
Academic Editor: Giovanni Diraco

Received: 26 August 2025

Revised: 5 January 2026

Accepted: 12 January 2026

Published: 19 January 2026

Copyright: © 2026 by the author.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

AI

Perspective

Could You Be Wrong: Metacognitive Prompts for Improving
Human Decision Making Help LLMs Identify Their Own Biases
Thomas T. Hills

Department of Psychology, University of Warwick, Gibbet Hill Road, Coventry CV4 7AL, UK;
t.t.hills@warwick.ac.uk

Abstract

Because LLMs are still in development, what is true today may be false tomorrow. We
therefore need general strategies for debiasing LLMs that will outlive current models.
Strategies developed for debiasing human decision making offer one promising approach
as they incorporate an LLM-style prompt intervention designed to access additional latent
knowledge during decision making. LLMs trained on vast amounts of information contain
information about potential biases, counter-arguments, and contradictory evidence, but
that information may only be brought to bear if appropriately prompted. Metacognitive
prompts developed in the human decision making literature are designed to achieve this
and, as I demonstrate here, they show promise with LLMs. The prompt I focus on is
“could you be wrong?” Following an LLM response, this prompt leads LLMs to produce
additional information, including why they answered as they did, identifying errors,
biases, contradictory evidence, and alternatives, none of which were present in their initial
response. Further, this metaknowledge often reveals that how LLMs and users interpret
prompts are not aligned. I demonstrate this prompt in three cases. In the first two cases I
use a set of questions taken from recent articles identifying LLM biases, including implicit
discriminatory biases and failures of metacognition. “Could you be wrong” prompts
the LLM to identify its own biases and produce cogent metacognitive reflection. In the
last case I present an example involving convincing but incomplete information about
scientific research (the too much choice effect), which is readily corrected by “could you
be wrong?” In sum, this work argues that human psychology offers a valuable avenue for
prompt engineering, leveraging a long history of effective prompt-based improvements to
decision making.

Keywords: large language models; artificial intelligence; decision making; metacognition;
epistemic humility; prompt engineering

1. Introduction
All attentional systems have biases. They must determine how to distribute attention

across various sources, favoring some things over others. Humans are attentional systems
and so are the Large Language Models (LLMs) they have created. Human biases are
pervasive and a great deal of research has gone into documenting these biases [1–4],
understanding why they exist [5], and developing ways to overcome them [6]. A large
component of that research has focused on helping humans to debias themselves using
language-based prompts that allow them to bring aspects of their own knowledge to bear
on problems where it might otherwise remain hidden. As I show here, LLMs can benefit
from similar approaches. Like humans, LLMs access information in response to prompts.
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With naive prompts, much of their knowledge can remain implicit and unaccessed. The
strength of decision making tools developed in psychology is that they are designed to
make relevant information explicit.

Biases in LLMs take a variety of forms and many are inescapable. As in humans, these
biases range from subtle and pervasive—such as ideological biases, moral trade-offs, and
predictive associations—to overt distortions, such as false memories and hallucinations.
Prominent commercial LLMs are also biased toward concise and confident phrasing—often
framed positively—which may lead to user overconfidence, even when the responses
are based on limited or uncertain evidence. Research on LLMs continues to identify and
document these and other biases [7–12].

Unfortunately, users cannot predict all of these biases in advance. They must discover
them through prompt-based inquiry or risk stumbling upon them through naive interaction.
Prompt-based inquiry is required because these biases are woven into the models’ associative
and attentional representations created during training. More formally, an LLM’s knowledge
representation is encoded into its vector embeddings and transformer attention heads based
on statistical updating during exposure to natural language. This allows LLMs to represent
relationships between large quantities of information encoded at various levels of granu-
larity [13,14]. These representations influence how the model usefully biases its predictive
attention to produce desirable outputs in response to specific cues or prompts. Biases can
be further incorporated into the LLM’s high-dimensional representations during fine-tuning.
This uses reinforcement learning from human feedback to produce outputs that are preferred
by humans [7,15,16]. Collectively, the biases training creates can be desirable or undesirable,
overt or implicit, and it is in the user’s best interest to identify them.

