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Abstract

Emergency departments (ED) rely on the Emer-
gency Severity Index (ESI) to assess patient
acuity and prioritize care, a process that is
largely driven by clinical triage text. Despite re-
cent progress in automated ESI prediction, two
fundamental challenges remain: the scarcity of
high-quality triage text data due to privacy and
regulatory constraints and the lack of a clin-
ically grounded triage framework capable of
explicitly capturing the multidimensional struc-
ture of triage reasoning. To address these chal-
lenges, we draw inspiration from the clinically
grounded SOAP paradigm, in which SOAP
refers to Subjective, Objective, Assessment,
and Plan and captures four complementary as-
pects of clinical reasoning. Building on this
paradigm, we propose SOAPTriage, a SOAP-
guided multi-view clinical text modeling frame-
work for automated ESI prediction. To miti-
gate data scarcity, SOAPTriage introduces a
Clinical Note Augmentation (CNA) module
that generates natural-language triage notes
from structured ED records, resulting in 15,393
augmented clinical notes derived from a real-
world dataset. To incorporate clinical struc-
ture, SOAPTriage employs a SOAP-Guided
Encoding (SGE) module that models patient
conditions from four complementary SOAP
perspectives, together with an adaptive SOAP-
Aware Aggregation and Inference (SAAI) mod-
ule that performs multi-view reasoning to infer
ESI levels. Extensive experiments show that
SOAPTriage consistently outperforms strong
prompting-based, multi-agent, and encoder-
based baselines, demonstrating the effective-
ness of SOAP-guided multi-view clinical text
modeling for automated emergency triage.'
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!Our code and datasets can be found at https: //github.

com/xiaoyaoiii/SOAPTriage.
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Figure 1: Overview of SOAPTriage. The framework
tackles triage data scarcity by generating clinical notes
from structured records and real-world notes. It also
addresses the lack of a clinically grounded triage frame-
work by incorporating SOAP-guided reasoning, extract-
ing multi-view representations, and aggregating them to
infer reliable ESI predictions.

LLM-Generated
Clinical Notes

1 Introduction

The Emergency Severity Index (ESI) is a crucial
clinical triage indicator that is widely adopted in
emergency departments (ED) (Scherer et al., 2017;
Williams et al., 2024a). It provides a standardized
and structured framework to assess the urgency and
severity of patients’ conditions, ranging from criti-
cal (level 1) to non-urgent cases (level 5), enabling
clinicians to prioritize treatment and allocate med-
ical resources effectively (Lu et al., 2024). Accu-
rate ESI assignment is therefore essential to ensure
timely care delivery, efficient resource utilization,
and patient safety.
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Despite its importance, ESI assignment still re-
lies heavily on manual expert judgment through the
review of clinical notes, making the process time-
consuming and labor-intensive. As patient volumes
continue to rise, this manual assignment inevitably
leads to clinician fatigue and reduced consistency
in triage decisions, which in turn can cause re-
source misallocation, delays in critical care, and de-
creased patient satisfaction (Da’Costa et al., 2025).
These challenges are particularly pronounced dur-
ing peak ED hours, underscoring the urgent need
for accurate and reliable automated ESI prediction
systems to support ED triage (Shen et al., 2025; Lu
et al., 2025).

A growing body of research has explored au-
tomated ESI prediction using machine learning
and, more recently, large language models (LLMs).
While machine learning-based methods can assist
in clinical triage, they typically rely on structured
inputs and manually engineered features, which
limits their scalability and robustness in dynamic
and complex real-world clinical settings (Joseph
et al., 2020; Yao et al., 2021; Sanchez-Salmerén
et al., 2022). More recent LLM-based methods
have demonstrated strong potential for clinical rea-
soning. Their applications to triage include directly
inferring triage levels from free-text complaints and
clinical histories (Law et al., 2024; Levine et al.,
2024; Shen et al., 2025), as well as multi-agent
frameworks that decompose the triage process into
specialized sub-tasks (Lu et al., 2024). Despite
these advances of LLM-based approaches, build-
ing accurate and reliable automated ESI prediction
systems for real-world ED environments remains a
significant challenge.

