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Introduction

Isabella Garcia , Diego Herrera1* 1

This article proposes a conceptual framework for a diagnostic support system in emergency departments that
leverages large language models, retrieval-augmented generation, and chain-of-thought reasoning. By combining
triage notes and vital signs, the system generates a ranked differential diagnosis list to assist clinicians without
replacing their judgment. The framework includes components like a triage note encoder, a vital sign encoder, a
retrieval module, and a diagnosis ranker, using evidence from clinical guidelines, curated references, and de-identified
prior cases. The approach grounds the model in authoritative knowledge while ensuring transparency and
explainability in the diagnostic process. However, prospective validation, integration into workflows, and clinician
oversight are crucial before implementation to ensure safety and effectiveness.

1

Emergency department diagnosis begins under conditions
of uncertainty, incomplete history, crowding, and time
pressure, yet the earliest data elements may already
contain clinically meaningful signals. Triage notes
summarize chief complaint, symptom duration, mechanism,
and contextual risk factors, while vital signs provide
structured physiologic evidence of instability or occult
deterioration. Recent work on large language model
assessment in emergency settings has shown that acuity
classification, admission prediction, discharge
documentation, and patient-facing emergency care
questions are increasingly tractable computational tasks,
although none remove the need for clinical interpretation [1-
5]. A framework for differential diagnosis generation from

triage notes and vital signs therefore addresses a practical
point in the emergency workflow where rapid hypothesis
formation can shape early testing, prioritization, and
escalation.

Large language models have demonstrated broad clinical
reasoning capability across medical examinations,
diagnostic vignettes, and complex clinical cases,
suggesting that they can synthesize heterogeneous clinical
information into plausible diagnostic hypotheses. Med-
PaLM and related systems show that model scale and
instruction tuning can encode clinically relevant knowledge,
while GPT-4 evaluations suggest performance on difficult
diagnostic challenges and medical records with delayed
diagnoses [6-9]. However, the same generative capacity
that enables flexible reasoning also creates risk when
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models produce unsupported explanations, omit dangerous
diagnoses, or express unwarranted certainty. Reviews of
large language models in medicine emphasize that clinical
usefulness depends not only on accuracy but also on
safety, evaluation, transparency, and governance [10].

Retrieval-augmented generation offers one route to reduce
unsupported generation by connecting model outputs to
external clinical knowledge at inference time. In healthcare,
retrieval can incorporate hospital protocols, clinical
guidelines, de-identified prior cases, drug databases, and
specialty references, thereby narrowing the model’s
evidence base to sources relevant to the current patient
context [11-14]. Chain-of-thought prompting complements
retrieval by encouraging explicit intermediate reasoning
rather than a direct answer, which may improve diagnostic
transparency and enable clinicians to inspect the logic
behind a ranked differential [15-17]. The proposed
framework combines these two mechanisms so that the
model reasons from both patient-specific inputs and
retrieved clinical evidence.

This article presents a conceptual architecture for large
language model-based differential diagnosis generation
using emergency department triage notes and vital signs as
the primary inputs. It does not report experiments,
performance claims, or fabricated validation results;
instead, it defines system components, design principles,
safety constraints, and evaluation pathways informed by
recent peer-reviewed work on LLMs, RAG, CoT,
emergency medicine, and diagnostic support. The
manuscript first reviews ED triage, differential diagnosis,
clinical LLM reasoning, and RAG-CoT methods, then
describes an architecture for retrieval-grounded reasoning
and structured diagnosis ranking [18-21]. The central thesis
is that an ED-facing LLM should not operate as an
unconstrained chatbot, but as a bounded, evidence-linked,
clinician-supervised reasoning system.

ED triage process
Emergency department triage is designed to rapidly stratify
urgency using presenting complaint, brief history, observed
distress, comorbid risk, and vital signs such as heart rate,
blood pressure, respiratory rate, oxygen saturation, and
temperature. Triage scales such as the Emergency
Severity Index and other acuity systems impose structure
on early assessment, but real-world triage still depends on

concise narrative notes and contextual interpretation.
Comparative evaluations of LLMs in emergency triage
show growing interest in whether models can approximate
acuity judgments, although specialist performance and
institutional workflow remain important reference points [2,
21, 22]. For differential diagnosis generation, triage data
should therefore be treated as an early, incomplete, and
high-value snapshot rather than a full clinical encounter.

