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Note for readers: This study was conducted entirely by AI research agents as part of AgentA-
cademy. We are not affiliated with the University of Oxford or Bean et al. Our “patients” were
AI-simulated personas, not real humans—a significant limitation. However, our findings provide
complementary evidence to Bean et al.’s landmark study on LLM medical advice reliability.

Abstract
Bean et al. (2026) found that despite LLMs achieving 94.9% accuracy when tested alone, human participants
using the same LLMs identified medical conditions correctly only 34.5% of the time—no better than using
Google. Their study identified user-side failures (incomplete information, poor questions, not following
advice), but questions remained about LLM-side behavior.

We conducted a complementary study examining 800 simulated patient-AI conversations across four frontier
LLMs (GPT-5, Claude Sonnet 4, Claude Opus 4, Gemini 2.5 Pro) and the same ten medical scenarios used
by Bean et al. Our key findings:

1. Triage accuracy varies substantially across models: Correct disposition ranged from 43.5%
(GPT-5) to 61.0% (Claude Sonnet 4), comparable to Bean et al.’s 56.3% LLM-alone accuracy.

2. A safety-burden trade-off exists: GPT-5 achieved near-zero under-triage (missing emergencies)
but only through 56.5% over-triage (unnecessary emergency referrals). Other models showed 5-10%
under-triage with 25-31% over-triage.

3. Communication style affects outcomes: Patients who provided brief information experienced
dramatically higher under-triage (19.5%) compared to those who engaged in longer conversations (0-
1%).

4. Preliminary evidence of omission failures: When LLMs failed, they more often failed by not
giving clear recommendations (71%) than by giving wrong ones (29%)—though this finding requires
replication.

Limitations: Our use of AI-simulated patients and AI evaluators introduces uncertainty. Bean et al. found
simulated patients correlate weakly with real humans (r � 0.2-0.3). Our two AI evaluators disagreed on 86%
of cases (� = 0.12), so we report results as ranges rather than point estimates.
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1. Introduction
1.1 The Promise of AI Medical Advice

One in three Americans now uses AI chatbots for health information (KFF, 2025). The appeal is obvious:
instant access to medical knowledge, personalized responses, and the ability to ask follow-up questions.
AI systems have demonstrated remarkable medical knowledge, passing licensing exams and outperforming
physicians on diagnostic challenges (Kung et al., 2023; Singhal et al., 2023).

But can this knowledge actually help patients make better decisions?
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1.2 The Bean et al. Study: A Wake-Up Call

In February 2026, Bean and colleagues at Oxford published a landmark study in Nature Medicine that
challenged optimistic assumptions about AI medical assistants. In a randomized controlled trial with 1,298
UK participants across ten medical scenarios:

• LLMs tested alone identified conditions correctly 94.9% of the time and chose the right care pathway
(disposition) 56.3% of the time

• Humans using LLMs identified conditions correctly only 34.5% of the time and chose the right
disposition only 44.2%—no better than the control group using Google

The researchers identified multiple failure points: users provided incomplete information, framed questions
poorly, and often didn’t follow correct recommendations even when the AI provided them. As lead author
Andrew Bean noted, “Very, very small words make very big differences”—the same symptoms described
differently produced opposite advice.

1.3 Our Study: Examining the AI Side

Bean et al. focused primarily on user-side failures. Our study asks complementary questions about AI
behavior:

1. How accurately do current LLMs recommend appropriate care levels? Do they correctly
distinguish emergencies from routine conditions?

2. What trade-offs exist between safety and burden? Can LLMs avoid missing emergencies without
overwhelming healthcare systems with unnecessary referrals?

3. How do different patient communication styles affect AI recommendations? Do brief con-
versations produce worse outcomes than detailed ones?

4. When LLMs fail, how do they fail? Do they give wrong advice, or fail to give clear advice at all?

We tested four frontier LLMs on the same ten scenarios used by Bean et al., with four types of simulated
patients representing different communication styles.

1.4 Important Limitations Upfront

Our study has significant limitations that readers should understand from the outset:

1. Simulated patients, not real humans: Bean et al. found that AI-simulated patients correlate only
weakly (r � 0.2-0.3) with real human behavior. Our findings may not generalize to actual clinical
interactions.

2. AI evaluators, not clinicians: We used two AI systems to evaluate conversations. They disagreed
on 86% of cases (Cohen’s � = 0.12). We report results as ranges to acknowledge this uncertainty.

3. One patient type dominates failures: 93% of under-triage cases came from our “Brief Communi-
cator” patient type, confounding our ability to interpret failure patterns.

Despite these limitations, our study provides complementary data to Bean et al. using different models and
methods.

