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Abstract

Users have become increasingly reliant on Large Language Models (LLMs) to complete a wide
range of reasoning tasks, from managing workplace projects to giving personal advice. However,
LLMs function as black boxes, leaving users with minimal insight into how they generate the
responses that they do. One way that users can attempt to peek into these black boxes is by
asking LLMs to explain their reasoning processes. The nascent literature on LLM faithfulness
suggests that LLMs — like humans — often fail to accurately identify the information they use to
inform their reasoning, suggesting a lack of metacognitive knowledge. We extend this research to
the context of value-based, multi-attribute choice, tasking both LLMs and human participants (n
= 436) with completing the Knowledge of Weights paradigm. Participants first completed a
series of choice tasks in which they picked between homes that varied on six attributes, then self-
reported the decision weight they believed they had placed on each attribute in two different
formats. We found that ChatGPT4o, the oldest model tested, self-reported weights that were
significantly less reflective of its choice behavior than humans. However, three newer, more-
advanced LLMs (ChatGPTS5, Sonnet 4, and Gemini 2.5 Flash) self-reported weights that were as
accurate or more accurate than those provided by humans. These results suggest that LLMs can
generate and maintain accurate metacognitive knowledge of their own decision-making
processes as well or better than humans, but that this is a relatively new ability. Practical and

theoretical implications are discussed.

Keywords: Large Language Models; Metacognitive Knowledge; Faithfulness; Multi-Attribute

Choice; Metareasoning.
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Introduction

Large Language Models (LLMs), such as ChatGPT, Gemini, and Claude, have become
increasingly present in everyday life. Students use LLMs to enhance their learning (Cash, Kelly,
et al., 2026; Mutanga et al., 2025; Oppenheimer et al., 2025), employees use LLMs to augment
their workplace productivity (Dell’Acqua et al., 2023; Weisz et al., 2025) and creativity (S. Sun
et al., 2025), and individuals turn to LLMs as friends, advisors, experts, and confidants (Cash &
Oppenheimer, 2024a; Kirk et al., 2025; Lissak et al., 2024; Wester et al., 2024). Given the many
roles that these models play, it should come as no surprise that LLMs are often tasked with
engaging in complex reasoning behaviors that result in actionable insights, such as making
decisions on behalf of users or giving users advice (Benary et al., 2023; Hager et al., 2024; Hou
et al., 2024; Lakkaraju et al., 2023; Pesch, 2025; Wester et al., 2024; Yang et al., 2024). When
tasked with doing so, the goal of the LLM is (or at least should be) to align their reasoning with
the user’s preferences to maximize user satisfaction (Goli & Singh, 2024; J. Kim et al., 2024).
This, however, is no easy task; users have highly heterogeneous (Andersen et al., 2010; Bakker
et al., 2022; Deng et al., 2025) and inconsistent preferences (Amir & Levav, 2008; Payne et al.,

1999; Simon et al., 2008)

Given the difficulty of capturing human preferences, a healthily skeptical user may wish
to study the LLM’s reasoning process. Unfortunately for this user, most LLMs function as black

boxes, meaning that their underlying processes are not made available to the end user



(Ramlochan, 2023). This is in large part because of technical realities. LLMs rely on billions —
and in some cases trillions — of parameters within a complex neural network that they use to
generate responses to user queries (OpenAl, 2025a; Roose, 2023; Wu et al., 2023). These
parameters allow the model to generate a response that effectively mimics human language, but
the process by which the model arrived at this response is not easily ascertained by experts, let
alone users (Bhattacharjee et al., 2023; Gat et al., 2023; Ramlochan, 2023). Even open-source
models, such as LLaMA (Meta, 2025) and Mistral (2025), which make their parameters publicly
available, are far too complex for a typical user to understand. As such, generating insights
regarding the underlying functionality of LLMs is extremely difficult, despite users claiming that
they place a high value on transparency (Benk et al., 2025). This may lead to dissatisfaction and
frustration because the LLMs are not as transparent as users expect them to be (Y. Kim et al.,

2024).

Opening the Black Box

Al experts have sought to open the black box of LLMs by reverse-engineering their
internal mechanisms. One way this is achieved is through mechanistic interpretability research,
which leverages advance machine learning techniques to identify the role that individual
parameters, neurons, or circuits play in generating outputs (Bereska & Gavves, 2024; Gantla,
2025; Gurnee et al., 2023; Maltoni & Ferrara, 2024; OpenAl, 2023; Rai et al., 2024). Another
approach, explainability, focuses on generating higher-level, human-understandable insights into
the inner workings of LLMs, with emphasis on the macro-level relationship between inputs and
outputs, rather than the intermediary processes (Barman et al., 2024; de Carvalho Souza &
Weigang, 2025; Gantla, 2025; Wu et al., 2024; Zhao et al., 2024). For example, explainability

research seeks to identify what information LLMs attend to (Jaunet et al., 2022; Yeh et al., 2023),



how minor deviations in prompts may influence or degrade the quality of their responses
(Sayeedi et al., 2025; Z. Wang et al., 2024), and how LLMs respond to counterfactual prompts
(Bhattacharjee et al., 2023; Mishra et al., 2024; Sarkar et al., 2025). Explainability research can
thus help users understand the biases that LLMs hold (Barman et al., 2024; Sovrano, 2025), how
their prompts may change the quality of the output they receive (You et al., 2025), and the extent
to which they should trust LLMs for certain tasks (Cash, Oppenheimer, et al., 2026; Y. Wang et
al., 2025). It may also help to clear up misconceptions that users hold about LLMs’ underlying

processes, functions, and capabilities (Amaratunga, 2023; Barman et al., 2024).

LLM Faithfulness

While mechanistic interpretability and explainability research are critical for developing a
deeper understanding of LLMs, the methods are complex, and their results may not be directly
relevant to any individual user’s conversation with an LLM. As such, we must also consider how
users themselves can make sense of how the LLM they are using generates the responses that it
does (Rudin, 2019; Yeo et al., 2024). Given that LLMs are language-based agents, the most
obvious solution is for the user to ask the model to explain its reasoning (Jacovi & Goldberg,
2020; Yu et al., 2025). In fact, some common models, including ChatGPT, will explain their
reasoning processes without being prompted to do so (OpenAl, 2025a). However, there is
significant concern regarding the degree to which LLMs exhibit faithfulness — that is, the extent
to which their stated reasoning processes align with their actual reasoning processes (Fayyaz et
al., 2024; Jacovi & Goldberg, 2020; Lyu et al., 2024; Madsen et al., 2024; Malin et al., 2025;
Parcalabescu & Frank, 2023). For example, Matton et al. (2025) demonstrate that LLMs use
social categories (e.g., gender) to inform their judgments but rarely mention those social

categories in their justifications. Similarly, Turpin et al. (2023) find that when an LLM prompt



includes biasing or false information, the model will use that information to inform its decision
but not acknowledge that it did so. More promisingly, however, Siegel et al. (2025) find that
larger and more advanced models show greater faithfulness than smaller, less-advanced models,

giving hope that faithfulness will increase over time.

The question of faithfulness is part of a larger debate about the extent to which LLMs can
engage in metacognitive processes — that is, the extent to which they can think about their own
thinking (A. Brown, 1987; Flavell, 1979). Much of this debate has centered on introspection, the
ability of LLMs to evaluate their own mental states (Boring, 1953; Engelbert & Carruthers,
2010). Some philosophers argue that LLMs are largely incapable of introspection because they
are merely mimicking human behavior (Comsa & Shanahan, 2025; Li et al., 2024), whereas
other scholars argue that LLMs’ advanced computational abilities may allow them to engage in
introspection more effectively than humans, if not now, then in future iterations (Cappelen &
Dever, 2024; Long, 2023). Critically, however, LLM introspection may look very different than
human introspection because the LLMs will leverage their strengths — such as their advanced
computational capacity, memory storage, and probabilistic reasoning skills — which happen to be

functions that are quite limited and fallible among humans (Simon, 1955).