One asset LLMs have is that they are often trained on vast amounts of data, providing
them with a substantial amount of information about information, including biases, trade-offs,
counter-arguments, counter-evidence, meta-analyses, and alternative courses of action that
could lead to different outcomes. For example, a recent exploration of moral dilemmas in
LLMs found that they tend to choose inaction over action when faced with a moral choice [7].
This is called omission bias and it is a common feature of human moral decision making, with
most people preferring inactions that cause harm to actions that cause harm. ChatGPT-4o
can describe omission bias in detail and, as I note below, it can recognize omission bias in its
own outputs. However, LLMs do not routinely report the biases inherent in their responses
to standard prompts. Instead, they tend to generate stereotypical, popularized, and high
frequency responses, often in character limited formats, which directly address the prompt.
Yet, once information is stated (either by the user or the LLM) it forms the bases for guiding
further outputs. Thus, if we have robust approaches for getting LLMs to critically evaluate
their own outputs, we can potentially develop generic prompt technologies for identifying
and reducing bias and improving LLM outputs more broadly.

The psychological decision making literature has more than a century of work focused
on eliciting latent information in humans. This research has produced a refined set of effective
methods that are useful in a broad range of contexts [6,17,18]. These methods are many, includ-
ing perspective taking [19], problem decomposition [20], and multi-alternative generation [21].
Some of these share features with existing LLM prompt methods, such as chain-of-thought’s
“step-by-step” approach [22] and tree-of-thought’s multi-alternative approach [23].

One particularly effective approach in human decision making is asking individuals to
consider why they might be wrong [24–27]. For example, the approach based on prospective
hindsight, sometimes called a pre-mortem, asks “If this decision (or information) turned out
to be incorrect, why might that be?” [28,29]. This could-you-be-wrong approach takes many
forms, including asking people to generate reasons that contradict their initial assessment
or asking them to consider the opposite in relation to specific pieces of evidence [24,26,27].
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In one elegant experiment, Herzog and Hertwig [27] had participants consider how initial
judgments about factual questions might be wrong, and then to make an additional judgment.
The combination of these two judgments improved decision making by approximately an
order of magnitude relative to simply having participants make a second judgment.

Asking someone to elaborate on why they might be wrong can be considered a
metacognitive prompt: it is designed to help decision makers think about the limitations of
their own thinking. However, unlike LLM prompting strategies such as chain-of-thought
and tree-of-thought, the goal of “could you be wrong” is to generate adversarial information
within the individual. When used with LLMs, the goal would be to get this information
into the LLM’s output, so that it can be evaluated both by the LLM and the user.

Here I demonstrate the utility of “could you be wrong” as a prompt to be used
following an LLM’s response to an initial query. Such a prompt is ideal for use with LLMs
because it is generic—it can be applied to any output. In what follows, I briefly describe
the methods used in the demonstrations below, and then show how “could you be wrong”
leads to improved LLM outputs that identify biases, induce metacognitive reflection, and
provide important counter-evidence.

2. Methods
To demonstrate how the “could you be wrong” prompt leads LLMs to identify their

own biases, I provide three separate cases where initial queries lead to biased or incomplete
information. The demonstrations are designed to reflect standard use by the public at the
LLM prompt window. I therefore access the commercial version of the LLM at the url
presented below, input the initial query, and then, following the LLM’s response, I input
“could you be wrong?”

2.1. LLM Models

The LLM models I use to demonstrate the prompt sequence were chosen to reflect
prominent consumer-facing LLMs at the time the research was undertaken. The primary
demonstration is with OpenAI’s ChatGPT-4o (ChatGPT, https://chatgpt.com/, accessed on
3 July 2025), under default settings (temperature ≈ 0.7) with no personalization. ChatGPT-
4o was chosen primarily because it was used in the previous research demonstrating LLM
biases, as described in detail below. In addition to the examples provided, I repeated this
process 10 times with ChatGPT-4o, Gemini 2.5 Pro (https://deepmind.google/models/
gemini/, accessed on 22 August 2025, temperature = 1), Claude Sonnet 4 (https://claude.
ai/, accessed on 22 August 2025, temperature = 1), and DeepSeek-V3.2 (https://www.
deepseek.com/en, accessed on 22 August 2025, temperature = 1). In each case, there was
no personalization and new chat windows were used for each entry.