We identify two major gaps that hinder the prac-
tical development of LLM-based ESI prediction
systems. Gap 1: Severe scarcity of high-quality
triage data. Due to privacy protections and reg-
ulatory constraints, real clinical triage notes are
difficult to release publicly. As a result, most ex-
isting studies rely on relatively small or quality-
inconsistent datasets, which fail to capture the di-
versity and complexity of real-world triage scenar-
ios. Gap 2: Lack of a clinically grounded triage
framework. Many existing approaches focus pri-
marily on model architectures, prompt engineering,
or local feature modeling, while neglecting to ex-
plicitly integrate systematic clinical triage theories
into the inference process. Consequently, these
models may not comprehensively account for pa-
tients’ multidimensional clinical information, lead-

ing to inaccurate ESI predictions.

To bridge these gaps, we propose SOAPTriage,
a SOAP-guided multi-view clinical text model-
ing framework for automated ESI prediction. To
address Gap 1, SOAPTriage introduces a Clini-
cal Note Augmentation (CNA) module that em-
ploys a template-based generation strategy to trans-
form routine structured emergency department
(ED) records into natural-language clinical triage
notes. Using CNA, we construct a large-scale
triage dataset by generating 15,393 clinical notes
from visits in the MIMIC-IV dataset (Johnson
et al., 2020), providing a solid data foundation
for automated triage research. To address Gap
2, SOAPTriage explicitly incorporates the clini-
cally grounded SOAP (Subjective, Objective, As-
sessment, Plan) triage paradigm (Crausman, 1998;
Jaroudi and Payne, 2019) as an inductive bias in
model inference. Specifically, we design a SOAP-
Guided Encoding (SGE) module that models pa-
tient conditions from four complementary clinical
perspectives and produces multi-view representa-
tions. These representations are further integrated
by an adaptive SOAP-Aware Aggregation and In-
ference (SAAI) module, which captures clinicians’
holistic reasoning across multiple clinical dimen-
sions to predict the final ESI level. Main contribu-
tions of this work are summarized below:

* We propose a novel Clinical Note Augmen-
tation (CNA) method that enables the con-
struction of a natural-language ED triage
dataset. Using CNA, we generate 15,393 clin-
ical triage notes with ESI labels from MIMIC-
IV, substantially alleviating data scarcity in
automated ESI prediction research.

* We introduce a SOAP-guided multi-view clin-
ical text modeling framework for automated
ESI prediction. Through the proposed SGE
and SAAI modules, SOAPTriage explicitly
incorporates clinically grounded SOAP the-
ory to model patient conditions from multi-
ple complementary perspectives and perform
adaptive multi-view reasoning.

* Extensive experiments demonstrate that
SOAPTriage consistently outperforms strong
prompting-based, multi-agent, and encoder-
based baselines, highlighting the effectiveness
of integrating clinically grounded SOAP pri-
ors into automated ESI prediction.
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2 Related Work

2.1 Data Augmentation

Data augmentation (DA) aims to alleviate data
scarcity by generating additional training samples
from existing data, thereby improving model gener-
alization (Rentschler et al., 2022; Dai et al., 2025;
Ma et al., 2025; Wang et al., 2026). Existing DA
methods for text can be broadly categorized into
transformation-based, prompt-driven generative,
and retrieval-based approaches.