Human Introspection

The debate about LLM introspection mirrors a long-standing debate in the psychological
literature regarding the extent to which humans can engage in true introspection. This debate
began with classical philosophers, many of whom assumed that humans have direct access to the
inner workings of their mind and treated introspection as a critical component of the human
experience (Descartes, 1641; Kant, 1781). Many modern philosophers still view introspection as

an important method by which humans navigate a complex and cognitively demanding world



(Schwitzgebel, 2024; Smithies & Stoljar, 2012; Vermersch, 2009). However, cognitive science
research has largely turned away from this direct access perspective (Engelbert & Carruthers,
2010; Pronin, 2009). Instead, most modern psychologists argue that agents’ metacognitive
knowledge — that is, their declarative knowledge about their own cognitive processes (Cash &
Oppenheimer, 2025; Dunlosky & Metcalfe, 2009; Flavell, 1979) — is informed by post-hoc
justifications based on guesswork or deduction (Nisbett & Wilson, 1977; Wilson & Nisbett,
1978) and/or inferences generated based on metacognitive cues that reflect statistical regularities
learned about the task, environment, or agent itself (Ackerman, 2019; Bem, 1972; Koriat, 1997;
Thompson et al., 2013). LLMs could plausibly achieve metacognition through these cue-based,

non-introspective processes (Cash & Oppenheimer, 2024a; Cash, Oppenheimer, et al., 2026).

A popular framework for evaluating the accuracy of individuals’ metacognitive
knowledge, particularly in the context of judgment and decision making is Brunswik’s (1952)
lens model. The lens model suggests that humans make judgments — including metacognitive
judgments — based on observable cues that have an (often unknown) statistical relationship with
a given criterion. However, the weight that the judge places on each cue (i.e., their cue
utilization) is not necessarily the same as the weight that the cue has in determining the outcome
of the criterion variable (i.e., ecological validity; Hammond, 1955; Karelaia & Hogarth, 2008).
For example, imagine that a judge is trying to determine if it is going to rain, based on three
cues: humidity, temperature, and cloud cover. The judge may believe that humidity is the most
predictive cue (say, a 70% weight), cloud cover is the second most predictive cue (25% weight)
and temperature barely matters (5% weight) — but in reality, each cue is equally predictive
(33.3%). In this case, the judge may overestimate the likelihood of rain on a cold but humid day

or underestimate the likelihood of rain on a hot, low-humidity day.



Though the lens model was originally conceptualized to explain tasks with objective
outcomes, researchers have adapted it to investigate decision makers’ understanding of how they
make subjective, multi-attribute judgments and decisions (Harries et al., 2000; Newell & Shanks,
2014; Slovic, 1969; Slovic et al., 1972; Slovic & Lichtenstein, 1971). In these studies,
participants are asked to make judgments or decisions (e.g., stock price predictions, faculty
evaluations) and then to estimate the influence — or weight — that each attribute had over their
decision-making processes (i.e., their cue utilization). These stated weights are then compared to
a mathematical estimate of the weight they placed on each cue, based on the choices or
judgments they made (i.e., ecological validity). In this sense, their choice behavior is treated as
the objective criterion, whereas their beliefs are treated as a noisy estimate thereof. Differences
between the two sets of weights can be thought of as self-insight errors (Slovic & Lichtenstein,

1971) or limitations in metacognitive knowledge (Cash & Oppenheimer, 2024b, 2025)

A great deal of research using this kind of paradigm has suggested that decision makers’
stated weights are often misaligned with revealed weights estimated from their choices (rs ~ .34),
with significant heterogeneity in accuracy across participants (Slovic, 1969; Slovic et al., 1972;
Slovic & Lichtenstein, 1971). Hoepfl and Huber (1970) found that utility models (i.e., revealed
weights) predicted decision makers’ choices better than their own stated weights. These
metacognitive limitations have been demonstrated across a wide variety of domains, including
financial decision making (Slovic, 1969), medical decision making (Harries et al., 2000), social
judgments (Grahe & Bernieri, 2002), and organizational fairness judgments (German et al.,
2016). One common explanation for these self-insight errors is that decision makers often
overestimate the importance of minor cues, while underestimating the weight they placed on a

small number of highly important cues (Newell & Shanks, 2014; Slovic et al., 1972). Other



scholars argue that these studies may not be evidence of a lack of metacognitive knowledge, but

rather evidence of an inability to articulate said knowledge (Reilly & Doherty, 1989, 1992).

Several newer studies aiming to quantify the accuracy of decision makers’ metacognitive
knowledge have demonstrated that decision makers’ metacognitive knowledge may be more
accurate than the earlier research suggested. Harte and Koele (1995) found that correlations
between stated and revealed weights were rather high (» ~.75) and that the two sets of weights
were equally predictive of participants’ choices. Using more advanced statistical models, Cash
and Oppenheimer (2025) found that decision makers’ stated and revealed weights tend to be
moderately correlated (rs ~ .5) in four unique choice domains (homes, romantic partners, job
offers, colleges), replicating an earlier finding in the domain in school choice (Cash &
Oppenheimer, 2024b). They also found significant heterogeneity in the accuracy of
metacognitive knowledge across participants that was reliable across timepoints. Similarly,
Morris et al. (2025) found that participants had highly accurate metacognitive knowledge (rs ~
.55-.75) and demonstrated that participants are able to accurately report their use of various
heuristic strategies. This evidence suggests that human decision makers have significant, if
imperfect, metacognitive knowledge and can be reasonably faithful in their descriptions of their
multi-attribute choice behavior. One potential explanation for the discrepancy across findings is
that the older studies often used rather noisy methods for estimating revealed weights that may

have inflated the size of self-insight errors (Rakow, 2014).

Comparing Human and LLM Metacognition

Despite the established literature evaluating humans’ metacognitive knowledge in multi-
attribute choice tasks, little is known about the faithfulness with which LLMs can report the

weight they place on various attributes when making multi-attribute choices. Given the extant
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literature on LLMs’ limited faithfulness in other domains (Madsen et al., 2024; Matton et al.,
2025) and the fact that LLMs do not have true and consistent preferences of their own (Bakker et
al., 2022; Rozado, 2024), it would be easy to assume that their metacognitive knowledge of
attribute weights would not be particularly faithful. However, much of what makes multi-
attribute decisions difficult for humans is that they require the decision maker to navigate a
substantial amount of information that is overwhelming for their limited attention (Krajbich,
2019; Orquin et al., 2021; Van Knippenberg et al., 2015), numeracy (Peters et al., 2006; Reyna et
al., 2009), and working memory (Hinson et al., 2003; Iyengar & Lepper, 2000; Phillips-Wren &
Adya, 2020). LLMs, on the other hand, do not face these limitations, and thus may be able to
generate and maintain more faithful metacognitive knowledge than humans. This aligns with
Cappelen and Dever's (2024) argument that LLMs’ advanced computational abilities may allow

them to introspect more effectively than humans.

Though the research is nascent, there is also growing evidence to suggest that LLMs may
be developing human-like metacognitive abilities on other metacognitive tasks. Recent evidence
on one kind of metacognitive judgment, confidence, suggests that LLMs generate confidence
judgments that are about as accurate as those of humans and display human-like levels of
overconfidence (Cash, Oppenheimer, et al., 2026; Groot & Valdenegro-Toro, 2024; Lin et al.,
2022; Steyvers & Peters, 2025; Steyvers et al., 2025). Beyond metacognition, LLMs have also
met or surpassed human performance on a wide range of cognitive tasks including numeric
reasoning (Binz & Schulz, 2023), utility-maximization (Chen et al., 2023), and emotional
awareness (Elyoseph et al., 2023), while using similar heuristics as humans (Suri et al., 2024).

However, LLM performance varies widely by model and task (Banerjee et al., 2023; N. B.
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Brown, 2024; Steyvers & Peters, 2025; Xiong et al., 2023). As such, it is essential that we

continue to test a variety of LLMs across a wide range of cognitive and metacognitive tasks.

Current Studies

In the study presented here, we will seek to extend the literature on LLM faithfulness by
exploring the accuracy of LLMs’ metacognitive knowledge of the weights they apply when
making multi-attribute choice decisions. We will compare the metacognitive knowledge of
humans to the metacognitive knowledge of four LLMs: ChatGPT-40 (henceforth GPT4o0),
Gemini 2.5-Flash (henceforth Gemini), Claude Sonnet 4 (henceforth Sonnet), and ChatGPT-5
(henceforth GPTS), Critically, GPT4o is a generation older than the other models, — having been
released in 2024 whereas the other models were released in 2025 — which allows us to evaluate
how LLMs’ metacognitive knowledge has improved over time. This is particularly interesting
because each of the three newer models claim to have advanced reasoning capabilities and some
extent of metacognitive ability (Anthropic, 2025b; Google, 2025b; OpenAl, 2025b). For
example, GPTS can determine how complex a question is and adjust its deliberation time
accordingly, a classic example of metacognitive control (Ackerman, 2014; Bénon et al., 2024).
As such, it is plausible to believe that these models may demonstrate a greater ability to
faithfully explain their reasoning processes, relative to GPT4o. Through this study, we will
develop an understanding of the faithfulness with which LLMs can explain their multi-attribute
choice behavior, how their ability to do so compares to that of humans, and the extent to which
their metacognitive abilities vary by model and across time. To foreshadow the results, we find
that ChatGPT40’s metacognitive knowledge was significantly less accurate than that of humans,
whereas the newer models met or surpassed human performance, suggesting improvement in

LLMs’ metacognitive abilities.
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Ethics Statement

The studies presented here were approved under the auspices of the IRB at Carnegie
Mellon University (STUDY2023 00000446) and carried out in accordance with the Declaration
of Helsinki. The privacy rights of human participants were observed. Written, informed consent

was obtained from all participants.