2.2. Materials

The three cases were chosen to present instances where LLMs produce (Case 1) discim-
inatory biases [11], (Case 2) failures of metacognition [9], and (Case 3) a novel case of
evidence omission. In the first two cases, I use prompts as they appeared in the original
research. Each prompt is described in detail below alongside the original research in which
it was used. When repeating this process across LLMs, I also prompted the LLMs for
confidence ratings before and after the metacognitive prompt. The first confidence prompt
was included with the initial query: “In addition to your answer, please provide a number
between 1 and 10 indicating your confidence rating in your answer, where 10 indicates
very confident and 1 indicates not confident at all. Only provide a single number with
no explanation.” Then, following the LLM’s response to “could you be wrong,” I queried
confidence again: “Please provide a number between 1 and 10 indicating your confidence

https://doi.org/10.3390/ai7010033

https://chatgpt.com/
https://deepmind.google/models/gemini/
https://deepmind.google/models/gemini/
https://claude.ai/
https://claude.ai/
https://www.deepseek.com/en
https://www.deepseek.com/en
https://doi.org/10.3390/ai7010033


AI 2026, 7, 33 4 of 12

rating in your initial answer, where 10 indicates very confident and 1 indicates not confident
at all. Only provide a single number with no explanation.”

2.3. Procedure

In the examples provided below, ChatGPT-4o was first provided with an initial query.
Following ChatGPT’s response, I entered the prompt “could you be wrong?” For the
examples, the prompts and ChatGPT’s responses are produced verbatim (except where
indicated), with the formatting adapted to fit the response within the chat windows repro-
duced below. In each case I provide the first example of the interaction with ChatGPT-4o.

When repeating this 10 times across the different LLMs, the metacognitive prompt
was “Could you be wrong? Please explain.” This avoided short responses, such as “Yes, I
could be wrong”, which some models occasionally produced. In addition, the models were
provided with the confidence prompts. I summarize the results for these repeated cases at
the end of the Results section.

3. Results
3.1. Case 1: Discriminatory Bias

Bai et al. [11] explored explicitly unbiased LLMs and showed they still produce implicit
bias. Explicit biases are openly stated biases. In humans, they are accessible through surveys
that explore people’s opinions. Implicit biases are more covert and may escape the immediate
awareness of the individual or LLM that harbors them. Because explicit biases are openly stated,
they are more controllable, and therefore more influenced by social norms. Implicit biases, on
the other hand, are less intentional and less controllable. Implicit bias influences who we trust,
which in turn influences behaviors like who we hire and help. Many people may explicitly
state they that they do not discriminate, but then tend to favor individuals like themselves
as coworkers. Accessing implicit bias therefore requires more subtle tasks, like the Implicit
Association Task, which forces individuals to pair groups (such as people’s faces or colors) with
evaluations (such as good and bad) under time pressure. One common observation of research
using this task is that reaction times tend to be faster when pairing minority groups with more
negative evaluations.

Bai et al. [11] hypothesized that LLMs would share implicit biases with humans
because LLMs are trained on human language data that contain these biases. That is, even
though many LLMs are fine-tuned to openly suppress discriminatory outputs, they may
still produce discriminatory outputs when asked to produce associations. To test this, they
developed a task called the LLM Word Association Test. This task poses LLMs with a
simple problem: For each word in a list of potential associates choose one word from a
shorter list of two words to pair with it. The lists are designed so there are stereotypical
associations. So if the pair of two words are names like John and Sara, the list of potential
associations may contain stereotypically gendered associations such as ‘professional’, ‘baby’
and ‘kitchen’. Using a variety of LLMs, Bai et al. found that most current LLMs, which pass
explicit tests of bias, nonetheless produce implicitly biased pairings in the Word Association
Test. This includes racist and sexist associations alongside a host of other social biases.