Transformation-based augmentation creates new
training samples by applying small surface-level ed-
its to existing instances, such as synonym replace-
ment, insertion, deletion, or word reordering (Wei
and Zou, 2019; Guo et al., 2022). These meth-
ods are simple, but their conservative transforma-
tions limit semantic diversity and the extent of data
space expansion. Prompt-driven generative aug-
mentation generates additional training samples by
prompting large language models to synthesize new
instances conditioned on task descriptions or ex-
isting examples (Dai et al., 2025; Lee et al., 2024;
Zhang et al., 2025b). While this approach can in-
crease sample diversity, it is sensitive to prompt
design and may produce instances with inconsis-
tent quality. In contrast, retrieval-based augmen-
tation enriches model inputs by retrieving relevant
information from external corpora or knowledge
bases and incorporating it into the generation or
decision process, thereby improving factual consis-
tency (Yang et al., 2024; Zhan et al., 2025).

In this work, we focus on leveraging structured
ED records together with retrieved real-world clin-
ical documentation to guide LLMs in generating
natural-language clinical triage notes for data aug-
mentation.

2.2 Automated Triage

Automated triage aims to leverage artificial intelli-
gence and machine learning (ML) to support ESI
assessment by evaluating the urgency and sever-
ity of patients’ conditions (Friedman et al., 2024;
El Arab and Al Moosa, 2025). Existing research
can be broadly categorized into three directions:
traditional supervised ML triage approaches, lan-
guage model-based triage approaches, and multi-
agent triage approaches.

Traditional supervised ML triage approaches ap-
ply supervised learning models to structured clin-
ical variables, such as vital signs, to predict ESI
levels (Joseph et al., 2020; Yao et al., 2021; Kar-

lafti et al., 2023). These methods rely heavily on
annotated datasets and structured inputs, which
limits their flexibility and robustness in dynamic,
real-world emergency department environments.
Language model-based triage approaches lever-
age the clinical knowledge embedded in LLMs
through prompt-based inference or task-specific
pretraining and fine-tuning to perform diagnosis
and triage directly from natural-language clinical
descriptions (Williams et al., 2024b; Levine et al.,
2024; Zhang et al., 2025a; Xu et al., 2025; Wang
et al., 2025). Meanwhile, multi-agent triage ap-
proaches simulate collaborative decision-making
by decomposing the triage process into interacting
agents or components, often integrating retrieval-
augmented generation and hierarchical ESI predic-
tion (Lu et al., 2024). These methods highlight the
potential of LLMs for automated triage, but they
primarily focus on model architectures, prompt
engineering, or local feature modeling, while ne-
glecting to explicitly integrate systematic clinical
triage theories into the inference process.

Building on this gap, our work focuses on in-
corporating the clinically grounded SOAP triage
paradigm into the model inference process, en-
abling more reliable and clinically consistent ESI
prediction.

3 Methodology

As shown in Figure 2, SOAPTriage is a unified
framework for automated ESI prediction, consist-
ing of three main modules: Clinical Note Augmen-
tation (CNA), SOAP-Guided Encoding (SGE), and
SOAP-Aware Aggregation and Inference (SAAI).
First, given a structured ED record, the CNA mod-
ule converts structured clinical fields into natural-
language triage notes. It enables large-scale data
construction by transforming privacy-preserving
structured records into realistic clinical notes while
retaining clinically relevant information. Next, the
SGE module takes the augmented triage notes as
input and extracts multiple SOAP-aligned repre-
sentations. Specifically, it follows the clinically es-
tablished SOAP paradigm, guiding a frozen LLM
to encode each triage note from four complemen-
tary clinical perspectives: Subjective (S), Objective
(O), Assessment (A), and Plan (P), yielding SOAP-
guided mid-depth representations. These repre-
sentations are then passed to the SAAI module to
predict the final ESI level. Rather than treating
all SOAP components equally, SAAI learns adap-
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Figure 2: Architecture of SOAPTriage. The CNA module converts structured ED records into natural-language
triage notes to construct a high-quality dataset with 15,393 samples. The SGE module, guided by SOAP triage
theory, comprehensively assesses patients’ conditions and extracts mid-depth representations from four perspectives.
The SAAI module adaptively aggregates these SOAP-aware representations to infer the final ESI level.

tive importance weights over the SOAP represen-
tations and integrates them accordingly, reflecting
how clinicians emphasize different clinical signals
based on the triage context and perceived risk. We
next formalize the ESI prediction task and describe
each module of SOAPTriage in detail.