Methods

Overview

In this study, we tasked human participants and four LLMs — GPT40, Gemini, Sonnet,
and GPT5 — with completing the Knowledge of Weights (KoW) paradigm, a validated
experimental method for assessing metacognitive knowledge in multi-attribute choice tasks
(Cash & Oppenheimer, 2025). Participants first completed a choice task in which they made 14
choices between sets of three hypothetical homes that varied on six attributes (e.g., size).
Because they do not have preferences of their own, the LLMs were tasked with choosing homes
that a typical Prolific participant would be most interested in buying. Human participants were
randomly assigned to a Buyer condition in which they chose homes that they would be most
interested in buying or a Proxy condition in which they chose homes that a typical Prolific
participant would be most interested in buying, mirroring the experience of the LLMs. After
making these choices, participants were asked to self-report the weight that they believed they
placed on each attribute. We then assessed the alignment between participants’ stated weights,
their choices, and revealed weights estimated from their choices, with the notion that greater
alignment suggests more accurate metacognitive knowledge. Lastly, we compared the accuracy

of metacognitive knowledge across samples.
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This study was initially pre-registered as two studies. The first pre-registration included

the human samples and GPT4o: https://aspredicted.org/ynp8-vkyy.pdf. The second pre-

registration included the three LLMs from 2025: https://aspredicted.org/kbpf-rd7y.pdf. For

brevity and coherence, we chose to report the results simultaneously. All analyses were pre-

registered, except where noted.

Participants

Human Participants. Simulations indicated that we would need a minimum of 200
participants in each condition (Buyer and Proxy) to reliably estimate revealed weights from their
choices. To allow for potential data quality issues, we recruited 440 Prolific participants, and 436
completed the entirety of the study (Buyer n = 216; Proxy n = 220). All participants in each
condition passed at least three out of five attention checks (81.2% passed all five) so, following
our pre-registration, no participants were excluded from our analysis. Participants were paid
$2.00. Demographic information is provided in Table 1. Human data was collected in November

2024.

LLMs. The four LLMs were tasked with completing the study 220 times. To maximize
independence across conversations, we disabled each model’s ability to reference saved
memories from prior conversations. Otherwise, all default settings were used, and no
customization or personalization was implemented. To maximally replicate the typical user
experience, all survey iterations were conducted using each model’s chatbot interface
(Anthropic, 2025a; Google, 2025a; OpenAl, 2025a), with prompts uploaded by an undergraduate
research assistant rather than using the API. In one iteration, Gemini refused to provide SAWs.

As such, analyses of Gemini’s SAWs will be based on a sample of 219. Data was collected for


https://aspredicted.org/ynp8-vkyy.pdf
https://aspredicted.org/kbpf-rd7y.pdf
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GPT 4o in September-October 2024 and data for the newer models was collected in July-

September 2025.

Table 1: Human Participant Demographics

Variable Buyers Proxies
(n =216) (n =220)
Gender
Female 120 (55.6%) 143 (65.0%)
Male 89 (41.2%) 69 (31.4%)

Non-Binary/Gender Not Listed
Prefer Not to Answer
Average Age (SD)
Race/Ethnicity
White/Caucasian
Black/African American
Asian/Asian American
Latino/Hispanic
Native American/Pac. Islander
Multi-Racial/Other Race
Prefer Not to Answer
Bachelor’s Degree or Higher
Annual Household Income
$0 - $24,999
$25,000 $49,999
$50,000 - $74,999
$75,000 - $99,999
$100,000 - $124,999
$125,000 - $149,999
$150,000 - $174,999
$175,000 - $199,999
$200,000 or Greater

Prefer Not to Answer

7 (3.2%)
0
39.0 (12.1)

139 (64.4%)

27 (12.5%)
18 (8.3%)
11 (2.7%)
1 (0.5%)
16 (7.4%)
4 (1.9%)

127 (58.8%)

24 (11.1%)
46 (21.3%)
37 (17.1%)
33 (15.3%)
26 (12.0%)
14 (6.5%)
15 (6.9%)
4 (1.9%)
8 (3.7%)
9 (4.2%)

6 (2.7%)
2 (0.9%)
38.1 (13.0)

136 (61.8%)
31 (14.1%)
14 (6.4%)
14 (6.4%)
3 (1.4%)
18 (8.2%)
4 (1.8%)

119 (54.1%)

33 (15.0%)
44 (20.0%)
51 (23.2%)
33 (15.0%)
15 (6.8%)
20 (9.1%)
8 (3.6%)
3 (1.4%)
10 (4.5%)
3 (1.4%)
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Procedures

In line with the Knowledge of Weights (KoW) paradigm (Cash & Oppenheimer, 2025),
participants first completed a Choice-Based Conjoint (CBC) survey in which they made
hypothetical choices between different homes. In the Buyer condition, participants were told that
their goal was to choose the homes that they themselves would be most interested in buying. The
LLMs and humans in the Proxy condition were told that their goal was to choose the homes that
a typical Prolific participant would be most interested in buying. After receiving these
instructions, participants were given brief descriptions of the six attributes on which the homes
would vary. These descriptions laid out the five possible levels of each attribute, explained the
scale on which each attribute was measured, and provided a real-world reference point for each
attribute (e.g., the average value in the U.S.). Participants were then shown 14 sets of three
hypothetical homes and asked to pick which one they (or a typical Prolific participant) would be

most interested in buying from each set (see Supplemental Materials for exact language).

After the choice task, participants self-reported the weight that they believed they had put
on each attribute. A key feature of the KoW paradigm is that these self-reports are framed as
retrospective reflections about participants’ choice behavior, thus making them a metacognitive
task, rather than a preference elicitation task (Cash & Oppenheimer, 2025). Participants’ self-
reported weights were elicited in two distinct formats, presented in a random order. In one
format, participants self-reported the percentage of their decision-making process that was based
on each attribute (i.e., their attribute weights). Their responses were required to sum to 100%
across attributes. We refer to these percentages as Stated Attribute Weights or SAWs. In the other
format, participants rated how important each attribute was in their decision-making process on a

1-9 rating scale (1 = Not At All Important; 9 = Extremely Important). We refer to these ratings as
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Attribute Importance Ratings, or AIRs. These are both common scale types used in the
psychological and decision-making literatures (Nesbitt et al., 2024; P6yhonen & Hémaldinen,
2001; Stevens, 1956), but there are several other weight-elicitation methods that could be
implemented, including those that ask participants to consider the full range of attributes, like the
swing-weighting method (Edwards & Barron, 1994; von Winterfeldt & Edwards, 1986). The
KoW paradigm typically incentivizes accuracy with a bonus (Cash & Oppenheimer, 2025), but

because LLMs cannot receive monetary bonuses, we eliminated human bonuses as well.

After providing their SAWs and AIRs, participants were asked to gauge their confidence
in the accuracy of each set of self-reported values. Confidence was elicited on a scale of 0 (Not
confident at all) to 100 (Completely confident). This can be considered a meta-metacognitive
judgment, as it assesses participants’ confidence in their metacognitive knowledge. Lastly,

human participants completed a brief demographic questionnaire.

Materials

CBC Survey. We first had to determine the attributes that would be provided to describe
each home. We used the six attributes validated by Cash and Oppenheimer (2025): 1) Commute
time (to work); 2) Home size; 3) Mortgage (cost as % of income); 4) School district quality; 5)
Attractiveness of the home (as rated by buyers); and 6) Lot size. These attributes were
specifically selected by Cash and Oppenheimer (2025) because they are unlikely to have
interactions with one another. We then generated five discrete levels for each attribute, which
were used to create the alternatives in the CBC survey (see Supplemental Materials for details).
These levels were designed to reflect homes typically seen in the U.S. housing market (e.g.,
commute times ranged from 10-50 minutes). We then generated 300 versions of the CBC survey.

