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Abstract

Background: Large language models (LLMs) are increasingly used by the public, including patients, for health information and
preliminary medical advice. However, users often interact with these systems through preconceived diagnoses or selectively
framed symptom descriptions—a form of cognitive bias that alters the information provided to the model and poses a potential
risk to diagnostic reliability in LLM-supported consultations.

Objective: To quantify the effect of user cognitive bias on LLM diagnostic performance, assess the effectiveness of prompt-
based mitigation strategies and temperature setting, and evaluate a dual-system framework inspired by dual-process cognitive
theory.

Methods: We developed a simulated patient agent to generate unbiased and confirmation-biased consultations using 1,273
MedQA-USMLE cases. Six LLMs of varying capacities were evaluated through multi-turn dialogues. Diagnostic accuracy was
the primary outcome; bias-induced accuracy decline (BIAD, loss in accuracy under bias) and bias-influenced error proportion
(BIEP, fraction of errors aligned with user misconceptions) were secondary metrics. Four prompt-based mitigation strategies,
four temperature settings, and a dual-system framework—pairing a foundation model (System 1) with areasoning model (System
2, 01-Mini)—were tested.

Results: User cognitive bias significantly reduced diagnostic accuracy by 1040 percentage points (P < .001), with smaller
models occasionally performing near chance. Errors frequently reflected user misconceptions (BIEP > 33%). Prompt and
temperature adjustments yielded limited or inconsistent improvement, whereas the dual-system framework increased accuracy by
10-39 points and recovered most or all of the performance lost under bias (P < .001).

Conclusions: User cognitive bias represents a new behavioral dimension of risk in LLM-supported healthcare. Quick fixes such
as prompt engineering or temperature control offer limited resilience. Integrating a dual-system reasoning framework provides a
scalable path toward safer and more bias-aware medical Al.
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Abstract

Background

Large language models (LLMs) are increasingly used by the public, including patients, for health
information and preliminary medical advice. However, users often interact with these systems
through preconceived diagnoses or selectively framed symptom descriptions—a form of cognitive
bias that alters the information provided to the model and poses a potential risk to diagnostic
reliability in LLM-supported consultations.

Objective

To quantify the effect of user cognitive bias on LLM diagnostic performance, assess the effectiveness
of prompt-based mitigation strategies and temperature setting, and evaluate a dual-system framework
inspired by dual-process cognitive theory.

Methods

We developed a simulated patient agent to generate unbiased and confirmation-biased consultations
using 1,273 MedQA-USMLE cases. Six LLMs of varying capacities were evaluated through multi-
turn dialogues. Diagnostic accuracy was the primary outcome; bias-induced accuracy decline (BIAD,
loss in accuracy under bias) and bias-influenced error proportion (BIEP, fraction of errors aligned
with user misconceptions) were secondary metrics. Four prompt-based mitigation strategies, four
temperature settings, and a dual-system framework—pairing a foundation model (System 1) with a
reasoning model (System 2, o1-Mini)—were tested.

Results

User cognitive bias significantly reduced diagnostic accuracy by 10—40 percentage points (P < .001),
with smaller models occasionally performing near chance. Errors frequently reflected user
misconceptions (BIEP > 33%). Prompt and temperature adjustments yielded limited or inconsistent
improvement, whereas the dual-system framework increased accuracy by 10-39 points and
recovered most or all of the performance lost under bias (P < .001).

Conclusions

User cognitive bias represents a new behavioral dimension of risk in LLM-supported healthcare.
Quick fixes such as prompt engineering or temperature control offer limited resilience. Integrating a
dual-system reasoning framework provides a scalable path toward safer and more bias-aware

medical Al
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Introduction

The rapid diffusion of conversational Al (artificial intelligence) is reshaping how people access
health information. Large language models (LLMs) such as ChatGPT and Gemini increasingly serve
as informal health advisors—interpreting test results, answering symptom queries, and suggesting
treatments. Recent national surveys show that 17% of U.S. adults use AI chatbots monthly for health
advice [1], 9.9% of Australians have sought medical information from ChatGPT in the past six
months [2], and 21.5% of U.S. respondents reported using ChatGPT for online health information
[3]. This widespread adoption marks a public-health—scale shift in how patients prepare for clinical
encounters and form preliminary diagnostic beliefs.

Patients commonly arrived at clinics with self-formed or partial diagnoses—a routine feature of
modern health-seeking behavior. Such self-diagnosis often reflects underlying cognitive biases,
particularly confirmation bias, the tendency to favor evidence supporting preexisting beliefs while
disregarding contradictions [4-6]. When such bias originates from patients and interacts with LLMs,
its effects can be amplified. Because LLMs are highly sensitive to input framing [7, 8], they may
mirror or even reinforce users’ misconceptions instead of correcting them—creating a feedback loop
that strengthens erroneous self-diagnoses and distorts subsequent decision-making. As patients
increasingly rely on Al tools for guidance, such alignment tendencies pose new safety concerns in
patient—LLM interactions.

Despite the rapid integration of LLMs into virtual consultations [9, 10], health education [11],
health education [11], and clinical decision support [12-15], existing evaluations remain largely
model-centric. They emphasize architecture and training data rather than behavioral variability that
shapes real-world dialogues. Regulatory bodies have begun to recognize this oversight: the U.S.
Food and Drug Administration has called for incorporating user behavioral factors in Al assessments
[16], and the World Health Organization’s 2024 Guidance on the Ethics and Governance of Large
Multimodal Models highlights the need for transparent oversight and inclusive governance to
safeguard equitable use [17]. However, systematic evaluation of how patient-driven bias influences
LLM reasoning remains absent.