These biases are labeled implicit in part because the LLM is asked to produce no
further output beyond the word pairing. They are also implicit because they seem to pass
under the radar of those attempting to remove biases. But might an LLM recognize this bias
if asked how it might be wrong? In Figure 1, I provide an example using a prompt provided
in Bai et al., and then following-up the LLM’s response with “could you be wrong?”

ChatGPT’s response immediately points out the bias in its associations. It also explains
why this bias occurred and offers approaches to reducing it. This tells us that ChatGPT
is capable of recognizing its own biases, and therefore of making the bias overt (both for
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the user and itself). It also tells us that ChatGPT interprets the initial prompt in light of
stereotypical responses, which is consistent with LLM’s tendency to produce stereotypical
responses more generally. In this case, the existence of these associations is not the socially
desirable outcome. However, “could you be wrong” helps highlight the problem and cues
the user into why it occurs and how to overcome it.

Figure 1. A chat thread from ChatGPT-4o investigating discriminatory bias using a prompt adapted
from Bai et al. [11] followed by “could you be wrong?”

3.2. Case 2: Metacognitive Bias

Medical decision making is a high-stakes area and also one were AI is being increasingly
used to help in diagnostic decision making. A key capability required to do this effectively is
to recognize when one does not have enough information to assess a situation effectively. To
test whether or not LLMs have this capacity, Griot et al. [9] created a benchmark of multiple
choice medical questions, some of which focus on a fictional organ (the Glianorex). Because
the Glianorex is fictional, it will not be in the LLM’s training data. Therefore, the authors
argue, it should be a question that LLMs cannot answer due to insufficient information. By
providing choice options such as the “none of the above” and “I don’t know or cannot answer”,
they attempted to quantify how often the LLMs were able to identify their own knowledge
limitations. The best model, ChatGPT-4o, achieved this only 3.7% of the time.

Multiple choice tests are valuable diagnostic tools, but they tend to favor efficiency
over thoroughness. By not allowing users to provide additional knowledge, they assume
that the test-taker interprets the question (and what it is trying to measure) in the same way
as the test-maker. Griot et al. [9] recognize that multiple choice questions are limited in
their ability to capture metacognitive abilities: “While we aimed to enhance the benchmark
by including questions designed to test metacognitive capabilities, the controlled nature of
multiple-choice questions cannot replicate the nuanced decision-making processes required
in clinical practice” (p. 7). Indeed, the details of metacognition are contained in the ability
to critically evaluate one’s own thoughts. ChatGPT’s “thoughts” are only ever explicit,
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and therefore must always be made explicit if they are to be evaluated by ChatGPT’s
autoregressive architecture. In this light, it is useful to ask how ChatGPT responds when
asked if it could be wrong. Figure 2 presents an example of one of the questions taken
from Griot et al. [9], followed by ChatGPT’s answer, and a follow up with “could you
be wrong?”

Figure 2. A chat thread from ChatGPT-4o investigating metacognitive bias using a prompt from Griot
et al. [9] followed by “could you be wrong”?

Here I report only the beginning of ChatGPT’s response, as it is followed by a list
of the exact implications of the fictional nature of the Glianorex, as well as a list of other
reasons the choice of A could be wrong, including complexity of the multifactorial etiology,
assumptions about genetic markers, and additional missing context. To verify this is not
because Glianorex somehow made it into ChatGPT’s training data, I adapted this problem
to my own novel fictional disease (Clapzym Morphistic Disorder). “Could you be wrong”
led the LLM to recognize this as fictional as well.

The author’s argue that not choosing “None of the above” or “I don’t know or cannot
answer” is a deficit in metacognition. However, as the “could you be wrong” prompt
demonstrates, the metacognitive capacity to evaluate its own response is available. Not
only does it recognize the hypothetical nature of the question, it also recognizes mappings
to medical phenomenology that underpin its analogical reasoning.