3.1 Task Definition

Given a natural-language triage note describing a
patient’s ED visit, the automated ESI prediction
task aims to assess the urgency and severity of the
patient’s conditions to predict an ESI level, which is
used to prioritize treatment and allocate resources.
Formally, let V = {v1, v2,- -+ ,un} denote a col-
lection of clinical notes, where each note v; is a
natural-language note corresponding to an ED visit,
integrating multiple clinical and contextual infor-
mation (e.g., chief complaint, vital signs, arrival
time, and visit context). The objective is to learn
a model that maps each note v; to a correspond-
ing triage ESI label y; € {1,--- ,5}, where lower
values indicate higher clinical urgency.

3.2 Clinical Note Augmentation Module

Due to privacy protections and regulatory con-
straints, high-quality triage notes expressed in free-

form natural language are extremely scarce. How-
ever, medical institutions maintain a large volume
of routinely collected structured ED records. To ad-
dress this data scarcity, we design a Clinical Note
Augmentation (CNA) module that converts struc-
tured ED records into natural-language triage notes.
As shown in Figure 2(a), CNA is composed of three
sequential components: Templating (natural lan-
guage filling), Retrieval (retrieving similar notes),
and Generation (generating clinical notes). Work-
ing together, these components transform struc-
tured ED records into clinical triage notes, thereby
establishing a robust data foundation for the ESI
prediction task.

Templating. ED triage records are primarily stored
as structured clinical fields, whereas real-world ED
documentation is typically expressed in free-form
natural language (Lin et al., 2024). To bridge this
representational gap, the Templating component
converts each structured MIMIC-IV (Johnson et al.,
2020) record into an initial textual representation
by filling a predefined template. This template
organizes clinically relevant attributes into a coher-
ent note form. Specifically, the structured fields
used for template construction include Age, Gen-
der, Ethnicity, Chief Complaint, Mode of Transport,
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Temperature, Heart Rate, Respiratory Rate, Oxy-
gen Saturation, Blood Pressure, Pain Score, Past
Medical History, and Allergies. These fields are
selected to provide a relatively comprehensive char-
acterization of the patient’s condition at emergency
department admission. Detailed templates are pro-
vided in Appendix A. While the resulting template-
generated text ¢; faithfully preserves the original
clinical content, it remains stylistically rigid and
lacks the fluency and expressiveness of human-
written ED notes.

Retrieval. To further enhance the diversity and
realism of generated triage notes, we incorpo-
rate real-world clinical documentation as stylis-
tic guidance. Following the dataset released by
TRIAGEAGENT (Lu et al., 2024), we construct a
Retrieval component that selects relevant exemplar
notes from a corpus of human-written clinical notes
provided in the same benchmark. Specifically, we
encode the template text and each corpus entry into
a shared embedding space using a pretrained text
encoder, and retrieve the top- K most similar notes
based on embedding similarity.

Generation. Inspired by SDTA (Shen et al., 2025),
the Generation component utilizes an LLM for
retrieval-augmented note refinement. It combines
exemplar notes with template-generated texts, al-
lowing the model to rewrite the template-generated
texts into more diverse and ideal ED notes. This
process maintains the original structured clinical
information while adapting to the writing style and
conventions of real-world ED notes. The refined
clinical triage notes m; are then passed as input to
the SOAP-Guided Encoding Module in the follow-
ing subsection.