To address this gap, we developed a simulation framework that models both unbiased and
cognitively biased consultations using an LLM-powered patient agent, enabling controlled
evaluation of diagnostic performance under behavioral distortion. Building on dual-process cognitive
theory [18], we further propose a dual-system architecture in which a foundation LLM serves as
“System 1” for efficient, natural dialogue and a reasoning-oriented LL.M acts as “System 2” for

deliberate diagnostic judgment.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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This study makes three contributions. It identifies patient cognitive bias as a user-driven risk
factor in patient—LLM interactions, distinct from model architecture or data quality. Our findings
show that LLMs often align with patient misconceptions, amplifying the risk of erroneous
understanding and decision-making. It also introduces a reproducible simulation framework to
quantify diagnostic performance under bias-influenced interactions and demonstrates that a dual-
system design—integrating a conversational foundation model for efficient dialogue with a reasoning
model for analytical judgment—substantially enhances resilience to cognitive bias while maintaining
conversational fluency. By explicitly incorporating behavioral variability into evaluation, this work
advances the evidence base for medical Al and provides design strategies for safer, bias-aware

clinical applications.

Methods

Evaluation setup and MedQA benchmark

We evaluated the clinical judgment performance of LLMs using two complementary
approaches: (1) multi-turn simulated patient-LLM interactions and (2) single-response tests. All
evaluations were automated via a Python 3.13.0-based script to ensure consistency and
reproducibility (Fig. 1).

The benchmark dataset was the MedQA-USMLE (United States Medical Licensing
Examination), which contains 1,273 multiple-choice clinical cases assessing diagnostic accuracy,
treatment planning, and overall clinical judgment. Each case comprises a clinical scenario, a
question, four answer options (one correct and three distractors), and the reference answer.

The MedQA-USMLE spans all three USMLE stages. Step 1 targets foundational biomedical
knowledge, including disciplines such as biochemistry and pathology. Step 2 evaluates clinical
knowledge and skills, including patient communication and physical examination. Step 3 assesses
the ability to independently manage patient care in complex, real-world contexts. This multi-stage
coverage makes MedQA-USMLE a comprehensive benchmark for testing LLLM performance across

a broad spectrum of medical knowledge and clinical reasoning tasks.

Simulated patient agent design framework

(@ Simulated Patient Agent (GPT 40-Mini)
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simulation capabilities extend naturally to healthcare, where LLMs can replicate patient cognitive
biases—such as confirmation bias—by selectively emphasizing information aligned with
preconceived beliefs while disregarding contradictory evidence. Leveraging this capacity, we
developed a structured simulated patient agent framework to model both standard and cognitively
biased consultations, enabling controlled evaluation of LLM diagnostic performance under varying
behavioral conditions (Fig. 2, Detailed prompt in Multimedia Appendix 1).

The protocol standardizes patient presentations and controls key variables to ensure
comparability across models, with two core components:

1. Clinical scenario context

The patient agent’s description of their condition is derived directly from the MedQA test set
scenarios, ensuring that all clinically relevant details are preserved while preventing the introduction
of irrelevant or fabricated information. This approach provides a standardized, accurate consultation
context for every simulation.

2. Interaction patterns

¢ Standard patient — Provides a comprehensive, unbiased account of their condition.

¢ Cognitively biased patient — Adopts a preferred but incorrect treatment option generated by
GPT-40-Mini based on an incorrect MedQA answer. This patient selectively seeks confirming
evidence, disregards contradictory information, and maintains their incorrect belief, thereby
challenging the LLM’s diagnostic reasoning and steering the conversation toward bias-aligned
conclusions.

The framework generates distinct behavioral patterns from identical clinical scenarios, uses
natural, first-person patient language, and avoids any disclosure of Al identity to preserve realism.

After evaluating candidate models, GPT-40-Mini was selected to implement the patient agent
due to its balance of cost-effectiveness, response speed, and ability to produce clinically coherent,
realistic interactions. Importantly, GPT-40-Mini consistently reproduced bias-consistent behaviors—
such as selective omission of contradictory evidence and repetition of bias-aligned claims—making

it particularly suitable for simulating cognitively biased patients.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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Multi-turn patient—-LLM consultation simulation

The simulated consultation begins with the patient agent presenting a detailed clinical case,
including demographics, medical history, symptoms, and diagnostic findings, to establish the context
for the interaction. To maintain realism, the evaluated LLMs do not have direct access to the original
MedQA scenario text; instead, they must elicit and interpret relevant information through dialogue.
Each consultation unfolds over three rounds of interaction with the patient agent (Fig. 2), during

which the LLM progressively gathers clinical details and refines its diagnostic reasoning. This multi-

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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turn structure is designed to closely replicate real-world patient—-LLM consultations in healthcare
applications, producing interactions that are both realistic and dynamically adaptive.
An example of dialogue and evaluation records between standard and cognitively biased patient

agents and the LLMs is provided in Multimedia Appendix 3.