Each of these survey versions contained 14 choice tasks, and each choice task presented three
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homes that were random permutations of the possible levels of each attribute. Since we had more
versions than participants in each sample, versions were not repeated within sample. The CBC
survey versions were generated using Lighthouse Studio (Sawtooth Software, Inc., 2025). The
choice tasks were presented to humans visually (see Figure 1) and uploaded to the LLMs as an

excel spreadsheet.

Figure 1: Human Participant Choice Task

Which of those homes would you be most interested in buying?
(1 of 14)
Home Size 2,500 sqft 2,000 sqft 1,000 sqft
Lot Size 0.25 Acres 0.50 Acres 0.10 Acres
Mortgage (% 35% 40% 25%
of Income)
School B A- D
District
Quality
Commute 40 Minutes 50 Minutes 10 Minutes
Time
Attractiveness 3.0 2.1 3.9
Rating
Select Select Select

This screenshot was taken from the Buyer survey. In the Proxy survey, the word “you’ in the
instructions was replaced with “a typical Prolific participant.”

LLM Script. To administer the survey to the LLMs, we created a script that mirrored the

language used in the human survey, with only minor deviations to direct the flow of the
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conversation (e.g., asking “Are you ready for the spreadsheet?”’). This script included seven
prompts. Prompt 1 introduced the LLM to the task and provided the attribute descriptions.
Prompt 2 explained the format of the spreadsheet that contained the choice tasks. Prompt 3
uploaded the spreadsheet. Prompt 4 elicited the LLM’s SAWs. Prompt 5 elicited the LLM’s
confidence in its SAWs. Prompt 6 elicited the LLM’s AIRs. And lastly, Prompt 7 elicited the
LLM’s confidence in its AIRs. The research assistant administering the survey flipped a coin to
determine whether Prompts 4 and 5 or Prompts 6 and 7 would come first, mirroring the
randomization of SAWs and AIRs for human participants. The full script is provided in the

supplemental materials.

Analysis & Results

Estimating Revealed Attribute Weights

We first had to estimate the weights revealed by participants’ choices during the CBC
task, which we will refer to as Revealed Attribute Weights, or RAWSs. Following best practices
for analyzing CBC data, we used Hierarchical Bayes (HB) estimation to calculate the part-worth
value (sometimes called utility) that each participant placed on each level of each attribute (Cash
& Oppenheimer, 2025; Eggers et al., 2022; Hein et al., 2020; Orme, 2002). We conducted this

analysis using the HB function in Lighthouse Studio (Sawtooth Software, Inc., 2025)

The HB estimation process relies on a Markov Chain Monte Carlo, a Bayesian updating
process in which the model iteratively samples possible part-worth values for each level of each
attribute for each participant until it converges on part-worth values that accurately predict
participants’ choices. The model begins with a null preference model that sets all part-worth
values to zero. The model then generates a new set of part-worth values for each level of each

attribute for each participant and estimates the probability that each participant would have made
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the choices that they did if they adhered to the old or new sets of part-worth values. If their
choices are more likely under the new set of part-worth values than the old set of part-worth
values, then the new part-worth values are retained. These new part-worth values are then used
as the prior for generating the next set of part-worth values and the process repeats. We allowed
the model to estimate 30,000 sets of part-worth values, the last 10,000 of which were averaged to
generate point estimates. The model used here is referred to as hierarchical because sample-level
mean part-worth values are used to inform participant-level part-worth values. A technical
overview of the HB model can be found in Sawtooth Software, Inc. (2021).

After running the HB model, we were left with point estimates for the part-worth value of
each level of each attribute (6 attributes x 5 levels = 30 part-worth values for each participant).
To convert these part-worth values into attribute-level RAWSs, we applied the following formula
(Cash & Oppenheimer, 2025; Eggers et al., 2022; Orme, 2002), where U; is a vector containing
the part-worth values for the five levels of attribute j, U; is a vector containing the part-worth
values for the five levels of attribute i, and the set from which attribute i is pulled includes all
attributes from the CBC, including j:

max(Uj) — min(Uj)
N (max(U;) — min(U;))

RAW; = 100 *

Descriptives.

Attribute-level Mean RAWs, SAWs, and AIRs for each sample are reported in Table 2.
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Table 2: Mean RAWs, SAWs, and AIRs by Sample

Attribute Buyers Proxies GPT4o0 Gemini Sonnet GPTS
Mean RAWs (sd)
Commute Time 18.43 (8.30) 20.60 (7.61) 21.62 (18.95) 21.22 (6.56) 27.37 (3.19) 24.03 (9.93)
Home Size 13.08 (6.97) 11.09 (5.17) 42.13 (31.13) 13.68 (4.09) 12.19 (2.09) 14.10 (7.79)
Mortgage 18.85 (8.82) 19.24 (8.61) 8.07 (9.24) 23.70 (6.92) 28.33 (3.46) 14.25 (4.27)
School Quality 22.21 (13.72) 24.05 (11.45) 10.04 (8.73) 16.99 (3.51) 14.69 (2.41) 23.69 (7.60)
Attractiveness 14.98 (6.87) 16.52 (8.68) 11.91 (11.52) 13.60 (3.47) 12.38 (2.68) 15.81 (4.06)
Lot Size 12.45 (7.97) 8.51(3.94) 6.23 (3.20) 10.83 (3.07) 5.04 (2.87) 8.13 (2.77)
Mean SAWs (sd)
Commute Time 16.56 (14.68) 17.80 (9.63) 22.42 (3.87) 20.87 (3.59) 26.74 (3.09) 20.99 (3.35)
Home Size 16.31 (10.56) 14.66 (8.31) 16.13 (4.25) 14.76 (3.44) 15.50 (4.34) 13.67 (3.19)
Mortgage 24.51 (17.06) 26.96 (15.65) 25.01 (4.87) 27.00 (5.77) 31.93 (4.11) 25.27 (4.04)
School Quality 14.73 (18.28) 16.69 (12.38) 14.25 (4.74) 16.07 (4.25) 14.06 (4.60) 18.70 (4.12)
Attractiveness 13.27 (13.53) 14.60 (11.49) 14.02 (5.36) 11.61 (3.30) 8.16 (3.36) 13.83 (3.70)
Lot Size 14.60 (15.24) 9.28 (5.92) 8.16 (2.70) 9.69 (3.24) 3.61 (1.18) 7.55(2.25)
Mean AIRs (sd)
Commute Time 6.05 (2.30) 6.69 (1.80) 7.88 (0.71) 7.65(0.91) 7.86 (0.47) 7.74 (0.75)
Home Size 6.07 (2.08) 6.01 (1.82) 6.63 (0.99) 6.04 (1.30) 5.98 (0.89) 6.17 (0.80)
Mortgage 7.01 (2.10) 7.49 (1.61) 8.43 (0.78) 8.91 (0.59) 8.63 (0.55) 8.62 (0.56)
School Quality 4.84 (2.91) 6.07 (2.17) 6.29 (1.14) 6.39 (1.61) 5.73 (1.18) 7.35(0.95)
Attractiveness 5.13(2.39) 5.72 (2.08) 6.16 (1.17) 4.94 (1.51) 4.21 (0.90) 6.31 (0.99)
Lot Size 5.47 (2.22) 4.99 (1.93) 4.33(0.72) 4.20 (1.59) 2.78 (0.82) 4.28 (0.67)
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Validating Part-Worth Values and RAWs

We next conducted an exploratory analysis in which we sought to validate that our part-
worth value estimates were accurately capturing decision makers’ choice behavior. To do so, we
evaluated each choice made by each participant and estimated the total value (i.e., sum of part-
worth values) of each alternative. We did so by identifying the part-worth value of each
alternative’s score on each attribute (e.g., for Participant 9, Alternative 1 has a commute time of
10 minutes, which has a part-worth value of 65.84), then summing across attributes to generate a
total value for each alternative. We then calculated the sample-level percentage of choice tasks
for which the alternative predicted to have the highest total value was the alternative that the
participant actually selected. Estimated part-worth values accurately predicted greater than 99%
of choices for all samples (see Table 3), indicating that they were highly successful in describing
decision makers’ choice behavior. This also provides evidence for our assumption that decision
makers’ choices could be effectively captured by an additive, compensatory model without

interactions.

