as a
function of distance for each session, with individual subjects as a random intercept. In all sessions, we
found a significant effect of distance on performance (P<0.05). This was replicated when we included all
subjects in the analysis by removing the constraint of performing above chance (P<0.05). Thus, we found
that feature distance had a significant effect on difficulty.

High correlation between subject accuracy and calibration across all
sessions

One well-established issue with Brier scores and the associated calibration measure is the confounding
effect of accuracy (Fleming & Lau, 2014; Guggenmos, 2021). Even if a subject’s underlying calibration
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remains consistent, their calibration metric will show improvement as their accuracy improves. We
therefore examined the correlation between subject accuracy and calibration in each session. We found
significant correlation between accuracy and calibration during all sessions (Fig. 4, Pearson’s correlation
P<0.05). This suggests that the measure of calibration may be confounded by the variability in accuracy
across subjects. The confound could be controlled for by including a well-designed adaptive difficulty
mechanism (Rahnev & Fleming, 2019).

Accuracy vs. Calibration over Tests

0.4 7 ° e Initial Test, r=-0.85, P<0.05

PY 1 Week Retest, r=-0.70, P<0.05
03] @® ° ® 3 Week Retest, r=-0.74, P<0.05

0.2 4

0.1 A

Calibration (lower better)
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Figure 4. Accuracy and calibration are confounded. Correlation of accuracy and calibration for each session
revealed there was a significant relationship.

Test-retest reliability fair for accuracy, Brier score, outcome variance
and reward, but poor for calibration and resolution

For a test to be reliable, it must either be consistent across sessions or must change in interpretable ways.
We therefore calculated the ICC for each behavioral measure. The ICC produces a number between 0 and
1 where 1CC<0.04 is poor, 0.40<ICC<0.59 is fair, 0.60<ICC<0.74 is good and ICC>0.75 is excellent
(Cicchetti, 1994). We found that the ICC for accuracy (ICC=0.56), the Brier score (ICC=0.53), outcome
variance (ICC=0.56) and rewarded score (ICC=0.54) were all in the fair range. The ICC for calibration
(ICC=0.32) and resolution (ICC=0.22) were poor (Fig. 5).
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Figure 5. Mixed test-retest reliability when including all subjects. The task metrics across sessions are plotted
with the distribution of subjects in black, and the values at each timepoint for individual subjects colored and joined
by lines. (A) The accuracy across sessions showed significant stability. (B) The Brier score was also significantly
stable. (C) The calibration had a weak correlation across sessions. (D) The resolution also had a weak correlation.
(E) The outcome variance was stable. (F) The reward subjects received was also largely stable.

Well-calibrated subjects attend to a subset of features.

We then examined the characteristics of subjects who were reasonably well-calibrated. To do that, we
identified subjects whose calibration scores consistently fell below 0.1 across all sessions (N=50/80). We
then split the subjects in half based on their calibration score (Fig. 6A). Of the subjects who passed the
threshold, we examined their reported strategies, and compared answers between the top half and the
bottom half of the calibration rankings. We found that well-calibrated subjects were much more likely to
report that they paid attention to a subset of components and ignored the others. They were also much less
likely to report having chosen randomly (Fig. 6B). This indicates that attentional deployment is associated
with metacognitive performance.
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Figure 6. Subjects consistent in calibration scores across sessions. (A) We identified a subset of subjects with
calibration scores consistently below 0.1 across all sessions, and divided those in half based on their calibration
scores. (B) Best calibrated subjects attended to a subset of features. We split the top half of calibrated subjects from
the bottom and compared their reported strategies. The top half of subjects were more likely to report attending to a
subset of drone components and ignoring all others. (C) In a regression of the task scores against the subscale
factors, we found Factor 1 (the social factor) was significantly correlated with improved resolution.

Aloofness and introversion are associated with improved metacognitive
resolution

We then analyzed the correlation between the Factors and the task metrics. We found that Factor 1 (high
aloof and low extraversion) was significant for the resolution score (Pearson’s correlation, P<0.05; Fig.
6C). This indicates that performance on a metacognitive task can provide insight into clinical and
personality traits. (Extensive additional trait-behavior analyses are featured in the available code
repository.)