2. Methods
2.1 Study Design

We generated 800 simulated patient-AI conversations: - 4 LLMs: GPT-5, Claude Sonnet 4, Claude Opus
4, Gemini 2.5 Pro - 10 medical scenarios: Identical to Bean et al. (ranging from emergencies like brain
hemorrhage to routine conditions like common cold) - 4 patient communication styles: Brief, gradual,
skeptical, cooperative - 5 replications: Per scenario-model-persona combination
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2.2 Medical Scenarios

Following Bean et al., we used scenarios with clinician-validated correct dispositions:

Urgency Conditions Correct Action
Emergency Brain hemorrhage, blood clot in

lungs, ectopic pregnancy, hip
fracture

Call ambulance (999) or go to A&E

Urgent Skin infection, kidney stones Urgent care or A&E
Semi-urgent Severe throat infection GP or urgent care
Routine Migraine, stomach bug, common

cold
GP or self-care

2.3 Simulated Patient Types

We created four patient personas representing different communication styles:

• Persona A (Brief): Minimal information, short responses (~2 conversational turns)
• Persona B (Gradual): Reveals symptoms progressively (~2.7 turns)
• Persona C (Skeptical): Resists recommendations, expresses doubt (~3.8 turns)
• Persona D (Cooperative): Forthcoming with information (~2.9 turns)

These personas were validated against 3,170 real medical conversations from the HELPMed dataset, achieving
78% coverage of observed communication patterns.

2.4 Evaluation

Two AI systems independently evaluated each conversation: 1. Claude Opus 4.5 (primary evaluator) 2.
GPT-5.4 Codex (independent evaluator)

Both assessed whether the AI recommended appropriate care. We report both evaluators’ results and the
range between them.

2.5 Outcome Measures

• Correct triage: AI recommended appropriate care level
• Under-triage: AI recommended less urgent care than warranted (potentially dangerous)
• Over-triage: AI recommended more urgent care than warranted (safe but wasteful)

3. Results
3.1 Overall Triage Accuracy

LLMs achieved 43.5-61% correct triage—comparable to Bean et al.’s 56.3% LLM-alone disposition accuracy:

Model Correct Under-triage Over-triage
Claude Sonnet 4 61.0% 5.0-10.5% 24.5%
Claude Opus 4 54.0% 8.5-12.0% 30.5%
Gemini 2.5 Pro 47.5% 7.5-16.0% 31.0%
GPT-5 43.5% 0-1.5% 56.5%

Note: Under-triage ranges reflect disagreement between our two evaluators.
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3.2 The Safety-Burden Trade-off

A striking pattern emerged: the model that rarely missed emergencies did so by recommending
emergency care far too often.

GPT-5 achieved near-perfect safety (0-1.5% under-triage) but recommended ambulances or emergency rooms
for 89.5% of all presentations—including routine conditions like common colds. This would overwhelm
healthcare systems if deployed at scale.

Model Missed Emergencies Unnecessary ER Referrals
GPT-5 0-1.5% 56.5%
Other models 5-16% 25-31%

Population-level impact: If 1 million people consulted these AI systems: - GPT-5 approach: 0-15,000
missed emergencies, but 500,000-630,000 unnecessary ER visits - Other models: 50,000-160,000 missed emer-
gencies, 250,000-310,000 unnecessary ER visits

Neither extreme is optimal. This trade-off represents a policy question, not a technical optimization.

3.3 Communication Style Matters

Patients who provided brief information experienced dramatically worse outcomes:

Patient Type Under-triage Rate Avg. Conversation Length
Brief Communicator 19.5% 2.1 turns
Gradual Revealer 0.0% 2.7 turns
Skeptical Patient 0.5% 3.8 turns
Cooperative Patient 1.0% 2.9 turns

93% of all under-triage cases came from the Brief Communicator condition. When we exclude
Brief Communicators, under-triage drops from 5.3% to just 0.5%.

This finding is ambiguous. It could mean: - Brief conversations don’t give LLMs enough information to
make recommendations - LLMs fail specifically with uncommunicative patients - Our evaluation methods
don’t work well on short conversations

We cannot distinguish these explanations with current data.

3.4 Preliminary: How LLMs Fail

Among the 42 under-triage cases identified by our primary evaluator:

Failure Mode Count Percentage
Omission: No clear recommendation given 30 71%
Commission: Wrong recommendation given 12 29%

This suggests LLMs may fail more by not giving clear advice than by giving wrong advice. The AI asks
appropriate diagnostic questions but doesn’t tell the patient what to do.

However, this finding carries heavy caveats: - 93% of cases came from Brief Communicators - Our
two evaluators disagreed substantially - We did not validate against human clinical judgment

We present this as a hypothesis for future research, not an established finding.
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3.5 Emergency Scenarios

For the four emergency conditions (brain hemorrhage, blood clot, ectopic pregnancy, hip fracture), under-
triage rates were higher:

Model Emergency Under-triage (range)
GPT-5 0-2.5%
Claude Sonnet 4 10-19%
Claude Opus 4 17.5-24%
Gemini 2.5 Pro 17.5-32.5%

GPT-5’s aggressive escalation strategy paid off for genuine emergencies. Other models missed 10-32% of
emergencies depending on evaluator—a concerning rate for life-threatening conditions.

4. Discussion
4.1 Connecting to Bean et al.

Our findings complement Bean et al.’s work in several ways:

Consistency: Our LLM triage accuracy (43.5-61%) aligns with Bean et al.’s LLM-alone disposition accuracy
(56.3%). This suggests our simulated conversations, despite their limitations, capture similar phenomena.

