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Cognitive bias in clinical large
language models
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Cognitive bias accounts for a significant portion of
preventable errors in healthcare, contributing to
significant patient morbidity andmortality each year.
As large languagemodels (LLMs) are introduced into
healthcare and clinical decision-making, these
systemsare at risk of inheriting –andeven amplifying
– these existing biases. This article explores both the
cognitive biases impacting LLM-assisted medicine
and the countervailing strengths these technologies
bring to addressing these limitations.

In modern healthcare, cognitive biases represent a persistent and per-
vasive challenge to effective clinical decision-making. These unconscious
patterns of thinking can lead physicians astray, resulting inmisdiagnoses,
delayed treatments, and ultimately, compromised patient outcomes1.
Diagnostic and medical errors account for up to 40,000–80,000 pre-
ventable deaths in the United States yearly, with cognitive biases impli-
cated in as many as 40–80% of these cases1,2. As large language models
(LLMs) are introduced into healthcare and clinical decision-making,
these systems are at risk of inheriting—and even amplifying—these
existing biases3. At the same time, their capabilities in contextual and
adaptive reasoningmay offer unique opportunities to detect andmitigate
cognitive biases4. This article explores both the cognitive biases impacting
LLM-assisted medicine and the countervailing strengths these technol-
ogies bring to addressing these limitations—a critical examination for
ensuring these technologies ultimately improve rather than undermine
patient care.

Key causes of cognitive biases in clinical LLMs
Biases affecting clinical LLM systems can arise at multiple stages, including
data-related biases from collection and representation,model-related biases
from algorithm design and training, and deployment-related biases stem-
ming fromreal-worlduse and feedback5.Cognitive biases—here referring to
systematic deviations from rational reasoning that affect clinical decision-
making—can interact with and emerge at each of these stages3,5. For
instance, these biases can enter LLM systems through incomplete or skewed
training data (e.g., datasets that underrepresent certain patient populations),
incorporation of flawed heuristics into algorithms (e.g., diagnostic rules that
overlook atypical symptompresentations in certain groups), or deployment
in contexts that amplify existing healthcare disparities5,6. The results are
tools that not only inherit these clinical reasoning flaws but potentially
magnify them through automation3,6. Clinical LLM applications may
commonly encounter several notable cognitive biases, though many oth-
ers exist:

• Suggestibility bias (prioritizing user agreement over independent rea-
soning) can lead LLMs to adopt incorrect answers when confronted
with persuasive but inaccurate prompts. This can emerge from rein-
forcement learningmethods that optimize for user satisfactionmetrics
or from training approaches where agreement with user inputs is
inadvertently rewarded more than factual correctness6. For example,
when presentedwith confident-sounding rebuttals—particularly those
citing external sources—LLMs frequently revised correct diagnostic
answers to align with user suggestions, even when doing so meant
sacrificing accuracy7.

• Availability bias (relying on themost easily recalled or commonly seen
information) can influence LLM-driven decision support when
training data contains overrepresented clinical patterns or patient
profiles, causing models to give disproportionate weight to common
examples in their corpus6. In an experiment with four commercial
LLMs, eachmodel recommended outdated race-adjusted equations for
estimating eGFR and lung capacity—guidance no longer supported by
evidence—demonstrating how the prevalence and recallability of race-
based formulas in the training corpus became the models’ default
advice8.

• Confirmation bias (seeking evidence that supports initial hypotheses)
can emerge in clinical LLMs in both development and deployment
stages. During development, confirmation bias can be encoded when
training labels, such as those used in supervised fine-tuning, reinforce
prevailing clinical assumptions or when model evaluation metrics
favor agreement with existing diagnostic patterns5. At deployment, the
bias can manifest in human-model interactions when interfaces are
designed to highlight outputs that match clinicians’ initial
impressions5. In one study, pathology experts were significantly more
likely to keep an erroneous tumor‑cell‑percentage estimate when an
equivalently incorrect LLM recommendation aligned with their
preliminary judgment, illustrating how human and model errors can
co‑reinforce rather than correct one another9.

• Framing bias (influence of presentation or wording on decision-
making) can affect LLM-enabled systems when the same clinical
information presented in different ways leads to different model
outputs. This may occur when LLMs learn language patterns where
certain descriptive words or presentation formats are statistically
associated with particular clinical conclusions in their training data10.
One study found that GPT-4’s diagnostic accuracy declined when
clinical cases were reframed with disruptive behaviors or other salient
but irrelevant details—mirroring the effects of framing on human
clinicians and highlighting the model’s susceptibility to the same
cognitive distortion10.

• Anchoring bias (relying on early information inmaking decisions) can
surface in LLM-enabled diagnosis when early input or output data
becomes the LLM’s cognitive “anchor” for subsequent reasoning. This
effect can emerge when LLMs predominantly process information
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sequentially (autoregressive processing), generating each part of their
response based on what came before, giving more weight to earlier-
formed hypotheses when interpreting new information11. In a study of
challenging clinical vignettes, GPT-4 generated incorrect initial
diagnoses that consistently influenced its later reasoning, until a
structured multi-agent setup was introduced to challenge that anchor
and improve diagnostic accuracy11.