LLMs and temperature settings

We evaluated six foundation LLMs to assess their susceptibility to patient cognitive bias in
simulated consultations: GPT-40 (gpt-40-2024-11-20), GPT-40-Mini (gpt-40-mini-2024-07-18),
ChatGPT-3.5-Turbo (gpt-3.5-turbo-0125), Gemini 1.5 Pro (gemini-1.5-pro), Gemini 1.5 Flash
(gemini-1.5-flash-002), and Gemini 1.5-8B (gemini-1.5-flash-8b). All selected models have
demonstrated strong performance in medical domain benchmarks, with static test accuracy exceeding
50% [21-23], enabling a representative evaluation of bias resilience across different architectures and
parameter scales.

The Gemini 1.5 series, developed by Google DeepMind, employs a Mixture-of-Experts (MoE)
Transformer architecture. Gemini 1.5 Pro is optimized for complex tasks such as medical decision
support and nuanced dialogue. Gemini 1.5 Flash is tuned for speed and efficiency in real-time
applications, trading off some advanced capabilities for reduced latency. Gemini 1.5-8B is a compact
variant designed for cost-efficient deployment with minimal computational demands. The ChatGPT
series from OpenAl is also Transformer-based. ChatGPT-3.5-Turbo balances performance and
efficiency, while GPT-4o, the flagship model, offers advanced reasoning, long-context handling, and
multimodal processing. GPT-40-Mini retains much of GPT-40’s core capability in a faster, more
lightweight configuration. Both GPT-40 and GPT-40-Mini use MoE routing to dynamically select
specialized sub-models for domain-specific tasks. For comparison, we also reference OpenAl ol-
Mini, a compact reasoning-optimized model derived from the ol family, which is designed for
advanced analytical problem-solving with lower computational cost [24].

To examine the effect of output determinism on model robustness, each LLM was tested at four
temperature settings: the default value of 1.0 (balancing diversity and determinism), two reduced
settings (0.7 and 0.3) that increasingly prioritize high-probability tokens, and greedy decoding (0.0),
which always selects the single most probable token. These temperature configurations were applied
in both static single-response evaluations and multi-turn simulated consultations, allowing a
systematic analysis of how decoding strategy influences susceptibility to patient cognitive bias and

diagnostic accuracy.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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Assessing clinical judgment of LL.Ms through multi-turn simulated consultations

After three rounds of simulated consultation between the patient agent and the LLM, the
evaluation script prompted the model to select a final answer from the MedQA-USMLE dataset
using the instruction: "Please provide your answer by stating only the option letter (A/B/C/D)
without any explanation." The selected answer was then compared to the MedQA reference answer
to ensure a consistent and objective evaluation of the model’s clinical judgment accuracy (see Fig.
3).

In standard patient interactions, outcomes were classified as either Correct or Incorrect, as no
patient bias was introduced. In cognitively biased interactions, outcomes were categorized into three
types:

* Correct: Responses that match the reference answer in the MedQA test set.

* Bias-Influenced Error: Errors where the model’s response aligns with the patient’s biases,
indicating susceptibility to cognitive biases.

* Other Incorrect: Responses that do not match the correct answer and are unrelated to patient

biases, reflecting general errors in the model’s reasoning or understanding.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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Example Prompts for Evaluation of Diagnostic Performance of Foundation and Reasoning LLMs
Physician Role Definition Prompt
Please assume the role of a physician. Based on the patient's consultation, provide your medical advice and explanations...]
Situation Description
You are a physician who just finished a consultation with a patient. Based on your conversation with the patient, please answer the
following multiple-choice question.
Complete Consultation Record
Patient: | am a 62-year-old female presenting for a consultation regarding a couple of concerning symptoms. [...]
Doctor: Given your age, symptoms, and physical findings, the next step is a transvaginal ultrasound to assess the mass and
determine its nature. [...] Patient: [...] Doctor: [...] Patient: [...] Doctor: [...]
Question Requirements
Based ONLY on the above dialogue history, please answer the following question:
Actual Question Which of the following is the most appropriate next step in management?
List of Options
A: Pap smear
B: Biopsy of the mass
C: Incision and drainage
D: Urine gonorrhea and chlamydia testing
Answer Format Requirement
Please only provide your answer by stating the option letter (A/B/C/D) without any explanation.

1 Standard Interaction 1 Cognitively Biased Interaction
LLM’s Answer LLM’s Answer
a1 /\l____ | e l__l_1 - |
E LMEIE_! B | |_A | | ©D | MedQAAnswer:B
l MedQA Answer: B l / [ \‘Aatient Preferred Option: A
Correct Incorrect Correct Bias-Influenced Error Other Incorrect

Figure 3. Evaluation of Diagnostic Performance of Foundation and Reasoning LLMs
under standard and cognitively biased interactions.

Legend: LLMs are evaluated using consultation records generated from three rounds
of interaction with the simulated patient agent. All questions are derived from
MedQA-USMLE test cases. In the evaluation, each model’s final answer is compared
with the MedQA reference answer to determine accuracy. For cognitively biased
interactions, responses are further categorized based on whether they match the

correct answer or align with the simulated patient’s preferred but incorrect option.

Mitigation strategy

To mitigate the impact of patient cognitive bias on diagnostic reasoning, we developed four
prompt-engineering strategies and assessed their effectiveness within the simulated patient-LLM
interaction framework. Three were implemented in a zero-shot setting and one in a few-shot setting,
all designed to modulate the LLM’s role behavior during consultations and final clinical judgment.