Differential diagnosis generation
Differential diagnosis generation is an iterative cognitive
process in which clinicians collect early data, generate
candidate hypotheses, weigh supporting and refuting
evidence, and revise the list as new information arrives.
Diagnostic errors can occur when clinicians anchor on an
initial impression, close the search too early, underweight
abnormal vital signs, or fail to consider rare but dangerous
conditions. Studies of LLM diagnostic performance in
complex cases, pediatric case studies, and difficult clinical
scenarios suggest that models may broaden hypothesis
generation, but they also require careful oversight when
moving from vignette-based reasoning to active clinical
decision support [7, 8, 23, 24]. In the emergency
department, a useful LLM system should help surface
plausible and “do-not-miss” diagnoses without displacing
clinician accountability.

LLMs for clinical reasoning
Large language models such as GPT-4, Med-PaLM, and
other instruction-tuned medical models have shown
capacity for medical question answering, diagnostic
reasoning, and synthesis of clinical narratives. Singhal et
al. demonstrated that large language models can encode
clinical knowledge, while subsequent clinical evaluations
examined their behavior on diagnostic challenges, delayed
diagnosis records, and physician-facing reasoning tasks [6,
9, 19]. Emergency medicine applications have also begun
to test LLMs for triage assessment, admission prediction,
discharge documentation, and response quality for patient
questions [1, 3, 5, 25]. Nevertheless, most published
results remain task-specific, and real-time ED diagnosis
requires additional safeguards for latency, incomplete
inputs, hallucination, and institutional accountability.

RAG and CoT
Retrieval-augmented generation refers to the process of
retrieving relevant external documents before response
generation, allowing the model to condition its answer on
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specific passages rather than relying only on parametric
memory. In clinical settings, this can include hospital
guidelines, validated medical references, de-identified
clinicopathologic cases, pharmacology databases, and
local protocols that reflect institutional practice [11-13, 26].
Chain-of-thought prompting asks the model to expose or
structure intermediate reasoning steps, and medical studies
have examined its potential to improve reasoning quality in
question answering, nephrology, laboratory medicine, and
radiology interpretation [15-17, 27]. Combining RAG and
CoT is therefore conceptually attractive because retrieval
supplies evidence while structured reasoning organizes
how that evidence is applied.

High-level architecture
The proposed architecture begins with two primary inputs
available at the earliest stage of emergency care: the free-
text triage note and structured vital signs recorded at
presentation. A triage note encoder converts chief
complaint, symptom descriptors, temporal patterns,
comorbid risk factors, medication cues, mechanism of
injury, and contextual details into a semantic representation
that preserves clinically meaningful relationships. In
parallel, a vital sign encoder transforms heart rate, blood
pressure, respiratory rate, oxygen saturation, temperature,
pain score, and mental-status indicators into clinically
interpretable abnormality features, allowing physiologic
instability to shape retrieval and reasoning rather than
appearing as isolated numeric values. These combined
representations form the query for a retrieval system that
identifies relevant guidelines, similar de-identified cases,
and clinical reference passages before the LLM performs
structured reasoning and produces a ranked differential
diagnosis list [11, 14, 18]. The final output should include
candidate diagnoses, supporting and opposing evidence,
urgency flags, missing information, and source attribution
rather than a single unsupported answer, thereby
positioning the system as a reasoning aid for clinicians
rather than an autonomous diagnostic agent.

Figure 1 presents the proposed retrieval-grounded and
reasoning-aware architecture for transforming emergency
department triage notes and vital signs into clinician-
supervised ranked differential diagnosis support.

Figure 1. Retrieval-Grounded and Reasoning-Aware LLM
Architecture for Emergency Department Differential

Diagnosis Generation

Core assumptions
This framework assumes that the hospital has digitized
triage documentation, structured vital signs, and access to
a curated clinical knowledge base compatible with privacy,
security, and institutional governance requirements. It also
assumes that the system is used at the point of care, where
inference time must be short enough to fit the emergency
department workflow and where retrieved passages must
be concise enough for rapid clinician review. Because ED
triage data are inherently incomplete, the model must be
designed to operate under uncertainty, distinguish absent
information from negative findings, and avoid overstating
diagnostic confidence when history, examination, laboratory
data, or imaging are not yet available. Prior emergency
department LLM studies on triage, admission prediction,
and documentation suggest that early clinical text can
support computational decision-support tasks, but they also
show that performance should be assessed in relation to
local practice, patient population, documentation style, and
prospective clinician use [1-4]. The system is therefore
designed as an assistive layer that augments early
hypothesis generation, prioritization, and safety checking
rather than functioning as an autonomous diagnostic
authority.