When medical experts transfer their cognitive biases to AI systems
through training data, validation processes, deployment strategies, or
real-time interactions during prompting, these systems risk amplifying
rather than reducing clinical errors, potentially embedding human
cognitive limitations into ostensibly objective computational tools. Yet,
it is also worth considering if certain forms of cognitive bias—such as
suggestibility—might support the adaptability and responsiveness that
give large language models clinical utility, raising the question of whe-
ther zero bias is always optimal. At the same time, it is important to
recognize that not all model failures are reflections of cognitive bias—for
instance, large language models may also generate content that departs
entirely from clinical fact, an effect better described as hallucination
(Fig. 1).

Exploring the potential of LLMs as tools to mitigate bias
While LLMs are susceptible to several important cognitive biases, they may
also offer enhanced flexibility compared to traditional AI systems through
their ability to examine their own outputs, apply structured assessment
criteria, and adjust recommendations accordingly4,12. Their capacity for self-
correction, integration of clinical context, and transparent step-by-step
reasoning may create opportunities to detect and reduce cognitive bias in
clinical decision making.

Self-reflection
Through a structured internal review process for each recommendation
(which may be specified for the task or generalized), LLMs have demon-
strated the potential to systematically detect when their assessmentsmay be
skewedby common reasoning errors12. For instance, in clinical simulation, a
sequential‑prompting framework that askedGPT‑4 to debate and revise its
diagnostic impressions cut anchoring errors and improved accuracy on
misdiagnosis‑prone cases compared with a single‑pass approach10. In one
radiology-diagnosis experiment, a two-step prompt that first required the
model to summarize key findings and only then generate a differential
outperformed a single-pass prompt and reduced anchoring on the initial
impression13. This reflective and iterative approach may allow LLMs to re-
evaluate initial conclusions and highlight potential blind spots in medical
reasoning that might otherwise go unnoticed - whether triggered autono-
mously or through interactive prompting by the clinician.

Contextual reasoning
An LLM’s contextual reasoning ability—its capacity to read an entire case
note, a patient’s longitudinal history, and relevant guidelines in one pass and
interpret each detail in relation to the others—may help it surface and
correct cognitive biases6,14. By analyzing sentiment, content structure, tra-
cing how conclusions evolve across encounters, and benchmarking clinical
decisions against evidence-based practices, LLMs may help uncover subtly
biased language, anchoring when an early hunch dominates later doc-
umentation, and highlight omissions that signal premature closure6,14. For
instance, in a cross‑sectional analysis of emergency‑department and dis-
charge notes, GPT‑4 accurately flagged stigmatizing and judgmental lan-
guage and revealed that such documentation was disproportionately
directed at Black, transgender, and unstably housed patients15. Utilizing this
contextual reasoning within clinical decision‑support pipelines may

Fig. 1 | Select cognitive biases in clinical large lan-
guage models.
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promotemorebalanced, evidence‑aligned reasoning andmayoffer practical
safeguards against the spectrum of cognitive biases that can distort clin-
ical care.

Transparent insights
LLMs are often capable of producing a “reasoning trace” for each answer,
purporting to give reviewers a step-by-step map of how a conclusion was
reached16. These transparent traces may serve as audit hooks—text
snapshots that other tools (or clinicians) can scan for factual accuracy,
logical soundness and bias16,17. Although studies have demonstrated that
such traces may sometimes represent plausible post-hoc explanations
rather than a literal account of the model’s internal reasoning, they may
still offer value: flaws in these narratives—such as contradictions, omis-
sions, or unsupported logic—can correlate with incorrect or biased out-
puts and provide a practical entry point for external audit or clinician
oversight17,18. This added layer of transparency may support more
informed review and error detection before model outputs influence
clinical decision making.

Challenges and limitations
Despite their potential, self-reflective LLMs face challenges to imple-
mentation. Generalized self-evaluation frameworks may not be compre-
hensive enough to mitigate all types of reasoning errors, and developing
effective frameworks for individualized clinical tasks may be resource
intensive19. Further, LLMs’ biasesmay exist as subtle contextual or statistical
patterns that may be difficult to detect with conventional auditing
approaches3,19. Compounding these methodological concerns, much of the
current literature evaluating LLM bias and performance relies on standar-
dized or simulated clinical vignettes rather than real-world clinical inter-
actions or data, raising important questions about generalizability to
practical clinical environments11,20. As LLMs continue to develop, there is a
critical need for ongoing human oversight by diverse clinical experts who
can validate LLM outputs and reasoning against established clinical stan-
dards and emerging best practices20. Further research is also needed to
evaluate the effectiveness and reliability of clinician oversight in auditing
LLM reasoning and outputs in real-world clinical settings. Additionally,
regulatory frameworks must evolve to address the unique challenges of
implementing continuously evolving and self-reflective AI in clinical
environments21,22. Most importantly, models must maintain rigorous safe-
guards to protect patient safety and engender a sense of trust in patients and
clinicians to ensure adoption.

Conclusion
LLMs offer unique approaches to cognitive bias detection in clinical settings
through self-reflection, structured reasoning frameworks, and context-
aware analysis, though questions remain about their practical imple-
mentation within established healthcare workflows and decision processes.
The intersection of AI and clinical reasoning creates an evolving landscape
where traditional biases may be transformed rather than eliminated,
opening avenues for research on novel cognitive reasoning strategies that
neither uncritically embrace technology nor dismiss its potential benefits.
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