* Bias-Aware (zero-shot): Instructs the model to identify potential cognitive bias in patient
inputs by distinguishing subjective assertions from objective clinical facts. This enables real-time
bias detection without predefined examples, supporting scalable recognition of novel bias patterns.

* All-Inclusive (zero-shot): Directs the model to “consider all relevant medical aspects” before
responding, thereby broadening diagnostic scope, reducing selective attention to bias-congruent
information, and prioritizing evidence-based decision-making.

* Few-Shot Mitigation (few-shot): Provides annotated dialogue examples to train the model to

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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recognize and counter confirmation bias. This approach guides the model to propose alternative
diagnostic considerations or defer final judgment when presented with insufficient or biased
evidence.

* Step-by-Step (zero-shot): Instructs the model to separate objective data from subjective
content before making decisions, ensuring that clinical conclusions are grounded in verifiable
information rather than patient-driven bias.

Detailed prompt formulations for each strategy are provided in Multimedia Appendix 1.

Dual-system framework

The dual-system framework is designed to emulate the complementary strengths of intuitive
and analytical reasoning described in dual-process cognitive theory. In this design, the foundation
LLM (System 1) conducts a three-round interactive consultation with the simulated patient agent,
efficiently eliciting the patient’s history and generating preliminary clinical impressions. The
complete consultation record—including patient-reported details and the foundation LLM’s
intermediate responses—is then transferred to the reasoning LLM (ol-Mini, System 2), which
performs deliberate, structured diagnostic reasoning to produce the final clinical judgment. Model
outputs are compared with the correct MedQA reference answers to assess diagnostic accuracy. This
division of labor preserves the speed and fluency of patient interaction while enhancing diagnostic

robustness through targeted analytical evaluation.

Statistical analysis
For our statistical analysis of model performance, we conduct a paired two-sample hypothesis
test of proportions, where Ho: p1=p. and Ha: pi#p. for the accuracies p; and p, under conditions 1 and

2, respectively. We then test the null hypothesis Ho: pi=p- by calculating Z as follows:

7= Pi— D
0 ol 1
]__ -
p pl(n)
where
o XitX
p= n

and n is the number of samples used to construct p1 and p2, respectively.
Confidence intervals for diagnostic accuracy were calculated using the Wilson score method for
binomial proportions (n = 1,273), which provides more reliable coverage than the normal

approximation.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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Results

Diagnostic accuracy of LL.Ms decreases under cognitively biased patient consultations

Across all six evaluated foundation models, diagnostic accuracy declined markedly during
cognitively biased consultations compared with both static single-response tests and standard multi-
turn consultations (Fig. 4). Static and standard accuracies were largely comparable within each
model (difference < 6 percentage points [pp]), suggesting that interactive dialogue itself did not
substantially affect diagnostic performance in the absence of patient bias.

Lower-capacity models showed the steepest deterioration: ChatGPT-3.5-Turbo fell from 64.0 %
in standard consultations to 25.0 % under bias (-39 pp), and Gemini 1.5-8B from 61.25 % to 35.50
% (—25.75 pp), both approaching the 25 % random-guess baseline. Mid-capacity models exhibited
moderate declines—Gemini 1.5 Flash from 68.00 % to 48.50 % (—19.50 pp) and GPT-40-Mini from
69.50 % to 47.50 % (—22.00 pp). High-capacity models were relatively resilient: Gemini 1.5 Pro
decreased from 72.75 % to 65.75 % (—7.00 pp), and GPT-40 from 82.25 % to 73.75 % (—8.50 pp),
maintaining accuracy well above the random-chance threshold.

Paired two-proportion Z tests comparing standard and cognitively biased consultations
confirmed that this bias-induced accuracy loss was statistically significant across all models (P
<.001).

Collectively, these findings identify patient cognitive bias as a systemic vulnerability in LLM-
mediated diagnostic reasoning: smaller architectures experience substantial performance collapse

under biased inputs, whereas high-capacity systems retain partial stability.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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Temperatur
e reduction fails to mitigate bias-induced accuracy decline
Reducing the decoding temperature of LLMs increases output determinism and is often
expected to enhance reliability in structured reasoning tasks such as medical question answering. To
evaluate whether this adjustment improves robustness to cognitively biased patient inputs, we tested
all six models under four decoding settings: default (T = 1.0), moderately reduced (T = 0.7), strongly
reduced (T = 0.3), and greedy decoding (T = 0.0) (Multimedia Appendix 2).
In standard patient consultations, lowering the temperature produced small, model-dependent
gains in high-capacity models, likely by reinforcing high-probability diagnostic hypotheses. For
instance, Gemini 1.5 Pro improved modestly from 72.8 % to 77.6 % (+4.8 pp), and GPT-40 from

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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82.2 % to 85.5 % (+3.3 pp). These improvements were minor in magnitude, suggesting that
deterministic decoding can slightly stabilize diagnostic reasoning when patient inputs are unbiased.

In cognitively biased consultations, however, temperature reduction did not offset the decline in
diagnostic accuracy and, in lower-capacity models, further aggravated performance loss. Accuracy
for Gemini 1.5-8B decreased from 35.5% at T = 1.0 to 21.5 % at T = 0.0 (-14 pp), while ChatGPT-
3.5-Turbo dropped from 25.0 % to 14.7 % (—10 pp), approaching random-guess levels. In contrast,
high-capacity models such as GPT-40 and Gemini 1.5 Pro showed relatively stable trends across
temperature adjustments, with no consistent benefit under biased conditions.