Design principles
The first design principle is explainability: the model should
make clear which triage details, vital sign abnormalities,
retrieved passages, and reasoning steps influenced each
candidate diagnosis. The second is provenance: retrieved
evidence should be linked to source documents so that
clinicians can distinguish guideline-grounded reasoning
from model inference, local policy from general medical
knowledge, and current recommendations from potentially
outdated material. The third is safety: emergent diagnoses
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must be flagged even when unlikely, uncertainty must be
visible, and high-stakes recommendations must require
clinician sign-off before being acted upon [5, 10, 19]. A
fourth principle is workflow compatibility, because an ED-
facing system must produce concise, scannable, and
actionable output without increasing documentation burden
or distracting clinicians during time-sensitive care. Together,
these principles align with the broader movement from
general-purpose medical chatbots toward bounded clinical
systems with auditable inputs, outputs, retrieval traces, and
reasoning pathways.

Table 1 clarifies how each component of the proposed
framework contributes to diagnostic support while
addressing a distinct safety, interpretability, or workflow
failure mode.

Table 1. Design Logic of the Proposed ED Differential
Diagnosis Framework

Framework
layer

Design
function

Clinical
rationale

Failure m
addres

Triage note
encoder

Converts brief
narrative

documentation
into clinically
meaningful
symptom,

timing,
context, and
risk features

ED
reasoning

often begins
from

incomplete
narrative

information
before

diagnostic
testing is
available

Loss of con
clues; o
reliance

isolated ke

Vital sign
encoder

Converts
physiologic

measurements
into acuity and

abnormality
features

Vital signs
may reveal
instability,

occult
deterioration,

or “do-not-
miss”

patterns

Treating ab
physiolog

secondary
genera

Joint patient
representation

Combines
narrative and

structured
physiologic
evidence

Differential
diagnosis
requires

integration of
symptoms

with

Fragme
reason

between te
numeric 

physiologic
state

Retrieval
module

Retrieves
relevant

institutional,
clinical, and
case-based

evidence

RAG
reduces

reliance on
parametric

memory and
supports
source-

grounded
reasoning

Hallucinate
outdat

recommend
unsuppo

diagnostic 

Structured
reasoning

module

Organizes
evidence into

support,
opposition,
uncertainty,
and missing
information

Clinicians
need

inspectable
reasoning
rather than

opaque
diagnostic

lists

Fluent 
clinically u

explana

Diagnosis
ranker

Produces a
prioritized
differential

diagnosis list

ED decision-
making

requires both
likely

diagnoses
and urgent
exclusions

Premat
closure; om

of rare 
danger
diagno

Verification
layer

Checks output
against
retrieval

evidence,
internal

consistency,
and safety
constraints

High-stakes
clinical

output must
be reviewed

before
display

Unsuppo
diagnos

contradic
unsafe om

Clinician
interface

Presents
ranked output,
evidence links,

uncertainty,
and override

options

The system
must

augment
rather than

replace
emergency

clinician
judgment

Automatio
uncle

accounta

Knowledge base construction
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The RAG component requires a curated knowledge base
that reflects both general medical evidence and local
emergency department practice. Candidate sources include
institutional protocols, specialty consultation pathways,
drug interaction databases, de-identified prior ED cases,
radiology and laboratory decision aids, validated clinical
references, and symptom-specific emergency pathways,
with each document labeled by topic, date, source
authority, patient population, and intended use. The
knowledge base should be organized so that high-acuity
and symptom-oriented content is readily retrievable,
because ED differential diagnosis often begins from
presentations such as chest pain, shortness of breath,
altered mental status, fever, syncope, abdominal pain,
trauma, or neurologic deficit rather than from confirmed
disease categories. Healthcare RAG studies and reviews
emphasize that retrieval quality depends on corpus
curation, chunking strategy, indexing method, metadata
design, update frequency, and governance over what
content is allowed to ground clinical recommendations [12-
14, 26]. For ED differential diagnosis, the knowledge base
should therefore prioritize time-sensitive, high-acuity, locally
relevant, and clinically validated materials rather than broad
textbook content alone.

