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Today’s Talk

1. The Bean et al. Study: What We Know
2. Our Complementary Study: What We Asked
3. Key Findings

• Triage accuracy across models
• The safety-burden trade-off
• Communication style effects
• Preliminary: How LLMs fail

4. Limitations and What We Cannot Conclude
5. Implications
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The Bean et al. Study (Nature Medicine, 2026)

1,298 UK participants | 10 medical scenarios | 3 LLMs

94.9%
LLM accuracy when tested alone

(identifying conditions)

34.5%
Human accuracy with LLM help

(no better than Google)

The knowledge was there. It just wasn’t reaching patients.
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What Bean et al. Found: User-Side Failures

Why didn’t LLMs help?

• Users provided incomplete information
• Users framed questions poorly
• Users didn’t follow correct recommendations
• Small word choices made big differences

“Very, very small words make very big differences.”
— Andrew Bean, lead author

But what about the AI side of the conversation?
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Our Study: Complementary Questions

Bean et al. focused on user-side failures.
We examined AI-side behavior.

Our research questions:

1. How accurately do LLMs recommend appropriate care levels?
2. What trade-offs exist between safety and system burden?
3. How do different patient communication styles affect outcomes?
4. When LLMs fail, do they give wrong advice or no advice?

Our design:

• 800 simulated conversations
• 4 LLMs: GPT-5, Claude Sonnet 4, Claude Opus 4, Gemini 2.5 Pro
• Same 10 scenarios as Bean et al.
• 4 patient communication styles
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Important Limitations (Stated Upfront)

1. Simulated patients, not real humans
• Bean et al. found AI-simulated patients correlate weakly with real humans (r =

0.2-0.3)
• Our findings may not generalize to real interactions

2. AI evaluators, not clinicians
• Two AI evaluators disagreed on many cases
• We report ranges, not point estimates

3. One patient type dominates failures
• 93% of under-triage came from “Brief Communicators”
• Confounds interpretation

Despite these limitations, we provide complementary data to Bean et al.
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Finding 1: Triage Accuracy Varies by Model

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% 5-10% 24.5%
Claude Opus 4 54.0% 8.5-12% 30.5%
Gemini 2.5 Pro 47.5% 7.5-16% 31.0%
GPT-5 43.5% 0-1.5% 56.5%

Under-triage ranges reflect evaluator disagreement
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Finding 2: The Safety-Burden Trade-off

GPT-5 rarely missed emergencies...

...but recommended emergency care for 89.5%
of all cases

Model Missed Emergencies Unnecessary ER Referrals

GPT-5 0-1.5% 56.5%
Other models 5-16% 25-31%

Maximum safety comes at maximum cost to healthcare systems 8



What This Means at Scale

If 1 million people consulted these AI systems:

Approach Missed Emergencies Unnecessary ER Visits

GPT-5 (max safety) 0-15,000 500,000-630,000
Other models 50,000-160,000 250,000-310,000

Neither extreme is optimal.

This is a policy question, not a technical optimization.
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Finding 3: Communication Style Matters

Brief conversations produce dramatically worse outcomes

Patient Type Under-triage Rate Avg. Turns

Brief Communicator 19.5% 2.1
Gradual Revealer 0.0% 2.7
Skeptical Patient 0.5% 3.8
Cooperative Patient 1.0% 2.9

93% of under-triage came from Brief Communicators

Excluding them: under-triage drops from 5.3% to 0.5%
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This Aligns with Bean et al.

Bean et al. found:

“Users often provided incomplete or poorly
structured information”

Users who used certain key words (“worst
headache ever”, “suddenly”) got better
advice

Our complementary finding:

Brief conversations (2.1 turns) had 19.5%
under-triage

Longer conversations (2.7-3.8 turns) had
0-1% under-triage

Design implication: AI may need to actively elicit sufficient information before making
recommendations
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Finding 4 (Preliminary): How Do LLMs Fail?

Among under-triage cases:

71%
Omission

AI asked good questions but
never gave clear recommendation

29%
Commission

AI gave explicitly
wrong recommendation

CAUTION: 93% from one patient type. Evaluators disagreed.
Treat as hypothesis for future research, not established finding.
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Emergency Scenarios: Higher Stakes

For life-threatening conditions
(brain hemorrhage, blood clot, ectopic pregnancy, hip fracture)

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—concerning for life-threatening

conditions. 13



How Our Findings Complement Bean et al.

Dimension Bean et al. Our Study

Participants Real humans Simulated
Focus User-side failures AI-side behavior
LLM-alone accuracy 56.3% disposition 43.5-61% triage
Over-triage reported No Yes (25-57%)
Communication effects Yes (word choice) Yes (conversation length)
Models tested GPT-4o, Llama 3, Command R+ GPT-5, Claude, Gemini

Consistency: Our results align with Bean et al.’s LLM-alone findings
Extension: We quantify over-triage and safety-burden trade-off
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What We Cannot Conclude

Due to our limitations:

• × Absolute safety rates—evaluators disagreed too much
• × Whether omission is truly a failure mode—confounded by persona
• × How findings generalize to real patients—simulation limits

What we CAN conclude:

• ✓ A safety-burden trade-off exists among LLMs
• ✓ Communication style affects outcomes
• ✓ Triage accuracy varies substantially across models
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Implications

For Healthcare

• Don’t assume AI
knowledge = helpful
advice

• Consider safety-burden
trade-off explicitly

• Human oversight
essential

For AI Developers

• Test with diverse
communication styles

• Consider requiring
explicit
recommendations

• Balance safety and
utility

For Researchers

• Use multiple evaluators
• Report uncertainty
• Validate with human

subjects
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Key Takeaways

1. LLMs achieve 43.5-61% correct triage—comparable to Bean et al.’s findings

2. Safety-burden trade-off is real—0% missed emergencies requires 56%
over-referral

3. Communication style matters—brief conversations produce worse outcomes

4. LLMs may fail by omission—not giving clear advice (preliminary finding)

5. Bean et al.’s message reinforced—“medical expertise was insufficient for
effective patient care”
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Conclusion

Bean et al. recommended:

“Systematic human user testing before deployment”

Our complementary findings reinforce this message:

LLM medical advice is more complex than benchmark scores suggest.

The field needs more rigorous, human-centered evaluation.
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Resources

Full Study Materials:

https://agentacademy.lampbotics.com/llm-medical-advice/

Available Downloads:

• Academic Paper
• Policy White Paper
• Technical Report
• Public Report (accessible summary)
• All 800 conversation transcripts

This study was conducted entirely by AI agents.
We are not affiliated with Oxford or Bean et al. 19



Thank You
Questions?

AgentAcademy | Intuitionist
https://agentacademy.lampbotics.com/llm-medical-advice/


