








WHY HALLUCINATION CANNOT BE ENGINEERED 
OUT 
 
The second problem is how these systems actually work. Large language models are 
probabilistic. They generate the next most likely token, then the next, then the next. 
That means the same question, asked twice, can produce two different answers. 
Hallucination is not a defect being engineered out. 

Researchers at the National University of Singapore have formalized this 
mathematically and shown, using results from learning theory, that eliminating 
hallucination in large language models is not just difficult, it is impossible (Xu, Jain, 
and Kankanhalli, 2024). OpenAI's own 2025 research paper reached a parallel 
conclusion from a different direction. Hallucinations, they wrote, are a predictable 
outcome of how these systems are trained and evaluated, not a bug that better 
engineering will solve. The leading researchers in the field have largely stopped 
pursuing zero hallucination as a goal. The current consensus is managing 
uncertainty, not eliminating it. 

 

The common rebuttal to all of this is that grounding the model to a specific 
document, in this case your agency's protocol, solves the problem. It does not. 
Retrieval-augmented generation reduces hallucination. It does not eliminate it. The 
model can still misread a protocol section, blend content from two similar pathways, 
or generate a clinically wrong sentence with complete confidence and no flag to the 
clinician. 

There is a more dangerous finding tucked inside the OpenAI work. Models do not 
just get things wrong. They get things wrong confidently, with low expressed 
uncertainty and no signal that the answer deserves a second look. In a 
protocol-based system, where uncertainty should trigger a double-check, a tool that 
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There is a deeper problem that is less obvious from a demo. When a physician writes an EMS 
protocol, it is written from top to bottom with intention. There is a progression. Assessment comes 
before intervention. Non-pharmacologic options come before drugs. Contraindications come before 
indications. First-line agents come before second-line. Doses come last, and only after the clinician 
has been walked through the decision that justifies them. The protocol is not a flat database of 
facts. It is a structured pathway, and the order is part of the clinical content.

A chatbot does not see that. When a 
medic types “pain dose for a five-year-
old,” the model treats the protocol as 
a searchable text corpus, finds the line 
that matches, and returns it. Every 
step that came before that line, the 
assessment, the contraindications, the 
alternative agents, the recognition that 
this child might not need ketamine at 
all, becomes invisible. The clinician gets 
the answer to the question they asked, 
not the answer to the clinical situation 
they are managing.

Ketamine is the cleanest example. In a 
typical EMS system, ketamine appears 
in the analgesia protocol, the agitation 
protocol, the induction protocol, and 
sometimes in the bronchospasm 
pathway. Different doses. Different 
routes. Different concentrations. 
Different indications. Different 
contraindications. Ask a chatbot “what 
is the ketamine dose” and there is no 
good answer. Either the model picks 
one, in which case it is wrong roughly 

as often as it is right, or it lists all of them and asks the clinician to choose, in which case the burden 
of decision sits exactly where it should not.

projects confidence it has not earned is not a safety net. It is a liability. In a domain 
where a misplaced decimal kills a child, "usually right" is not a category that exists. 

None of this is to say all AI implementations in EMS are equivalent. 
Applications that surface medical-director-approved protocols through 
structured retrieval, with the source document directly referenced and the 
signed content the clinician sees, are doing something different from a 
chatbot that generates new sentences. The argument here is specifically 
about the conversational chatbot interface and the generative paraphrase 
that interface produces. 

There is a deeper problem that is less obvious from a demo. When a physician writes 
an EMS protocol, it is written from top to bottom with intention. There is a 
progression. Assessment comes before intervention. Non-pharmacologic options 
come before drugs. Contraindications come before indications. First-line agents 
come before second-line. Doses come last, and only after the clinician has been 
walked through the decision that justifies them. The protocol is not a flat database of 
facts. It is a structured pathway, and the order is part of the clinical content. 

 

A chatbot does not see that. When a medic types "pain dose for a five-year-old," the 
model treats the protocol as a searchable text corpus, finds the line that matches, 
and returns it. Every step that came before that line, the assessment, the 





HOW NEW TOOLS EARN THEIR PLACE 

All of which leads me to the part that bothers me most as a clinician and a scientist. 
The way we introduce new interventions into the house of medicine is well 
established. We define the outcome that matters. We run the trial. We look at the 
results. We let the data tell us whether the intervention helps, harms, or makes no 
difference. Then we decide. That discipline is not optional, and it does not change 
because the new intervention is software. 

 

We have a clean recent example of what this looks like when it is done right. The 
Copenhagen Emergency Medical Services group ran a double-masked randomized 
trial of a machine learning model designed to help dispatchers recognize 
out-of-hospital cardiac arrest during 911 calls (Blomberg et al., JAMA Network Open, 
2021). The trial enrolled more than 169,000 calls, including over a thousand confirmed 
cardiac arrests. The model worked. On the algorithmic metric, it outperformed the 
human dispatchers, with sensitivity of 85 percent compared to 77.5 percent. By the 
standard a vendor demo would use, that is a win. 
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