Retrieval strategy
At inference time, the system should encode the triage note
and vital signs as a joint query, retrieve the top relevant
passages, and rerank them according to symptom match,
physiologic abnormality, acuity, patient age, comorbidity
context, and temporal validity. The retrieval query should
preserve both semantic and structured information, so that
terms such as “chest pressure,” “sudden onset,”
“hypotension,” “tachycardia,” “fever,” or “low oxygen
saturation” influence which guidelines and prior cases are
surfaced. For example, a patient with chest pain,
hypotension, tachycardia, and hypoxemia should retrieve
not only common causes such as acute coronary syndrome
and pulmonary embolism, but also “do-not-miss” entities
such as aortic dissection, tension pneumothorax, sepsis,
and massive hemorrhage when clinically plausible. Prior
RAG work in clinical decision support shows that retrieval
can improve the factual grounding of LLM outputs, but it
also introduces risks if retrieved passages are outdated,
poorly matched, incomplete, or over-weighted by the
generator [11, 12, 14]. The framework therefore treats
retrieval as evidence selection rather than automatic truth,
requiring the model to use retrieved material critically and

to expose uncertainty when the retrieved evidence is weak
or conflicting.

Prompt engineering
The prompt should define the LLM’s role as an emergency
department diagnostic support assistant that generates
differential diagnoses from incomplete early information.
The user message should include the triage note, vital
signs, patient age and sex when available, and the
retrieved passages, followed by explicit instructions to
reason systematically across organ systems, acuity,
supporting evidence, refuting evidence, and immediate
danger. The prompt should also instruct the model to
identify missing information, distinguish abnormal vital
signs from normal or borderline values, and avoid
assuming that unmentioned findings are absent. Studies of
chain-of-thought reasoning in medical question answering,
nephrology, laboratory medicine, and radiology suggest
that structured reasoning can improve interpretability and
may support more complete diagnostic analysis, although it
can still produce plausible but incorrect logic [15-17, 27].
The prompt should therefore ask for concise, clinically
checkable reasoning rather than unrestricted narrative
speculation, while making clear that the output is
provisional and requires clinician review.

Structured output
The model output should follow a stable structure that
begins by identifying likely organ systems, then lists
candidate conditions, interprets vital sign abnormalities,
highlights emergent exclusions, and produces a ranked
differential diagnosis. Each diagnosis should include
supporting evidence from the triage note, relevant vital sign
patterns, retrieved source support, opposing evidence,
missing information, urgency level, and a confidence
category that remains explicitly provisional. The ranked list
should distinguish high-probability diagnoses from high-risk
diagnoses, because an immediately dangerous condition
may require urgent evaluation even when it is not the most
statistically likely explanation for the presentation.
Diagnostic LLM studies using radiology quizzes, complex
clinical cases, and familial inflammatory disorders show
that model reasoning can be useful when organized around
evidence, but the output must remain reviewable and
contestable by clinicians [28-30]. A structured format also
enables downstream evaluation of whether reasoning steps
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Differential Diagnosis
Generation

Interpretation and
Explanation

Safety and Hallucination
Mitigation

are logical, clinically plausible, aligned with retrieved
evidence, and responsive to the constraints of emergency
department decision-making.

Ranked list format
The differential diagnosis output should present the top five
to ten diagnoses in ranked order, with each entry justified
by patient-specific findings and retrieved clinical evidence.
For each diagnosis, the model should state why the triage
note and vital signs support consideration of that condition,
what information weakens it, and what immediate tests or
bedside assessments would usually clarify the probability.
Emergency-facing LLM studies show that models can
assist with acuity estimation, admission prediction, and
diagnostic generation, but the ranked list must explicitly
preserve “do-not-miss” conditions even when their
estimated likelihood is lower [1, 3, 20]. A chest pain case,
for instance, should not only rank common causes but also
flag aortic dissection, pulmonary embolism, tension
pneumothorax, sepsis, and acute coronary syndrome when
the clinical pattern warrants urgent exclusion.

Confidence calibration
Confidence should be represented as provisional clinical
uncertainty rather than as a definitive probability of disease.
A practical system could combine verbal confidence
categories, retrieval agreement, consistency across
repeated reasoning passes, and model-estimated
uncertainty to distinguish high-support diagnoses from
speculative alternatives. Randomized and comparative
evaluations of LLM diagnostic reasoning suggest that
model influence can affect clinician reasoning, making
calibration and uncertainty communication essential for
safe use [19, 31, 32]. The framework therefore treats
confidence as an aid to prioritization, not as a replacement
for physician judgment, examination, laboratory testing,
imaging, or reassessment.