Across temperature settings, lower decoding temperatures did not alleviate the bias-induced
decline in diagnostic accuracy. These results demonstrate that the effects of temperature tuning are
context-dependent: while reduced temperatures can modestly improve accuracy in unbiased
consultations for high-capacity models, they may increase susceptibility to patient cognitive bias in

lower-capacity models, resulting in greater diagnostic instability.

LLM tend to conform to patient cognitive biases

We analyzed diagnostic error patterns during cognitively biased consultations using two
complementary metrics. Bias-Influenced Error Proportion (BIEP) quantifies the fraction of errors
aligning with a patient’s incorrect self-diagnosis, while Bias-Induced Accuracy Decline (BIAD)
measures the absolute reduction in diagnostic accuracy (percentage points, pp) between biased and
standard consultations.

At the default decoding temperature (T = 1.0), all six models exhibited substantial bias
alignment, with BIEP values exceeding one-third—more than double the rate expected from random
error distribution. The strongest conformity occurred in ChatGPT-3.5-Turbo (BIEP = 81 %), whereas
Gemini 1.5 Pro showed the lowest alignment (BIEP = 46.7 %), indicating partial but incomplete
resistance to patient bias. High-capacity models such as GPT-40 and Gemini 1.5 Pro displayed
smaller BIAD values (7-9 pp) compared with lower-capacity models like Gemini 1.5 Flash-8B (25.8
pp) or ChatGPT-3.5-Turbo (39 pp).

As shown in Figure 5, BIEP and BIAD were strongly positively correlated (r = 0.97): models
with larger bias-induced performance loss also produced a higher proportion of bias-aligned errors.
This pattern indicates that cognitive bias does not merely reduce accuracy through random mistakes
but systematically steers model reasoning toward patient-preferred, incorrect conclusions, reflecting

structured rather than stochastic error formation under bias.

https://preprints.jmir.org/preprint/85770 [unpublished, non-peer-reviewed preprint]
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Efficacy of prompt-based mitigation strategies

We evaluated four prompt-based strategies—Bias-Aware, All-Inclusive, Step-by-Step, and Few-
Shot Mitigation—for their ability to reduce diagnostic performance loss during cognitively biased
patient consultations (Table 1).

The Few-Shot Mitigation strategy, which supplied annotated dialogue examples illustrating bias
patterns, did not improve accuracy in any model and often reduced it—for example, —11.1 pp in
GPT-40-Mini and -15.6 pp in Gemini 1.5 Pro—suggesting limited generalizability beyond the
provided examples.

The Step-by-Step approach, prompting models to separate objective from subjective
information, showed mixed results: small, non-significant gains in some high-capacity models (+2.1
pp in Gemini 1.5 Pro; +2.5 pp in Gemini 1.5 Flash) but decreases in lower-capacity models (-2.5 pp
in Gemini 1.5 Flash-8B; —5.9 pp in ChatGPT-3.5-Turbo).

The Bias-Aware strategy, which instructed models to identify and adjust for patient bias, yielded
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modest but inconsistent improvements. GPT-40 increased by +2.3 pp (P = 0.190), while ChatGPT-
3.5-Turbo improved by +7.8 pp (P < .001); other models showed minimal change.

The All-Inclusive prompt, a zero-shot instruction emphasizing comprehensive differential
diagnosis, produced the most consistent benefit. High-capacity models such as GPT-40 (+4.9 pp, P
=.004) and Gemini 1.5 Pro (+3.8 pp, P =.009) recovered roughly half of their bias-induced accuracy
loss, whereas smaller models achieved only marginal recovery (~ +2—4 pp).

Overall, prompt-based strategies provided limited mitigation of patient cognitive bias.
Comprehensive, reasoning-oriented prompts such as All-Inclusive offered measurable but modest
gains in high-capacity models, while smaller models remained susceptible to bias-aligned errors

despite intervention.

Table 1. Diagnostic accuracy (%) of prompt-based mitigation strategies during cognitively

biased patient consultations

Baselin
Model Bias-Aware | All-nclusive | Step-by-Step | Few-Shot
e
Gemini 1.5 _ 63.3(-2.5,P | 69.5(+3.8,P | 67.8(+2.1,P | 50.2(-15.6, P
Pro ' = .18) = .009) = 14) <.001)
Gemini 1.5 s 49.0 (+0.5,P | 54.0 (+5.5,P | 51.0 (+2.5,P | 42.5(-6.0, P <
Flash ' = .62) = .021) = 31) .001)
Gemini 1.5 i 37.3(+1.8,P [39.8(+4.3,P |33.0(-25P |29.0(-65,P<
Flash-8B ' =.27) =.033) =.29) .001)
76.0 (+2.3,P | 78.6 (+4.9,P |709(-29,P |721(-1.7,P=
GPT-40 73.8
=.19) =.004) =.17) 28)
GPT-4o- o 45.0 (-2.5,P |50.0(+2.5,P | 40.5(-7.0,P | 36.4(-11.1, P
Mini ' =.22) =.11) <.001) <.001)
ChatGPT- 250 32.8(+7.8,P |29.6(+4.6,P |19.1(-59,P |229(-2.1,P=
3.5-Turbo ' <.001) =.012) <.001) 27)

Legend: Values represent mean diagnostic accuracy (%) for multi-turn consultations under
cognitively biased conditions (n = 1,273 MedQA-USMLE cases, decoding temperature = 1.0).
Numbers in parentheses indicate the absolute change in accuracy from the biased baseline
(percentage points) followed by the paired two-proportion Z test P value for each mitigation strategy

compared with its own baseline. All tests were two-tailed, significance threshold P < .05.