We next investigated the accuracy with which RAWs could predict participants’ choice
behavior. The key difference between RAWs and part-worth values is that RAWs do not capture
the value function between levels of each attribute — only how important each attribute is writ
large. Thus, we would expect RAWs to be less accurate than part-worth values, since they
contain less information. Given that the value function connecting the levels is unknown, we had
to make an assumption about its shape. We chose to assume a linear function where the lowest-
value level of attribute for each participant was coded as 1 and the highest-value level was coded
as 5 (Cash & Oppenheimer, 2025). The rank-order was determined independently for each

participant. We then predicted which alternative each participant would selected for each choice
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task by multiplying the level of each attribute (coded as 1-5) by the RAW for that attribute, then
summing across the six attributes, generating a total value for each alternative home that ranged
from 100 (worst possible combination of levels) to 500 (best possible combination of levels).
Using this method, RAWSs accurately predicted the selected alternative in 89.4% - 97.7% of
choice tasks across samples (see Table 3). These results indicate that RAWs were highly accurate
in capturing decision makers’ choice behavior, even without access to the true underlying value
functions. This also serves as an important benchmark for evaluating the accuracy of predictions
made by SAWs and AIRs, which were only collected for each attribute, not each level, and

therefore also lacked a defined value function. This analysis was pre-registered as exploratory.
Predicting Choices Using Other Compensatory Functions

To contextualize the accuracy of the predictions made by RAWs, we tested how
accurately other, simpler weighting schemes could predict participants’ choices. We started with
an equal weighting scheme, where each attribute was given a weight of (100/6). We then used the
same method that we did for predicting choices via RAWs and found that the equal weight model
accurately predicted 79.8% - 85.8% of choices for all samples (see Table 3). The notable
exception was GPT4o, for which the equal weighting scheme accurately predicted only 66.5% of
choices. This divergence is likely a result of the fact that, on average, GPT4o placed nearly half
of its weight on the Home Size attribute, whereas the other samples distributed their weights
reasonably evenly across attributes (see Table 2). Importantly, chi-squared tests indicated that
RAWSs were more accurate predictors of participants choices than the equal weights for all

models (Xs*(1, Ns > 5,883) > 81.05, ps <.001).
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Table 3: Percentage of Choices Accurately Predicted

Weighting Scheme/Decision Strategy

Sample | Part-Worth RAWs Equal Weights | Random Take The Best | Tallying (Ties | Tallying (Ties

Values Weights Randomized) | Excluded)
Buyers | 99.1% 92.8% 82.9% 66.4% 70.7% 71.1% 78.5%

[98.7-99.4%] | [91.8-93.6%] | [81.5—-84.3%] | [64.7—68.1%] | [69.0—-72.3%] |[69.4—72.7%] |[76.8—80.1%]
Proxies | 99.3% 91.3% 83.6% 66.2% 66.5% 70.1% 76.8%

[98.9 —99.5%] |[90.2-92.2%] | [82.2—-84.9%] | [64.5—67.9%] | [64.8—68.2%] |[68.4—71.7%] | [75.1 —78.4%)]
GPT40 | 99.8% 97.7% 66.5% 56.9% 88.1% 63.0% 68.7%

[99.6 —99.9%] | [97.0-98.2%] | [64.8 —68.2%)] | [55.1 —58.6%] | [86.9 —89.2%] | [61.2—64.7%] | [66.8 —70.6%]
GPTS | 99.97% 96.3% 79.8% 63.5% 70.0% 67.6% 74.6%

[99.8 —100%] | [95.6 —96.9%] | [78.3 -81.2%)] | [61.7—65.2%] | [68.3 —71.6%] | [65.9—69.3%] |[72.8—76.3%]
Gemini | 100.0% 95.7% 85.8% 65.8% 65.4% 71.6% 78.8%

[99.8 —100%] | [94.9 —96.4%] | [84.5—87.0%] | [64.1 —67.5%] | [63.7—67.1%] | [69.9—-73.1%] | [77.1 —80.4%)]
Sonnet | 99.5% 89.4% 80.4% 64.0% 62.7% 65.1% 72.1%

[99.2 -99.7%] | [88.2—-90.4%] | [78.9—81.8%] |[62.2—-65.7%] |[61.0—-64.4%] |[63.3—-66.7%] |[70.3 —73.9%]

Note. Brackets indicate 95% confidence intervals.
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We next tested the accuracy of a random weights model. To do so, we randomly
generated ten novel sets of weights for each participant. We then used the same method that we
did for predicting choices via RAWs but replaced the RAWs with these random weights.
Averaged across the ten sets, the random weights model accurately predicted 56.9 — 66.4% of
choices for each sample (see Table 3). These percentages are above chance (1/3) because the
predictive model retained the assumed linear value function that captured participants’ rank-order
preferences across levels, thus giving it some information about participants’ preferences.
Unsurprisingly, pairwise chi-squared tests indicate that RAWs were more accurate predictors of
participants choices than random weights (Xs?(1, Ns > 6,048) > 555.03, ps < .001). Together,
these results suggest that RAWs were generating meaningfully better estimates of participants’

decision weights than other, simpler models. All analyses in this section were exploratory.
Predicting Choices Using Non-Compensatory Strategies

To this point, we have assumed that participants were making choices using a
compensatory, weight-based strategy. However, decision makers often engage in non-
compensatory decision processes that allow them to make choices based on only a subset of the
available information (Einhorn, 1970; Tversky, 1972). As such, we next sought to test the extent
to which participants’ choices could be predicted using non-compensatory strategies. We first
tested a lexicographic strategy akin to the Take-The-Best heuristic (Gigerenzer & Goldstein,
1996; Newell et al., 2003), applied to a three-alternative context. In this approach, decision
makers start with the most important (or most valid) attribute and choose the alternative that
scores highest on that attribute. If more than one attribute is tied for the highest score on that
attribute, they move down the list, in order of attribute importance, until the tie is broken. Using

this heuristic, we were able to accurately predict 88.1% of choices for GPT40 and 62.7 — 70.7%
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of choices for other samples (see Table 3). This suggests that GPT40 may have been acting in a
somewhat non-compensatory fashion — as can be seen by the fact that it put an average RAW of
42.13% on Home Size (see Table 2) — whereas the other models were not. However, pairwise
chi-squared tests indicated that RAWs predicted participants’ choices more accurately than the

take-the-best heuristic for all samples, including GPT4o (Xs*(1, Ns > 6,048) > 212.00, ps < .001).

We then tested the degree to which participants’ choices could be accurately predicted
using the tallying heuristic, also known as unit-weighting or Dawes’ Rule (Dawes, 1979;
Gigerenzer & Goldstein, 1996; Payne et al., 1993). When using this heuristic, each attribute is
evaluated separately, and the alternative that scores best on that attribute is given a point. These
points are then summed and the alternative with the highest score is selected. When
implementing this heuristic, we handled attribute-level ties (e.g., two homes had the same
commute time) by giving one point to each alternative. If two or more alternatives were tied after
all attributes were considered, we randomly selected a winner. Using this model, the tallying
heuristic accurately predicted only 63.0 — 71.6% of choices across samples (see Table 3).
Pairwise chi-squared tests indicated that RAWs predicted participants’ choices more accurately
than the tallying heuristic for all samples (Xs*(1, Ns > 6,048) > 442 .48, ps <.001). If we
excluded choice tasks for which the tallying heuristic resulted in a tie, accuracy rates improved to
68.7 — 78.8% of choices across samples (see Table 3) but remained significantly lower than the
accuracy rates for RAWs (Xs?(1, Ns > 5,482) >221.93, ps < .001). In conjunction, these results
suggest that the compensatory RAW model is a better model of choice behavior than the non-
compensatory models, though the take-the-best heuristic performed reasonably well for GPT4o.

All analyses in this section were exploratory.

SAWs Predicting Choices
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Having established that our participants’ choice behavior is best predicted by a
compensatory model, we now turn to our primary question of the accuracy of participants’
metacognitive knowledge. As our first measure of metacognitive knowledge, we investigated the
percentage of choice tasks for which SAWs accurately predicted the alternative each participant
selected for each choice task. We did so using the same procedure as we used to predict choices
using RAWSs but replaced each participant’s RAWs with their SAWs. When SAWs accurately
predict the selected alternative in a greater proportion of choice tasks, it is indicative of more

accurate metacognitive knowledge (Cash & Oppenheimer, 2025).