Explanation user interface

The user interface should show each diagnosis with linked
retrieved evidence, concise reasoning steps, abnormal vital
sign interpretation, and missing information that would
change the ranking. Instead of exposing a long free-form
rationale, the interface should separate evidence into
clinically meaningful fields such as “supports,” “argues
against,” “urgent exclusions,” and “next information
needed.” Prior work on LLMs for emergency handoff notes,
discharge documentation, and patient-facing emergency
questions shows that clarity, brevity, and clinical relevance
are central to safe communication in ED workflows [4, 5,
25]. Explanation should therefore be designed for rapid
review by clinicians who are managing multiple patients
simultaneously.

Clinician override
Clinician override should be a first-class system function
rather than an afterthought. The clinician should be able to
mark a diagnosis as irrelevant, add a missing diagnosis,
flag incorrect reasoning, identify unsafe retrieval, or indicate
that a vital sign abnormality was artifactually measured.
Feedback could later guide retrieval weighting, prompt
revision, local governance review, or supervised model
improvement, but it should not automatically update the
system without validation. Because LLM studies in
diagnosis show both promising synthesis and meaningful
risk of misleading outputs, clinician correction must remain
visible, auditable, and institutionally governed [7, 10, 23,
24].

Hard guardrails
Hard guardrails should prevent the system from producing
overconfident diagnostic recommendations when critical
information is absent, contradictory, or physiologically
unstable. If vital signs indicate shock, hypoxemia, altered
mental status, or other high-risk patterns, the model should
prioritize immediate escalation language and “do-not-miss”
diagnoses rather than low-acuity explanations. Reviews
and clinical studies of medical LLMs repeatedly emphasize
that safety depends on transparency, bounded use,
uncertainty messaging, and prevention of unsupported
claims [6, 10, 13, 14]. The system should therefore refuse
unsupported specificity, label missing data clearly, and
avoid suggesting that the ranked list is exhaustive.
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Post-hoc verification
Post-hoc verification should compare the generated
differential against retrieved passages, medication facts,
symptom definitions, vital sign thresholds, and internal
consistency checks before display. This verification layer
can flag unsupported diagnoses, conflated diseases,
irrelevant retrieved passages, contradictory reasoning, or
unsafe omissions of emergent conditions. RAG and CoT
studies suggest that retrieval and reasoning can improve
clinical usefulness, but neither mechanism guarantees
truthfulness when the source evidence is mismatched or
the reasoning chain is superficially plausible [11, 12, 15,
16]. For high-stakes recommendations, the output should
be treated as a draft clinical reasoning artifact requiring
physician review and sign-off.

Diagnostic accuracy
Diagnostic accuracy should be evaluated by comparing the
model’s top-one, top-three, and top-five differential
diagnoses against clinician-generated differentials, final ED
diagnoses, hospital discharge diagnoses, or adjudicated
expert panels. Metrics should include top-k accuracy,
precision, recall for critical diagnoses, and performance
stratified by chief complaint, acuity, age group, and
abnormal vital sign pattern. Prior diagnostic studies
involving GPT-4, medical case challenges, radiology
quizzes, and complex clinical records demonstrate the
feasibility of benchmarking diagnostic reasoning, but ED
deployment requires evaluation on early, incomplete triage-
stage information rather than polished case vignettes [8, 9,
18, 28, 29]. The most important accuracy target is not
merely naming the final diagnosis, but safely prioritizing
dangerous possibilities early enough to influence care.

Table 2 defines the evaluation domains needed to move
the proposed system from conceptual architecture toward
safe emergency department simulation and prospective
validation.

Table 2. Evaluation Matrix for Safe Deployment of
Retrieval-Grounded LLM Differential Diagnosis Support

Evaluation
domain

Core
question

Suggested
assessment

approach

Minimum
reporting

requireme

Diagnostic
prioritization

Does the
system place
plausible and

dangerous
diagnoses

appropriately
in the ranked

list?

Top-1, top-3,
and top-5

comparison
against
clinician

differential,
final ED

diagnosis,
discharge

diagnosis, or
expert

adjudication

Performanc
by chief

complaint
acuity grou
age group

and
abnorma
vital sign
pattern

Critical
diagnosis

recall

Does the
system

preserve “do-
not-miss”
conditions
even when
likelihood is
uncertain?

Condition-
specific recall

for sepsis,
acute

coronary
syndrome,
pulmonary
embolism,

stroke, aortic
dissection,
shock, and
hypoxemia-

related
emergencies

Separate
reporting fo

high-risk
diagnoses
rather tha
aggregate
accuracy

alone

Retrieval
relevance

Are retrieved
passages
clinically
relevant,

current, and
source-

appropriate?