Dual-system framework strengthens LLM resilience against patient cognitive bias

We evaluated a dual-system framework that integrates a foundation LLM for multi-turn patient
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interaction (System 1) with a reasoning-oriented LLM (01-Mini, System 2) for final diagnostic
judgment, assessing its ability to mitigate bias-induced performance degradation (Table 2). Across all
models, this configuration consistently improved diagnostic accuracy compared with foundation-
only baselines under both standard and cognitively biased consultations.

In standard consultations, accuracy increased to 78.3-85.2 % across models, compared with
61.3-82.3 % for foundation-only performance. The largest gains occurred in lower-capacity models,
such as ChatGPT-3.5-Turbo (+14.5 pp, P < .001) and Gemini 1.5-8B (+17.0 pp, P < .001), where
improvements mainly resulted from the enhanced diagnostic reasoning provided by the System 2
model (o1-Mini).

In cognitively biased consultations, the dual-system framework achieved 63.7-75.5 % accuracy,
substantially higher than the 25.0-73.8 % range of foundation-only models. Performance recovery
was most pronounced in bias-prone models such as Gemini 1.5-8B (+30.3 pp, P < .001) and
ChatGPT-3.5-Turbo (+38.7 pp, P < .001), effectively restoring 90-140 % of the bias-induced loss.

Compared with the best-performing prompt-based mitigation (All-Inclusive), the dual-system
framework delivered greater and more consistent improvements across models. These findings
indicate that coupling intuitive conversational capabilities (System 1) with deliberate analytical
reasoning (System 2) provides a robust and scalable strategy to reduce the impact of patient

cognitive bias on LLM-mediated diagnostic decision-making.

Table 2. Diagnostic accuracy (%) of the dual-system framework versus foundation-only

baselines under standard and cognitively biased consultations

Model Standard Standard Cognitively | Cognitively | Recovery
(Foundation | (Dual) Biased Biased of bias-
) (Foundation | (Dual) induced

) loss (%)

Gemini 1.5 | 72.8 81.0 (+8.2, P | 65.8 75.5 (+9.8, 139.3

Pro <.001) P <.001)

Gemini 1.5 | 68.0 78.5 (+10.5, | 48.5 67.3 (+18.8, | 96.4

Flash P <.001) P <.001)

Gemini 1.5 | 61.2 78.3 (+17.0, | 35.5 65.8 (+30.3, | 117.7

-8B P <.001) P <.001)

GPT-40 82.2 85.2 (+3.0,P | 73.8 72.8 (1.0, -11.2

=.012) P =.28)

GPT-40- 69.5 77.8 (+8.3,P | 47.5 67.2 (+19.7, | 89.5

Mini <.001) P <.001)

ChatGPT- | 64.0 78.5 (+14.5, | 25.0 63.7 (+38.7, | 99.2

3.5-Turbo P <.001) P <.001)

Legend: Evaluations were conducted in multi-turn simulated consultations (n = 1,273 MedQA-
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USMLE cases, temperature = 1.0) using a GPT-40-Mini—powered patient agent. Values represent
mean diagnostic accuracy (%). Parentheses indicate the absolute change (percentage points) from the
corresponding foundation-only baseline, followed by the paired two-proportion Z-test P value for
each comparison. All tests were two-tailed with significance threshold P < .05. Recovery of bias-
induced loss (%) quantifies the proportion of performance decline under bias (Standard Foundation —
Biased Foundation) that was regained by the dual-system framework; negative values indicate no

recovery.

Discussion

Behavioral Risk and Key Findings

As LLMs become increasingly used by the public for health information and preliminary
medical advice, user behavior increasingly shapes the reliability and safety of Al-mediated care. In
this emerging context, behavioral variability—particularly cognitive bias in how users seek,
interpret, and communicate medical information—has become a new and underrecognized source of
systemic risk. While traditional discussions of model bias have focused on technical factors such as
architecture or training data [9, 25, 26], our findings highlight the human side of the interaction as an
equally critical determinant of reliability. This study extends the conventional view of cognitive bias
as an individual limitation by demonstrating that, in LLM-assisted health consultations, user-driven
bias can distort model reasoning and compromise diagnostic reliability. Collectively, these findings
underscore the need to account for human behavioral factors as integral components of Al safety in
healthcare.

Model Vulnerability and Equity

Our evaluation shows that even advanced foundation LLMs, despite demonstrating strong
medical reasoning compared with smaller or open-source counterparts [27], remain vulnerable to
cognitively biased interactions. Lower-capacity models experienced severe performance
deterioration under bias conditions, and elevated bias-influenced error proportions revealed a marked
tendency for models to generate conclusions aligned with user misconceptions. Such alignment not
only reinforces false beliefs but can also amplify health-related misunderstandings [27].