We found that SAWs accurately predicted 81.3% of choices for Buyers (95% CI = 79.8 —
82.7%), 80.2% of choices for Proxies (95% CI = 78.7 — 81.6%), 66.0% of choices for GPT40
(95% CI1=64.3 - 67.7%), 81.3% of choices for GPTS (95% CI = 79.8 — 82.7%), 87.8% of
choices for Gemini (95% CI = 86.6 — 88.9%), and 84.4% of choices for Sonnet (95% CI = 83.0 —
85.6%). Pairwise chi-squared tests indicated that these proportions were not significantly
different for Buyers and Proxies (X*(1, N =5,974) = 1.12, p = .29). GPT40’s proportion was
significantly lower than that of Buyers and Proxies (Xs*(1, Ns > 5,972) > 152.74, ps < .001).
GPTS5’s proportion was not significantly different than that of Buyers or Proxies (Xs*(1, Ns >
5,967) < 1.14, ps > .29). Proportions for Gemini and Sonnet were significantly higher than those
of Buyers and Proxies (Xs(1, Ns > 5,968) > 9.82, ps < .002). All significant differences were
robust to the application of a Bonferroni correction for multiple comparisons (n = 15
comparisons; significant p cutoff = .003) and all pairwise comparisons are reported in Figure 2.
In all, these results suggest that the oldest model, GPT4o0, had significantly worse metacognitive
knowledge than humans, but that the newer models either matched or exceeded human

performance.
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Figure 2: SAWs Predicting Choices
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AIRs Predicting Choices

As our next measure of metacognitive knowledge, we exploratorily investigated the
percentage of choice tasks for which AIRs accurately predicted the alternative each participant
selected for each choice task. We again used the same procedure that we used to predict choices
based on RAWs, but using AIRs as the weighting function instead of RAWs. We found that AIRs
accurately predicted 84.4% of choices for Buyers (95% CI = 83.1 — 85.7%), 83.8% of choices for

Proxies (95% CI = 82.5 — 85.1%), 66.9% of choices for GPT40 (95% CI = 65.2 — 68.5%), 81.8%
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of choices for GPT5 (95% CI = 80.4 — 83.2%), 88.2% of choices for Gemini (95% CI = 86.9 —

89.3%), and 86.1% of choices for Sonnet (95% CI = 84.8 — 87.3%)).

Pairwise chi-squared tests indicated that these proportions were not significantly different
for Buyers and Proxies (X*(1, N = 6,025) = 0.40, p = .53). GPT40’s proportion was significantly
lower than that of Buyers and Proxies (Xs*(1, Ns > 6,043) > 234.02, ps <.001) and the
differences were robust to Bonferroni correction. GPTS5’s proportion was significantly lower than
the proportions for Buyers and Proxies (Xs*(1, Ns > 6,029) > 4.07, ps < .04), but the differences
were not robust to Bonferroni correction. Gemini’s proportion was significantly higher than the
proportion for Buyers and Proxies (Xs*(1, Ns > 6,023) > 17.29, ps < .001) and the differences
were robust to Bonferroni correction. Sonnet’s proportion was not significantly different than the
proportion for Buyers (X?(1, N = 6,021) = 3.18, p = .07) but was significantly higher than the
proportion for Proxies (X*(1, N = 6,066) = 6.04, p = .01), though the effect was not robust to
Bonferroni correction. All pairwise comparisons are reported in Figure 3. In conjunction, these
results once again suggest that the oldest LLM — GPT40 — had relatively limited metacognitive
knowledge compared to humans, but that the newer LLMs matched or surpassed human

performance.
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Figure 3: AIRs Predicting Choices
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Correlations Between RAWs and SAWs

As another measure of metacognitive knowledge, we next assessed the correlation
between RAW and SAWs. This metric captures a decision maker’s ability to accurately identify
the relative influence that each attribute had on their decision-making process, compared to the
other attributes. Though we acknowledge that RAWs are not perfect estimates of choice behavior
(Rakow, 2014), the choice analyses suggest that they are better estimates than SAWs or AIRs, so

we treat them as a proxy for decision makers’ true weights. This conceptualization is consistent
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with the prior literature, which has demonstrated the validity and reliability of RAWs across
several domains, including homebuying (Cash & Oppenheimer, 2025). To conduct this analysis,
we first calculated the Spearman rank-order correlation across attributes for each participant. We
then averaged the participant-level RAW-SAW correlations within each sample. The mean RAW-
SAW correlation was p = 0.45 (sd = 0.37) for Buyers, p = 0.43 (sd = 0.39) for Proxies, p = 0.14
(sd = .36) for GPT4o, p = 0.48 (sd = 0.32) for GPTS5, p =0.68 (sd = 0.33) for Gemini, p = 0.88
(sd = .12) for Sonnet. A one-way ANOVA indicated that these means were significantly different
from one another (F(5, 1309) = 126.00, p <.001). Pairwise comparisons corrected using Tukey’s
HSDs indicated that the mean correlations for Buyers and Proxies were not significantly different
from one another (p = .997). The mean correlation for GPT40 was significantly lower than the
mean correlations for Buyers and Proxies (ps <.001). The mean correlation for GPT5 was not
significantly different than the mean correlation for Buyers (p = .88) or Proxies (p = .61). Lastly,
the mean correlations for Gemini and Sonnet were significantly higher than the mean
correlations for both sets of humans (ps <.001). The full set of pairwise comparisons is depicted
in Figure 4. In all, these findings replicate the choice-based results by demonstrating once again
the GPT4o0 had significantly less accurate metacognitive knowledge than humans, whereas the
newer LLMs demonstrated metacognitive knowledge that was as accurate or more accurate than

that of humans.
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Figure 4: Mean RAW-SAW Correlations
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Correlations Between RAWs and AIRs

We next evaluated the participant-level Spearman rank-order correlations between RAWs
and AIRs. The mean RAW-AIR correlation was p = 0.45 (sd = 0.40) for Buyers, p = 0.45 (sd =
0.36) for Proxies, p = 0.15 (sd = .37) for GPT4o, p = 0.48 (sd = 0.32) for GPTS5, p =0.68 (sd =
0.34) for Gemini, p = 0.87 (sd = .13) for Sonnet. A one-way ANOVA indicated that these means
were significantly different from one another (F(5, 1305) = 120.50, p <.001). Pairwise
comparisons corrected using Tukey’s HSDs indicated that the mean correlations for Buyers and

Proxies were not significantly different from one another (p = .999). The mean correlation for
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GPT4o was significantly lower than the mean correlations for Buyers and Proxies (ps <.001).
The mean correlation for GPTS was not significantly different than the mean correlation for
Buyers (p = .86) or Proxies (p = .93). Lastly, the mean correlations for Gemini and Sonnet were
significantly higher than the mean correlations for both sets of humans (ps <.001). The full set
of pairwise comparisons is depicted in Figure 5. These findings nearly perfectly replicate the
results from the analysis of RAW-SAW correlations, again suggesting that GPT40 had less
accurate metacognitive knowledge than humans, whereas the newer models were as accurate or

more accurate than humans.

Figure 5: Mean RAW-AIR Correlations
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Confidence

Lastly, we evaluated each sample’s confidence in their ability to provide accurate SAWs
and AIRs. Participants’ mean confidence in the accuracy of their SAWs was 80.37 (sd = 17.17)
for Buyers, 68.64 (sd =20.94) for Proxies, 85.27 (sd = 2.28) for GPT4o0, 89.47 (sd = 7.58) for
Gemini, 79.44 (sd = 4.31) for Sonnet, and 84.54 (sd = 2.64) for GPT5. A one-way ANOVA
comparing confidence in SAWs across all six samples indicated that the means were significantly
different from one another (F(5, 1306) = 82.76, p < .001). Pairwise comparisons using Tukey’s
HSDs indicated that Proxies were less confident than all other samples (ps < .001), whereas
Buyers were less confident than all LLMs (ps < .003), except for Sonnet (p = .96). Interestingly,
we found little relationship between accuracy and confidence for the LLMs. The least accurate
model, GPT4o, was the second most confident model (only Gemini was significantly more
confident; p = .002), whereas Sonnet, which was consistently one of the two most accurate

models, was significantly less confident than all other LLMs (ps <.002)

Mean confidence in AIRs told a similar story. Mean AIR confidence was 82.19 (sd =
15.94) for Buyers, 69.70 (sd = 20.28) for Proxies, 88.52 (sd = 2.77) for GPT4o0, 90.14 (sd = 6.51)
for Gemini, 84.44 (sd = 3.38) for Sonnet, and 88.52 (sd = 2.39) for GPTS5. A one-way ANOVA
comparing confidence in AIRs across all six samples indicated that the means were significantly
different from one another (F(5, 1308) = 103.30, p <.001). Pairwise comparisons using Tukey’s
HSDs again indicated that Proxies were less confident than all other samples (ps <.001),
whereas Buyers were less confident than all LLMs (ps < .003), except for Sonnet (p = .27).
Again, we found that the least accurate model, GPT40, was the second most confident model
(and not significantly less confident than the most confident model, Gemini; p = .64), whereas

Sonnet was significantly less confident than all other models (ps <.002). In conjunction, these
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results suggest that LLMs tend to be highly confident — often more confident than humans — even
when they are not more accurate than humans. The lower confidence from Proxies relative to
Buyers is unsurprising, as making choices for unknown others may feel like a more difficult task
than making choices for oneself, even though this was not evident in the accuracy of their

metacognitive knowledge.