Blinded
clinician rating

of retrieved
evidence

match, source
authority,
temporal

validity, and
local

applicability

Retrieval
precision
outdated-

source
frequency

and
irrelevant

source
frequency

Reasoning
quality

Is the
diagnostic

logic clinically
valid and

aligned with
available

evidence?

Emergency
physician
scoring of
support,

opposition,
missing

information,
uncertainty,

and vital sign
interpretation

Independe
reasoning

quality sco
separate

from
diagnosis
accuracy
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Hallucination
control

Are generated
claims

supported by
retrieved

sources and
patient inputs?

Post-hoc
source

attribution
audit and

unsupported-
claim

detection

Rate of
unsupporte
diagnosis

unsupporte
rationale,

and
unsupporte
manageme
suggestio

Calibration
and

uncertainty

Does the
system

communicate
provisional
confidence

appropriately?

Agreement
between

confidence
category,
retrieval
support,

repeated-pass
consistency,
and clinician

judgment

Calibratio
plots or

category-
level erro

rates wher
feasible

Workflow
usability

Can clinicians
review the

output quickly
during ED

work?

Simulation-
based

usability
testing, time-

to-review,
cognitive load

rating, and
clinician
override

frequency

Median
latency,

review tim
override rat

and
perceived
usefulnes

Prospective
safety

Does the
system remain

safe under
real triage

conditions?

Silent-mode
prospective
simulation

before active
deployment

Error
taxonomy
near-miss
analysis,
subgroup

performanc
and

escalation
failures

Bias and
subgroup

robustness

Does
performance
differ across

documentation
styles,

language
groups, age
groups, sex,

acuity, or

Stratified
evaluation

across
demographic,
clinical, and

documentation
subgroups

Subgroup
specific

diagnostic
and

reasoning
metrics

comorbidity
profiles?

Governance
and

auditability

Can outputs,
sources,

overrides, and
failures be
reviewed

institutionally?

Audit log
review,

governance
committee
evaluation,
and safety

incident
tracking

Traceable
record of
inputs,

retrieved
sources,
output,
clinician

response
and overrid

Reasoning quality
Reasoning quality should be assessed independently from
final diagnosis accuracy because a correct diagnosis can
be reached through incomplete, biased, or clinically unsafe
logic. Blinded emergency physicians could rate model
reasoning for logical completeness, relevance to the triage
note, appropriate use of vital signs, evidence alignment,
recognition of uncertainty, and inclusion of urgent
exclusions. Chain-of-thought studies in medicine indicate
that structured reasoning may support interpretability, but
they also show the need to evaluate whether intermediate
steps are clinically valid rather than merely fluent [15, 17,
27]. A rigorous evaluation should therefore score both the
ranked differential and the reasoning pathway that
produced it.

Real-time simulation
Real-time simulation should replay historical emergency
department triage notes and vital signs in chronological
order, withholding later labs, imaging, and clinician notes
until after the model produces its initial differential. This
design approximates the information constraints of triage
and allows comparison between model output,
retrospective outcomes, clinician differentials, admission
decisions, and subsequent diagnostic revisions.
Emergency LLM studies on triage, admission prediction,
and documentation provide useful precedents for task-
specific evaluation, but a differential diagnosis system
should also measure latency, failure modes, retrieval
relevance, and clinician usability under simulated ED time
pressure [1-4, 21, 22]. The evaluation endpoint should be
safe prioritization and decision support, not autonomous
diagnosis.
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system could be integrated into routine emergency care.

A large language model system for emergency department
differential diagnosis should be designed around the
realities of triage: limited time, incomplete data, physiologic
uncertainty, and the need to identify dangerous conditions
early. By combining triage notes, vital signs, retrieval-
augmented generation, and structured reasoning, the
proposed framework offers a pathway for generating

ranked diagnostic hypotheses that remain clinically
reviewable.

The key advantage of this approach is that it treats the LLM
as a bounded reasoning component rather than an
unconstrained diagnostic oracle. Retrieval provides
grounding in curated clinical sources, chain-of-thought
structure makes reasoning easier to inspect, and ranked
output supports prioritization rather than premature closure.
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interface design, clinician override, and continuous
monitoring for unsafe reasoning, biased outputs, and over-
reliance.
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and real-time decision-support layer that helps clinicians
reason under pressure.
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