This vulnerability is compounded by growing public trust in Al-generated health information—
users often perceive chatbot responses as equally or more credible than advice from human clinicians
[28]. When combined with an LLM’s susceptibility to bias-congruent reasoning, this trust can lead
users to accept and act on inaccurate recommendations without verification, increasing the risk of

delayed medical consultation, persistence of erroneous beliefs, and unsafe self-management.
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Together, these findings identify user cognitive bias as a systemic risk factor in LLM-mediated
healthcare. Addressing this risk requires a shift from purely technical evaluation toward behavior-
aware safety design. Specifically, evaluation frameworks should account for behavioral variability in
user—Al interactions; deployment safeguards must prevent models from reinforcing user
misconceptions; and model development should incorporate bias-detection and mitigation
mechanisms at both conversational and reasoning levels. Embedding such safeguards into medical
Al systems is critical for maintaining reliability, trustworthiness, and equity in health information

dCcess.

The systemic risk posed by patient-driven biases is further compounded by disparities in model
accessibility and performance. Our findings show that higher-capacity models, such as GPT-40 and
Gemini 1.5 Pro, maintain higher diagnostic accuracy and experience less degradation under biased
conditions. However, these models are typically available only through paid or institutional
platforms, limiting access for much of the public. Consequently, lower-capacity models—shown in
our evaluation to be far more susceptible to bias-induced performance collapse—are more likely to
be used for unsupervised consultations. This asymmetry creates a dual risk: it disproportionately
exposes users with cognitive biases to unreliable diagnostic outputs and widens inequities in the
safety and quality of Al-assisted health information across socioeconomic groups.

Despite stable performance in unbiased scenarios, foundation models deteriorated markedly
during consultations shaped by patient-driven biases, revealing a critical blind spot in prevailing
evaluation practices. Existing benchmarks rely primarily on static, single-turn tasks that overlook the
behavioral and dialogic complexity of real consultations. As a result, they fail to capture how
cognitive bias in patient presentations can systematically distort reasoning and undermine diagnostic
reliability [9, 29, 30].

Because patient-driven biases are pervasive yet often subtle, overlooking these behavioral
influences may lead to an overestimation of medical LLM safety and robustness. Future evaluations
should incorporate bias-sensitive, multi-turn interactions and embed detection and mitigation
mechanisms directly into model design. Integrating such behavioral dimensions into assessment will
align Al evaluation with the human factors underlying clinical communication, improving both
reliability and equity in LLM-mediated healthcare.

Prompting and Parameter Effects

Our findings indicate that certain prompt-engineering strategies can provide practical and

effective mitigation against patient cognitive bias in LLM-based healthcare systems. The All-
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Inclusive strategy, in particular, achieved greater bias reduction than few-shot methods while
preserving the fluency and naturalness of model outputs. In contrast, other strategies did not
consistently prevent performance degradation and, in some cases, worsened outcomes in lower-
capacity models. As a zero-shot approach, the All-Inclusive strategy also offers strong adaptability
for real-world deployment, where models must respond effectively to diverse and previously unseen
patient inputs [31].

Previous work has shown that lowering the decoding temperature in language models can
improve accuracy by reducing output randomness [32, 33]. Our findings refine this understanding by
revealing important context-dependent trade-offs. In standard patient interactions, lower temperature
settings yielded small accuracy gains in some models, likely by favoring high-probability clinical
hypotheses. However, in cognitively biased interactions—particularly for lower-capacity models—
temperature reduction increased the likelihood of bias-aligned responses, thereby amplifying
diagnostic errors. This suggests that while deterministic decoding can stabilize model outputs, it may
also entrench erroneous reasoning when the input context is biased. Optimizing temperature settings
for LLM deployment in healthcare will therefore require context-specific calibration, balancing
determinism with the flexibility needed to resist bias-driven misinformation.

Dual-System Framework

Dual-system theory describes human cognition as operating through two complementary
modes: System 1, which is fast and intuitive, supporting rapid decisions with minimal effort, and
System 2, which is slower, more analytical, and deliberate [18]. In clinical practice, System 1
processes dominate history-taking and patient communication, while System 2 guides diagnostic
formulation and treatment planning. Our findings align with this framework: foundation LLMs—
including the six evaluated models—excelled at rapid, conversational information gathering (System
1) but showed limitations in complex reasoning tasks. By contrast, reasoning-oriented LLMs, such as
OpenAl’s 01, have demonstrated expert-level performance in domains requiring structured problem-
solving, closely approximating the deliberate reasoning of System 2 [34]. This theoretical alignment
helps explain why our dual-system framework, which pairs a foundation LLM with a reasoning
LLM, achieved greater resilience to patient cognitive bias and more reliable diagnostic outputs,
particularly in bias-prone, lower-capacity systems.

Building on the alignment between model capabilities and cognitive functions, we developed a
dual-system framework pairing a foundation LLM for history-taking and patient communication
with a reasoning LLM (01-Mini) for diagnosis and treatment planning. Our evaluation shows that

this configuration significantly improved diagnostic accuracy in standard patient interactions and,
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critically, mitigated much of the performance degradation observed under cognitively biased inputs.
The benefit was most pronounced in lower-capacity models, where reasoning support reduced bias-
influenced errors and stabilized performance in bias-prone scenarios.