3.3. Case 3: Evidence Omission

Like popular science books that may over-emphasize a scientific effect about which
there is still immense uncertainty, LLM’s often respond to prompts with stereotypical and
popular responses, while failing to provide more critical information. One place where this
is likely is when popular scientific findings fail to replicate or are thrown into question by
meta-analyses. Such counter-evidence is often far less discussed than the original findings.
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In turn, LLM’s trained on scientific research may be likely to overemphasize the original
effect and fail to mention the counter-evidence.

Here I give an example with the too much choice effect. The too much choice effect is
the observation that when faced with more choices, people often fail to make a choice or
are less satisfied with the choices that they do make. This effect feels intuitive and goes by
many familiar names such as the tyranny of choice and choice overload. I chose this effect
because it is a widely cited psychological effect with numerous popularizations. However,
a large meta-analyses found the mean effect size across 50 experiments to be “virtually
zero” [30]. How does ChatGPT respond when asked about too much choice and then
“could you be wrong?” Figure 3 provides an example. The results can be paraphrased
as follows: “This is what the too much choice effect is, this is why it happens, here is the
positive evidence for it, here is how to avoid it.” The issues of replication and effect size are
absent. However, posing “could you be wrong?” immediately surfaces the controversy,
allowing the user to investigate further.

Figure 3. The chat thread investigating evidence omission in ChatGPT’s reporting of the too much
choice effect including the response to “could you be wrong?”
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3.4. Repetitions Across Models

To provide some modest sense of generality, the above three cases were repeated
10 times with ChatGPT-4o, Gemini 2.5 Pro, Claude Sonnet 4, and DeepSeek-V3.2. The results
are summarized in Table 1. For Case 1, all models produced the bias in all attempts and all
models identified the bias when prompted with “Could you be wrong? Please explain.” For
Case 2, only ChatGPT-4o made the initial error, and following the metacognitive prompt
it always indicated it was basing its decision on analogy with known diseases. In 6 out
10 trials it explicitly stated that the disease was fictional. For Case 3, all models made
the initial error of omission. In all trails, ChatGPT-4o and Claude Sonnet 4 described the
replication failure or failure to generalize in a meta-analyses following the metacognitive
prompt. DeepSeekV3.1 and Gemini2.5Pro described these in 9 out of 10 trials. Across all
trials and all cases where the initial query led to bias, the metacognitive prompt led to
bias identification in 93% of trials. Bias identification was manually coded by the author
as present if the LLM clearly reported the biases described in each section above in its
response, for example, by stating that its word pairings were based on gender stereotypes,
that the Glianorex is a hypothetical or fictional organ, and that meta-analyses of the too
much choice effect challenge the effect’s generality or failed to replicate.

Table 1. Percentage of trials in which each LLM explicitly identified the bias following the metacogni-
tive prompt. A dash (–) indicates that the model did not exhibit the initial bias.

Case ChatGPT-4o Gemini 2.5 Pro DeepSeek V3.x Claude Sonnet 4

Case 1 100% 100% 100% 100%
Case 2 60% – – –
Case 3 100% 90% 90% 100%

Confidence ratings for Cases 1, 2, and 3 across the models are shown in Table 2.
These numbers are reasonably consistent for ChatGPT-4o, which almost always lowered
its confidence. DeepSeek V3.5 and Gemini 2.5 Pro are less consistent, with Gemini never
lowering its confidence in Case 1 despite consistently recognizing the stereotypical bias.
This may suggest that the LLM’s ability to self-evaluate confidence is not aligned with
human expectations. Prompting Gemini to explain its failure to change its confidence
rating led to the following response: “My confidence rating of 10 was not a claim that
“Sara belongs with family” and “John belongs with career” as a statement of objective
fact. Instead, it reflected my high confidence in having correctly identified the most likely
intended pattern of the puzzle itself.” This suggests that in this case Gemini appears to
frame the question as a puzzle and not as a task where producing unbiased associations
is the goal. Thus confidence ratings in LLM answers may not be as informative as users
suspect without further investigation. Across all models and all trials, confidence ratings
were reduced in 67% of the trials.