Discussion

We developed a tool for longitudinally assessment of individual judgment calibration, then paired it with
a strategy report and trait questionnaires. We found poor to fair retest stability in the judgment calibration
metrics, and identified several ways in which the retest validity of the tool could be improved. When
narrowing to the most well-calibrated subjects, we found a significant correlation between
aloofness/introversion and metacognitive resolution, indicating the tool will be useful in studies of
cognitive traits. We also found the well-calibrated subjects narrowed their attention to a subset of features,
indicating a relationship between attention and metacognition. The findings also suggest the tool could
serve as a benchmark for interventions that improve these abilities (Tseng et al., 2020).
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Controlling for performance

Empirical studies have shown that even calibration metrics designed to be robust against performance
confounds are, in practice, still affected by it (Guggenmos, 2021; Rahnev, 2023). Thus, the most effective
way to control for the confound is by ensuring all subjects produce the same level of performance. Indeed,
this is one of the reasons we adopted a prompt modality where one can manipulate difficulty through
specifying the feature distance. One of the most common ways to ensure a stable level of performance is
through staircasing the difficulty of prompts. If subjects are performing better than expected, they then get
a series of more difficult questions. If they perform worse, the questions get easier. The level of difficulty
thus forms a “staircase” over time as the prompts gradually get more difficult, or easier. However, in
studies of metacognition staircasing can introduce an additional form of confounding variance in the form
of variable difficulty across stimuli. For this reason, it recommended to use a single difficulty level for
computation of metacognition (Rahnev & Fleming, 2019).

Given this is a significant deviation from the category learning paradigm, we did not implement it in
the initial assessment of the tool. However, in future versions of the task, the judgment calibration block
could be divided into a staircasing sub-block and an assessment sub-block. During the staircasing
sub-block, the feature distance would be manipulated until a stable level of performance is achieved.
During the assessment sub-block, a single feature distance would be used for all trials.

Trial count

The total number of trials has a significant effect on longitudinal stability of metacognition measurements
(Rahnev, 2023). Intuitively, this can be understood that additional trials reduce the effect of extraneous
variability. In the current study, we used the structure and trial count from the original category learning
task (Gorlick & Maddox, 2013). However, given the combinatorial possibilities offered by the stimulus
set, future versions could easily increase the number of trials while still avoiding stimulus repetition.

Proper scoring rule

We used a scoring rule (averaging the performance and normalized calibration score) for ease of
explainability rather than robustness. However, it is possible that over the course of sessions subjects
focused on task performance at the expense of calibration, or vice versa. If that is the case, an optimized
scoring rule could incentivize subjects to actively maximize both performance and judgment calibration in
each session (Gneiting & Raftery, 2007; Johnstone et al., 2011; Merkle & Steyvers, 2013).

Trait assessment

We found significant indications that task behavior correlated with psychological traits. However, given
the sample size, retest stability issues and lack of a replication sample, we are hesitant to draw strong
conclusions from these specific findings. Rather, our results strongly support pairing the tool with
extensive trait profiles, such as an extended test of the Big Five, tests for psychotic traits, as well as OCD
and rigidity (Barrett et al., 2015; Caprara et al., 1993; Foa et al., 2002; Mossaheb et al., 2012).

Attention and metacognition

Interestingly, we found that the most well-calibrated subjects were more likely to report narrowing their
attention to a subset of features. This indicates that subjects may have deployed qualitatively different
category learning strategies (Pettine et al., 2023), and that use of these strategies is connected to
metacognitive ability. It also supports the use of the hub-and-spoke design so that future studies can use
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eye tracking to objectively quantify the integration of feature information (Bahmani et al., 2018; Pettine et
al., 2019).

Interventions

With appropriate modifications to increase retest stability, the tool could serve as a benchmark for
interventions that improve metacognition in situations involving goal-directed attention, categorization
and learning. Possible interventions include explicit instruction on probability estimates (Mellers, Stone,
Atanasov, et al., 2015), frequent feedback on within-session judgment calibration (J. Carpenter et al.,
2019), or instruction on effective deployment of goal-directed attention (Peng & Miller, 2016) or adaptive
programs targeting working memory and information processing speed and accuracy (Tseng et al., 2023).
The availability of over 10,000 stimulus configurations means that subjects can engage a near infinite
number of sessions. Moreover, the flexible nature of the tool makes it readily adaptable.

Conclusions

We created a tool for assessing attention and metacognition during category learning, and identified
specific areas for future development. The tool will be highly useful for investigating these capacities in
professions such as national intelligence, studies in psychology and psychiatry, as well as benchmarking
interventions (Redish et al., 2021).
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