Deviations from Pre-Registration

We initially pre-registered that we would evaluate RAW-SAW and RAW-AIR
correlations for each attribute across participants within each sample. However, we chose instead
to evaluate participant-level correlations across attributes because participant-level correlations
are more powerful than attribute-level correlations and more typical in the metacognition
literature (Fleming & Lau, 2014). In response to reviewer feedback, we also switched to
Spearman correlations instead of Pearson correlations, as this would eliminate the need to
transform our data. For transparency, we report attribute-level Pearson correlations in the
Supplemental Materials and further discuss the limitations of attribute-level correlations. In
response to further reviewer feedback, we also chose to report how accurately SAWs could
predict participants’ choices, rather than how often they made the same predictions as RAWs (the
pre-registered analysis). The results, presented in the Supplemental Materials, were qualitatively
similar, but we believe the reported analysis is clearer and more meaningful. Lastly, we
originally pre-registered that we would study ChatGPT4.1, but that we would switch to a newer
version of any model if one was released before data for the older version was collected.
ChatGPT5 was released before data collection began, so we evaluated it instead of ChatGPT4.1.

Additional pre-registered analyses are reported in the Supplemental Materials.

Summary of Results
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These results provide several insights into LLMs’ metacognitive knowledge of how they
make multi-attribute choice decisions. First, we demonstrated that all four models’ choice
behavior could be effectively captured using an additive, compensatory model. Second, we found
that the oldest model — GPT40 — had consistently poor metacognitive knowledge across metrics,
far below that which is achieved by humans. Third, we found that the newer models — GPTS5,
Sonnet, and Gemini — consistently matched or surpassed humans’ metacognitive knowledge.
GPTS5 tended to perform about as well as humans, whereas Sonnet and Gemini tended to
demonstrate greater metacognitive knowledge than humans. This suggests that, over time, the
ability of LLMs to report their decision processes has improved. Fourth, we found that all LLMs
tended to be quite confident in their metacognitive knowledge. All the models were more
confident than humans, with the exception that Sonnet was not more confident than Buyers. This
high confidence even applied to the oft-inaccurate GPT4o, suggesting that our results are
consistent with the growing literature demonstrating that LLMs are highly confident, and often
overconfident (Cash, Oppenheimer, et al., 2026; Groot & Valdenegro-Toro, 2024; Xiong et al.,
2023). In all, these results suggest that LLMs do have the ability to generate and maintain
accurate metacognitive knowledge of the weights they apply when making multi-attribute choice

decisions and that this ability has improved over time.

Data Availability Statement

Data, materials, and code for are available on OSF:

https://osf.io/r73ez/overview?view only=4c¢52a90f5cc8437894124356132e209b

General Discussion
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As LLMs become increasingly integrated into our everyday lives, it is more critical than
ever that users understand how the models arrive at the conclusions that they do. Though users
cannot be expected — and likely have no desire — to understand the nuances of the models’
cognitive architectures, it would be beneficial for users to know where LLMs source their
information and how this information is used to guide their reasoning processes. Given that
LLMs are capable of human-like language (Wu et al., 2025), it is reasonable for users to believe
that they could simply ask the models to explain their underlying cognitive processes. However,
a growing literature suggests that LLMs’ explanations often fail to faithfully capture their true

reasoning processes (Fayyaz et al., 2024; Malin et al., 2025; Matton et al., 2025).

In the study presented here, we sought to extend this literature by assessing the degree to
which LLMs could faithfully explain their reasoning processes in the context of multi-attribute
choice. To do so, we tasked both humans and LLMs with making a series of choices between
homes that varied on six attributes, then self-reporting the weight they placed on each attribute.
We then assessed the alignment between their self-reported weights, their choices, and weights
estimated from their choices, all of which are common metrics for evaluating decision makers’
metacognitive knowledge of their own decision-making processes (Cash & Oppenheimer, 2025;
Harte & Koele, 1995; Morris et al., 2025; Slovic & Lichtenstein, 1971). We found that
ChatGPT40 — which was released in 2024 — provided stated weights that were significantly less
faithful to their revealed weights than did human participants. However, three LLMs released in
2025 — ChatGPT5, Gemini 2.5-Flash, and Sonnet 4 — generated weights that were consistently as

accurate or more accurate than human decision makers’ self-reported weights.

This pattern of results suggests that LLMs are capable of faithfully describing the weight

they placed on various factors when making multi-attribute choice decisions — at least at a level
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that is comparable to that of humans. However, this ability seems to be a relatively recent
development, as the models released in 2025 were significantly more faithful than ChatGPT4o,
which was released in 2024. One potential explanation for this improvement is that the newer
models have larger context windows — meaning that they can remember a greater deal of
information from earlier in the conversation before it falls out of their memory (Bansal et al.,
2024; T. Wu et al., 2023). However, the scripts used in this study were rather short and thus
should not have surpassed the limits of any of the models. As such, we find this explanation to be

unlikely.

A potential explanation that is supported by our data, however, is that the newer models
seem to be more consistent in their choice behavior. To quantify this, we calculated the mean
standard deviation of RAWSs for each model across attributes. The mean standard deviation for
GPT40 was 13.79pp, whereas the means for Gemini (4.61pp), Sonnet (2.78pp), and GPT5
(6.07pp) were less than half of that. Despite these differences in choice consistency, all four
LLMs had minimal variance in their stated weights. The mean standard deviation in SAWs was
4.30 for GPT40, 3.93 for Gemini, 3.45 for Sonnet, and 3.44 for GPT5. This pattern suggests that
each model self-reported weights that implied relatively consistent choice behavior, but GPT40
did not make choices with the same level of consistency as the other models. As a result, GPT40
did not report stated weights that accurately captured the variance in its choice behavior,
reflecting inaccurate metacognitive knowledge. This could also explain GPT40’s high degree of
confidence, as it did not seem to be aware of how inconsistent its choice behavior was. However,

this explanation is entirely post-hoc and requires further investigation.

Interestingly, exploratory analyses also indicated that, compared to GPT4o0, the modern

LLMs made choices that were more similar to those made by humans. GPT40’s attribute-level
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mean RAWs differed from Buyers’ mean RAWs by an average absolute value (across attributes)
of 10.75pp and Proxies’ mean RAWSs by an average of 10.69pp. The mean differences for the
newer LLMs were smaller, ranging from 2.97pp (GPT5) to 6.14pp (Sonnet) when compared to
Buyers and 2.14pp (GPTS5) to 5.66pp (Sonnet) when compared to Proxies. However, all four
models were similarly capable of capturing humans’ stated weights. Mean SAW differences
ranged from 2.37pp (GPT40) to 5.86pp (Sonnet) between LLMs and Buyers, and 1.73pp (GPT5)
to 4.91pp (Sonnet) between LLMs and Proxies. In conjunction, these results suggest that GPT4o0
had awareness of the choices it was supposed to make, but, unlike the newer models, could not
apply this knowledge to its choice behavior. This could suggest that the newer models more
effectively engage in metacognitive control (Ackerman & Thompson, 2017) and is an important
area for further research, especially given that alignment between user preferences and
algorithmic outputs is a critical predictor of algorithmic adoption (Dietvorst & Bartels, 2022;

Dietvorst et al., 2018).