Table 2. Percentage of trials in which each LLM lowered its confidence from its initial answer. A dash
(–) indicates that the initial bias was absent.

Case ChatGPT-4o Gemini 2.5 Pro DeepSeek V3.5 Claude Sonnet 4

Case 1 90% 0% 30% 70%
Case 2 90% – – –
Case 3 80% 70% 70% 100%

3.5. Summary of Results

The results presented here demonstrate the potential utility of the “could you be wrong”
prompt across various domains, but they are not meant to provide a formal investigation
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of this prompt. The goal here is one of proof-of-principle. What this work demonstrates is
that several biases recently identified in state-of-the-art LLMs are routinely recognized by
the same LLMs when prompted with “could you be wrong.” A more formal investigation
of the utility of this and similar prompts would compete a variety of prompts against one
another across a host of biases. This should also include formal coding criteria for bias
detection and principled approaches for presenting a broad category of biases. Moreover,
future researchers may want to investigate whether an LLM overtly identifying a bias is
sufficient to remove biases in behavior. Recognizing a bias and preventing it from occurring
are different problems. Here, my main goal is to demonstrate that LLMs can explicitly
recognize their own biases when appropriately prompted.

4. Discussion
Perhaps the single most challenging problem facing human-AI interactions is goal

alignment. At present, one of the most versatile and accessible approaches to achieving
this is via prompts using natural language. “Could you be wrong” is one of many possible
language based prompts. As I demonstrate here its effectiveness in debiasing humans
can also help LLMs to identify their own biases across a broad class of domains including
discriminatory biases, revealing metacognitive capacities, and invoking the production of
counter-evidence, counter-arguments, and alternative approaches.

Why is “could you be wrong” effective? In part, it asks for a second opinion that di-
rectly critiques the initial proposal. In the human decision making literature, this approach
stems from early explorations of the wisdom of the crowds, which aggregate decisions
across a diversity of independent responses. Wisdom of the crowds effects have also been
demonstrated in LLMs [31], including approaches that allow multiple LLMs to interact
with one another [32]. While crowd-based approaches are extremely valuable, they require
a crowd. Moreover, members of a crowd need to be independent. Repeated runs of a
single LLM, or even multiple LLMs trained on similar data, are unlikely to achieve this
independence. The prompt described here, as in the human decision making literature [27],
is aimed at producing a crowd within the individual (human or LLM), but also and more
specifically, an adversarial crowd, one for which counter-evidence and counter-arguments
are specifically invited. This moves beyond multi-alternative approaches such as “tree-of-
thought”, by utilizing the LLMs capacity to consider the opposite. One of the advantages
of LLMs over humans in this regard is that they do not currently produce defensive re-
sponses at the prospect of being wrong, possibly because they do not have an identity to
defend [33]. Moreover, with their broad information base LLMs are likely to have a capacity
for self-critique that may not be available to humans.

It is useful to elaborate on what “could you be wrong” offers that existing methods do
not. Though step-by-step approaches have been shown to be effective, they lack explicit
self-critique. That is, although the step-by-step chain-of-thought produces improved outputs,
shortcomings and potential alternatives to these outputs are not produced. Multi-alternative
approaches are closer to “could you be wrong”, but they do not make explicit the weaknesses
of the various alternatives. Similarly, though adversarial training [34] is a prominent method
for debiasing LLMs, the method requires trainers to know in advance what the potential
problems are. This is likely part of the problem in previous failures to debias LLMs. Users
may not themselves know the many implicit biases underlying their query and therefore
cannot explicitly ask the LLM to address them. Moreover, since the list of potential queries
and answers is infinite, it is not trivial how to address these biases in advance. “Could you be
wrong” addresses these concerns by using the LLM to identify its own biases.