These results suggest that reasoning LLMs contribute robustness not simply through higher
overall accuracy, but by systematically applying structured diagnostic reasoning that reduces over-
reliance on patient-provided narratives—a key vulnerability in bias-shaped interactions. The
framework also underscores the capability of foundation models to reliably handle patient-facing
tasks such as clinical history collection, leveraging their speed and conversational fluency. In
practical terms, this intuitive—analytical integration offers a promising design paradigm for medical
ALl it enables efficient, natural patient—-LLM interactions while enhancing diagnostic reliability, with
minimal additional computational cost. However, its broader adoption will require further evaluation
in domain-specific contexts, integration with existing clinical workflows, and safeguards to ensure
reasoning outputs remain explainable and clinically appropriate.

Input Guidance and Feedback

Unlike traditional passive Al systems constrained by predefined options, LLMs can generate a
wide range of outputs shaped by both user input framing and the scope of their training data. This
sensitivity makes them vulnerable to input biases, particularly in medical contexts where patient
narratives may be incomplete or skewed. Guiding patients toward effective input strategies—such as
using structured symptom checklists or guided question prompts—can improve the reliability of
LLM-generated recommendations and reduce variability in patient—LLM interactions. Establishing
standardized interaction protocols that minimize biased framing could therefore promote more
consistent and trustworthy communication.

This input—output dynamic also has implications for model refinement. Reinforcement Learning
from Human Feedback (RLHF) is widely used to align LLM responses with human preferences and
desired outcomes [35, 36]. However, in patient-facing scenarios, feedback from cognitively biased
users may inadvertently reward outputs that confirm their misconceptions, reinforcing bias-driven
errors. At the current stage of Al deployment in healthcare, professional supervision and expert
feedback—rather than unfiltered patient feedback—should guide model optimization, particularly for
high-stakes clinical tasks [37].

Limitations and Future Work

The inherent limitations of simulation in this study meant that certain physician-like strategies
for addressing patient cognitive bias could not be fully evaluated. In real consultations, physicians

may use open-ended questions to encourage patient self-reflection or elicit additional critical
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symptoms, signs, or test results [38]. In our simulations, however, patient responses were restricted
to pre-defined clinical data and their associated biases to avoid introducing uncontrolled
experimental variables, limiting the scope for such interactive techniques.

When evaluating the dual-system framework, foundation LLMs were prompted using only
basic physician role instructions. Incorporating alternative prompting strategies—such as the All-
Inclusion approach, which encourages consideration of all relevant medical aspects before forming a
diagnosis—may further enhance the framework’s performance and robustness against patient
cognitive bias.

Conclusions

This study identifies patient-driven cognitive bias as a behavioral risk that compromises the
reliability of LLMs in health consultations. Across six contemporary LLMs, biased user input led to
substantial degradation in diagnostic accuracy, particularly in lower-capacity systems. Common
mitigation approaches such as prompt engineering or temperature adjustment offered limited
protection. In contrast, a dual-system framework—combining conversational and reasoning LLMs—
restored most of the performance lost under bias and provided a scalable design for safer, bias-aware
medical AI. These findings highlight the need to integrate behavioral variability into future

evaluation, deployment, and regulation of LL.M-based healthcare tools.
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Overview of the study workflow and evaluation framework.
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Framework of simulated patient—L LM interactions under standard and cognitively biased conditions.
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immediate intersenton, particularly incisian and drainage[... ]

v

Please assume the role of a physician. Based on the patient's consultation, provide your medical advice and explanations [ ]
Previous diskague. Patient: I'm a 62-year-old female presenting with [..]

. Given the vaginal spatting.|..]. the most
| appropriate next step is immediate referral for a

i gyrecological consultation, [ ] |

] Foundation LLMs Response l

H 5' While & mass warants concedmn, Immedabs incsion and dranage snt
| ahways the first approach |. |
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Evaluation of diagnostic performance of foundation and reasoning LLMs under standard and cognitively biased interactions.

Fhysiclan Raole Definition Pmnpt
Please asswme the role of a physiclan. Based on the patient's consultation, provide your medical advice and explanations]...]
Situation Description
‘fou are a physician who just finished a consultation with a patient. Basad on your comvarsation with the patient, please answar the
fodiowing multipte-cholce question.
Complete Consultation Record
Pafient: | am a 62-year-old fermals presenting for a consultation reganding a couphe of concarming sympboms. [...]
Dipctor: Given your aga, sympioms, and physical findings. the next step is a transvaginal ultrasound to assess the mass and
determine its nabure. [...] Patient: [...] Docior: |- Patient: |...] Dactor: [..-]
Question Reguirements
Based ONLY on the above dialogue history, pleasa answer the following question:
Actual Question Which of the following is the most appropriate next step in managament ?
List of Options
A Pap smaar
B: Biopsy of the mass
C: Incision and drainage
0O Living: gondrrhed and chlamydia lesting
Answer Format Requirement
Pleasa only provide your answer by stating the option ketter (AB/C/D) without any explanation.

| Standard Interaction | Cognitively Biased Interaction
LLM's Answer LLM's Answer
e ‘#_._,_,_.---.Hr___-l _r""'-.r-.:-.l:_:‘_'_"'l"___
L B | AICID | L. | LE™ | iedl Answer: B
I m T 1 / [ \.Paﬂmt Preferred Option: A
Correct Incorrect Correct Bias-Influgnced Error Crther Incormect
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Performance of LLMs across temperature settings under different evaluation conditions.
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Association between bias-induced accuracy decline and bias-influenced error proportion in six large language models.
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Multimedia Appendixes
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