To further investigate similarities in the humans’ and LLMs’ choice behavior and
metacognitive knowledge thereof, we calculated the range of RAWs, SAWs, and AIRs
(normalized to a 0-100 scale) for each participant, then averaged within each sample. The most
notable pattern was that the range for AIRs was smaller than the range for RAWs for all samples
(ps <.001), which is consistent with previous literature demonstrating that self-reported weights
tend to be more evenly distributed than revealed weights (Newell & Shanks, 2014). This
suggests that LLMs may be susceptible to some of the same self-report biases as humans, but
this result is highly exploratory and requires further investigation. In contrast, SAW ranges were

not consistently lower than RAW ranges. Details are reported in the Supplemental Materials.
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In all, the results presented here make two key contributions to the LLM faithfulness
literature. First, we demonstrate that LLMs — especially models from 2025 — can be reasonably
faithful in describing their reasoning processes in the domain of multi-attribute choice. One
reason that LLMs may be particularly successful in this task compared to other faithfulness tasks
is that the paradigm we used collects self-reports in a quantitative format (Cash & Oppenheimer,
2025). Given that LLMs are highly sophisticated quantitative machines, they may be better at
providing percentages describing their reasoning formula than describing their reasoning
processes verbally. Secondly, we demonstrate that the faithfulness of LLMs’ metacognitive
knowledge can improve over time and may even surpass humans’ metacognitive knowledge.
This supports the argument that LLMs’ advanced quantitative abilities may allow them to
develop sophisticated metacognitive abilities as the companies creating these models continue to

iterate (Cappelen & Dever, 2024; Long, 2023).

Given that LLMs are largely believed to lack true introspective abilities (Cash &
Oppenheimer, 2024a; Comsa & Shanahan, 2025; Li et al., 2024), these results also suggest that
human-like levels of metacognitive knowledge can be achieved without introspection. This
provides some support to the psychological argument that human metacognition does not
necessarily require introspection, but rather than it could be built on other mechanisms, such as
statistical learning (Perkovic & Orquin, 2018; Sherman et al., 2020), a prior causal theories
(Nisbett & Wilson, 1977) or inferential cues (Ackerman, 2019; Koriat, 1997). In this sense,
research on the metacognitive abilities of LLMs provides an interesting way to investigate how
human metacognition would or could function if we lacked introspection or other abilities that
cannot be replicated by LLMs. Future research should continue to study the mechanisms

underlying the metacognitive knowledge of both humans and LLMs.
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Limitations and Future Directions

One limitation of our findings is that they do not provide any insight into the mechanisms
by which LLMs generate metacognitive knowledge. For example, it is unclear the extent to
which LLMs are learning their weights from their choices versus making choices that align with
pre-determined weights versus inferring their weights from cues in the choice environment or
some other mechanism entirely. Some of these mechanisms could be tested empirically (e.g., by
asking for stated weights before the choice tasks), but others are hidden within the black box of
the underlying models (de Carvalho Souza & Weigang, 2025; Ramlochan, 2023). At a lower
level, it is also unclear how specific neurons or circuits may contribute to an LLM’s ability to
develop faithful metacognitive knowledge. This highlights the need for mechanistic
interpretability research specifically focused on LLMs’ metacognitive abilities (Gantla, 2025;

Von Zahn et al., 2025).

An additional avenue for future research would be to test how responsive metacognitive
knowledge is to prompt engineering — that is, optimizing prompts to maximize the quality of the
LLM’s response (Giray, 2023). In our studies, we used prompts that mimicked an empirically-
validated paradigm for measuring metacognitive knowledge (Cash & Oppenheimer, 2025), not
necessarily maximizing metacognitive knowledge. Future research should investigate the extent
to which different prompting strategies, such as chain-of-thought prompting (B. Wang et al.,
2022) or persona-based prompting (Hu & Collier, 2024; G. Sun et al., 2024), could improve the
faithfulness of LLMs’ metacognitive knowledge. On the other hand, prompt engineering is a skill
(Federiakin et al., 2024) and beginners may use prompts that limit the accuracy of LLMs’

metacognitive knowledge to levels below what we found here. As such, human factors research
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should focus on the efficacy of prompts implemented by everyday users, rather than the well-

calibrated prompts used in these studies.

Another future direction for this research could be to elicit human and LLM participants’
beliefs about their choice behavior using methods other than the two we did here (SAWs and
AIRs). For example, one elicitation method that could be promising is swing-weighting, wherein
participants self-report the best and worst possible levels of each attribute, then judge how much
their evaluation of an alternative would improve if its score on each attribute shifted from worst
to best (Edwards & Barron, 1994; von Winterfeldt & Edwards, 1986). The swing-weighting
method would be particularly valuable because it forces participants to consider the full range of
each attribute, which may eliminate biases in their metacognitive reasoning (Keeney, 1992;
Montibeller & von Winterfeldt, 2015). It could be similarly useful to elicit human and LLM
participants’ beliefs about the extent to which they engaged in any sort of non-compensatory
decision strategy (Einhorn, 1970; Morris et al., 2025; Tversky, 1972). The judgment and
decision-making literature has a rich history of comparing different elicitations methods (e.g.,
Borcherding et al., 1991; Nesbitt et al., 2024; Poyhonen & Hédmailainen, 2001; Srivastava et al.,
1995) and we believe that replicating these kinds of studies with LLMs could greatly benefit our

understanding of LLMs’ metacognitive knowledge.

A related future direction could be to elicit human and LLM participants’ beliefs about
interactions between attributes. For example, a participant may only want a bigger house if it
also comes with a bigger yard. While our attributes were selected to minimize interactions — and
our data suggests that participants’ choices were well-predicted by a simple additive model — it is
highly likely that interaction effects will occur in other domains. For example, a decision maker

may only want a car they purchase to be cherry red if it’s a sports car (who wants a cherry red
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minivan?). This would be a natural extension of this work, particularly because choice-based
conjoint analysis is built to detect interaction effects (Eggers et al., 2022). These future research
directions could kickstart a whole new era of research in which we seek to make sense of what’s
going on inside the minds of LLMs and interpret the black box functions by which they

transform inputs into outputs, much like the pioneering JDM scholars did with humans.

Constraints on Generality

The results presented here only tested participants’ metacognitive knowledge in the
homebuying domain. As such, it is plausible that LLMs’ metacognitive knowledge of their
reasoning processes may be more or less accurate in other multi-attribute choice domains, such
as romantic partner selection, school choice, or buying a car. Reductions in accuracy may be
particularly likely in multi-attribute choice domains that are less well-represented in the models’
training sets. However, the same could be said of humans; if we were dropped on Mars and
asked to make choices between Martian homes (which could be made of fungi; Tavares, 2020),
our metacognitive knowledge would likely be poor as well. Here on Earth, though, humans’
metacognitive knowledge is relatively consistent across similarly well-understood domains
(Cash & Oppenheimer, 2025), so it would be reasonable to hypothesize that the same would be
true of LLMs. Future research should test the metacognitive knowledge of LLMs in other multi-

attribute choice domains.

The generalizability of our results is also limited by the fact that we only tested four
LLMs, with a focus on the most advanced models at the time of the study. There are almost
certainly less advanced models that would demonstrate worse metacognitive knowledge than the
LLMs tested here, and there very well could be — and almost certainly will be — models that

demonstrate more accurate metacognitive knowledge. It would be of particular interest to study
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open-source models, such as Mistral (2025) and LLaMA (Meta, 2025), as their transparency may
allow deeper investigations into the mechanisms underlying the development and reporting of
LLMs’ metacognitive knowledge. It would also be of interest to test the performance of these
models in languages other than English. While we believe that the models we chose were a good
starting point because of their popularity and prowess, we strongly encourage future research

into the metacognitive knowledge of other LLMs.

Conclusion

LLMs are often considered to function as black boxes whose inner workings are a
mystery to users (de Carvalho Souza & Weigang, 2025). In the study presented here, we
investigated the extent to which LLMs could accurately report their reasoning processes in a
multi-attribute homebuying task when asked to do so. We found that GPT40 provided
significantly less accurate self-reports of the weight it placed on various attributes than human
participants did. However, three more-advanced models (Gemini 2.5 Flash, Sonnet 4, GPTS) —
released about a year later — matched or surpassed human accuracy on the same task. These
results suggest that LLMs can generate and maintain accurate metacognitive knowledge of their

own decision-making processes, but that this is a relatively new ability.

These findings make a significant contribution to the LLM faithfulness literature, as they
demonstrate an emergent metacognitive capability of LLMs and support the hypothesis that
LLMs’ metacognitive abilities are likely to grow as models are improved (Cappelen & Dever,
2024; Long, 2023). Our results also have significant implications for users, as they suggest that
LLMs can explain their reasoning processes at least as well as humans — thus increasing their

value and transparency as decision aids (Yang et al., 2024) and advisors (Wester et al., 2024).
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