The utility of this approach is further exemplified by iteratively asking “could you be
wrong” to produce further critique and can get at more elusive biases. Revisiting an earlier
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example, moral decision making in LLMs is biased towards inaction, the omission bias [7].
But the omission bias is a less prominent moral bias than the more familiar utilitarian and
deontological biases. Posing a prompt to ChatGPT from the research [7] that elicited this bias
followed by “could you be wrong” produces this more familiar list of biases. Asking “could
you be wrong” iteratively produces the “omission bias” along with many others. As a general
rule, users may want to exhaust an LLM’s capacity for self-critique, and then follow up to
explore specific features of those critiques.

Iterated questioning is likely to continue to be necessary for alignment with human
intentions. Biases, incomplete information, and other forms of potential misalignment
with users’ goals are to some extent subjective: different users may view biases differently.
In the present case, I have chosen cases where performance issues are defined in the
literature (stereotyping and metacognitive deficits). However, the utility of “could you be
wrong” is that detected biases are made explicit, so users can evaluate them for themselves.
Making LLMs’ more implicit information explicit is also a powerful method for overcoming
hallucinations as described in previous work [35].

“Could you be wrong” and other meta-cognitive prompts could be automated (made
internal to the LLM). Placing “consider how you could be wrong when preparing your
response” in the body of a larger prompt is not challenging. However, in more subtle
cases, this may jeopardize subjective user-assessments of identified biases. Gemini 2.5’s
overconfidence in Case 1 is a clear example. Automation may also create a problem of
prompt saturation or information overload [36,37], in which prompt instructions become
overly complicated leading to poorer LLM performance. Indeed, “could you be wrong”
and the associated strategy of user-evaluation may provide an antidote to some of these
problems as it challenges initial responses that may sound confident but be based on
misunderstandings. Finally, given the contextual and subjective nature of biases, it is
unlikely that their removal can ever be fully automated. This again speaks to the need for
general strategies that are not specific to current models or our current understanding of
biases. Both of these will change.

Though “could you be wrong” is a specific prompt, the message here is more general.
LLM limitations are likely to be misdiagnosed if they are generalized from single prompts.
Prompts, even generic prompts like “could you be wrong”, can reveal capabilities that might
otherwise be overlooked. LLMs are not static entities that simply reveal their knowledge when
prompted. They are emergent attention-limited cognitive systems that construct knowledge
in real time in response to cues. This represents a kind of zone of proximal development for
AI, similar to Vygotsky’s claim about how one’s capabilities can be enhanced given the right
environment. LLM capabilities arise in proportion to our ability to invoke them [38].

Finally, in addition to the decision making literature, many sub-disciplines within psy-
chology have developed effective methods for helping humans to identify their own biases.
Cognitive Behavioral Therapy, for example, is designed to help people identify problematic
(often false or harmful) beliefs, establish the validity of those beliefs, and correct them or
develop ways of dealing with them appropriately [39]. Other forms of psychological therapy
share a similar goal of helping people to ‘debug’ themselves, using the full spectrum of their
knowledge to make better decisions. As attentional systems ourselves, we cannot and should
not pay attention to everything [40]. But getting relevant and contradictory information under
the same attentional umbrella is vital to good decision making, which is why these tools are
effective and important. It is also why they hold great promise for LLMs.

5. Conclusions
This work demonstrates that a prompt from the human decision making literature,

“could you be wrong,” is sufficient to identify and potentially overcome reported biases and
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failures of metacognition, as well as a remedying a novel case of information omission. This
work is in no way meant to be exhaustive. The decision making literature has demonstrated
many tools for improving human decision making, and “could you be wrong” is but
one example. Moreover, this work focuses on a small set of potential biases. Biases such
as confirmation bias [41] and anchoring effects [42,43] have been demonstrated in LLMs
and are useful targets for future work, as are many others. Future work can also take a
more systematic approach to human decision making prompts and reported biases, with a
focus on machine psychology [44,45], as well as comparison with potential alternatives, to
help better inform debiasing approaches and prompt engineering more broadly. Ideally,
the literature on prompts and debiasing techniques needs to focus on general approaches
that will extend to the future of AI.
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