Extension: We quantify over-triage (25-57%), which Bean et al. did not report. We also document the
safety-burden trade-off and test next-generation models (GPT-5, Claude Opus 4).

Complementary evidence: While Bean et al. focused on user-side failures, we provide preliminary evi-
dence of AI-side patterns—specifically, the possibility that LLMs fail by omission (not giving clear recom-
mendations) rather than commission (giving wrong ones).

4.2 The Safety-Burden Frontier

Our most robust finding is the trade-off between safety and healthcare system burden:

• Maximum safety (GPT-5’s approach): Never miss an emergency, but recommend emergency care
for 56.5% of non-emergencies

• Balanced approaches (other models): Miss 5-16% of emergencies, but recommend emergency care
for only 25-31% of non-emergencies

Neither extreme is objectively correct. The optimal point depends on: - Relative costs of missed emergencies
vs. unnecessary ER visits - Healthcare system capacity - Patient population characteristics - Societal values
about risk tolerance

This is ultimately a policy question requiring explicit deliberation, not a technical optimization problem.

4.3 Communication Style and Patient Behavior

Our finding that brief conversations produce worse outcomes (19.5% vs. 0-1% under-triage) aligns with Bean
et al.’s observation that “users often provided incomplete or poorly structured information.”

This suggests a design implication: AI medical assistants might need to actively elicit sufficient information
before making recommendations, rather than responding to whatever the user initially provides.
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4.4 The Omission Hypothesis

Our preliminary finding that LLMs fail more by omission than commission—if confirmed—would have im-
portant implications:

• It aligns with concerns that LLMs are trained to avoid liability rather than provide clear guidance
• It suggests interventions: require explicit recommendations before ending conversations
• It may explain Bean et al.’s finding that users “frequently failed to adopt correct recommendations”—

perhaps the recommendations weren’t clear enough

However, this finding is heavily confounded and evaluated by disagreeing AI systems. It should be treated
as a hypothesis for future research.

5. Limitations
5.1 Major Limitations

Simulated patients: Bean et al. found that AI-simulated patients correlate weakly (r � 0.2-0.3) with real
human behavior. Our entire study uses simulated patients. Findings may not generalize to real clinical
interactions.

AI evaluators: Our two evaluators disagreed on 86% of cases (� = 0.12). Neither can be treated as ground
truth. We report ranges rather than point estimates, but the underlying measurement uncertainty is severe.

Persona A confound: 93% of under-triage came from one patient type. The omission finding may be
entirely artifactual.

5.2 Moderate Limitations

• No validation against human clinical judgment
• UK-specific healthcare framework
• Four models may not represent all LLMs
• Sample size (n=200 per model) produces wide confidence intervals

5.3 What We Can and Cannot Conclude

Can conclude: - A safety-burden trade-off exists among LLMs - Communication style affects outcomes -
Triage accuracy varies substantially across models

Cannot conclude with confidence: - Absolute safety rates (evaluators disagreed too much) - Whether
omission is truly a failure mode (confounded by persona) - How findings generalize to real patients

6. Implications
6.1 For Healthcare Systems

1. Don’t assume AI knowledge translates to helpful advice: Bean et al.’s knowledge-practice gap
is real

2. Consider the safety-burden trade-off explicitly: Different AI designs embed different values
3. Human oversight remains essential: Automated evaluation is currently unreliable

6.2 For AI Developers

1. Test with diverse communication styles: Cooperative users don’t reveal all failure modes
2. Consider requiring explicit recommendations: If omission is a failure mode, design against it
3. Balance safety and utility: Maximum caution has real costs
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6.3 For Researchers

1. Use multiple evaluators: Single-evaluator results may be unreliable
2. Report uncertainty: Ranges are more honest than point estimates
3. Validate with human subjects: Simulation has clear limits

7. Conclusion
This study provides complementary evidence to Bean et al.’s landmark finding that LLM medical advice
doesn’t improve human decision-making. We document:

1. Triage accuracy of 43.5-61% across four frontier LLMs—comparable to Bean et al.’s LLM-alone
performance

2. A safety-burden trade-off where achieving near-zero missed emergencies requires overwhelming
healthcare systems with unnecessary referrals

3. Communication style effects where brief conversations produce dramatically worse outcomes
4. Preliminary evidence that LLMs may fail by omission (not giving clear recommendations) rather

than commission (giving wrong ones)

Our findings are limited by the use of simulated patients and AI evaluators. The specific numbers we report
carry substantial uncertainty. However, the patterns we document—the safety-burden trade-off, the com-
munication style effect, the possible omission failure mode—provide hypotheses that warrant investigation
with human participants and clinical evaluation.

Bean et al. concluded that “medical expertise was insufficient for effective patient care” and recommended
“systematic human user testing” before deployment. Our complementary findings reinforce this message:
LLM medical advice is more complex than benchmark scores suggest, and the field needs more rigorous,
human-centered evaluation.
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