3.3 SOAP-Guided Encoding Module

Although a series of automated triage studies have
been carried out, most of them primarily focus
on model architectures or prompt engineering, ne-
glecting the integration of clinical triage theory and
failing to comprehensively assess patients’ mul-
tidimensional clinical information. In real-world
emergency triage, clinicians assess patients by rea-
soning through multiple clinical aspects (Bazyar
et al., 2020). A widely adopted framework for this
purpose is the SOAP (Subjective, Objective, As-
sessment, Plan) paradigm, which supports system-
atic clinical judgment and directly informs ESI as-
signment (Crausman, 1998; Jacobs, 2009; Reznich
et al., 2010). Motivated by this observation, as
shown in Figure 2(b), the SOAP-Guided Encoding

(SGE) module is designed to explicitly incorpo-
rate the SOAP paradigm into the representation
learning of patients’ conditions, guiding LLMs to
assess patients from four complementary perspec-
tives and providing a more reliable basis for down-
stream triage inference. In addition, prior work
has shown that intermediate layers of LLMs often
encode richer semantic information that is more
transferable to downstream tasks, whereas later
layers tend to be more specialized to the pretrain-
ing objective and thus less general-purpose (Skean
et al., 2025; Men et al., 2025; Liu and Niehues,
2025). Therefore, the SGE module extracts mid-
depth representations from a frozen LLM, rather
than using final-layer outputs, to obtain more infor-
mative SOAP-specific embeddings.

Specifically, given an ED note produced by the
CNA module, the SGE module prompts a frozen
LLM to analyze the case from four complementary
SOAP perspectives. Subjective (S) captures patient-
reported information such as chief complaints and
symptoms. Objective (O) focuses on measurable
and observable clinical evidence, including vital
signs, examination findings, and relevant medical
history. Assessment (A) reflects the clinician’s in-
tegrated judgment of disease severity based on the
available information. Plan (P) represents the an-
ticipated actions and resource allocations, which
play a central role in ESI determination. To ana-
lyze the ED triage note with SOAP guidance, the
SGE module constructs a dialog-style prompt for
each SOAP perspective. Each prompt consists of
a system prompt that defines the triage task and
the target SOAP perspective, followed by a user
prompt containing the ED note and an instruction
to analyze it from that perspective. Each prompt
is processed independently by a frozen LLM. Let
C ={S,0, A, P} denote the set of SOAP perspec-
tives, and let ¢ € C denote a specific perspective.
Given the perspective-specific prompt 7., we ex-
tract the token-level hidden states of the ¢-th triage

note from the [-th layer of the LLM, denoted by
HY.

i,c*

H) = LLM; (re,m;) , (1)

where LLM;(-) denotes the computation of the
LLM up to the [-th layer, m; refers to the ¢-th triage
note generated by the CNA module. Full prompts
are provided in Appendix G. From the model, we
select a group of intermediate layers and aggregate
their hidden states using a layer-mixing strategy to
produce a fixed-length embedding, which is then
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MIMIC-1V Reference Diff
Dimension Expert 1 Expert2 Expert3 Avg Expertl Expert2 Expert3 Avg AAvgwn
Clinical Consistency 92.19 90.94 94.69  92.60  90.00 90.00 96.00  92.00 +0.60
Factual Correctness 90.63 95.62 94.69  93.65 96.00 94.00 97.00 95.67 -2.02
Narrative Naturalness 91.25 96.88 93.12 9375  88.00 92.00 98.00 92.67 +1.08
Information Completeness ~ 90.63 95.00 94.06 9323  92.00 95.00 94.00 93.67 -0.44
Readability & Clarity 91.25 93.12 94.69 93.02 91.00 90.00 98.00  93.00 +0.02
Overall 91.19 94.31 9425 9325 91.40 89.40 96.60 9247 +0.78

Table 1: Human expert evaluation of constructed triage notes from MIMIC-IV, compared with real-world ED
clinical notes (Reference), across five quality dimensions. Scores are linearly rescaled from a 1-5 Likert scale to a

0-100 range.

normalized. For each clinical note m; and SOAP
perspective ¢, we denote the resulting normalized
embedding as f; . € R?, and feed it into down-
stream modules for ESI prediction.

3.4 SOAP-Aware Aggregation and Inference
Module

In real-world emergency triage, clinicians often
assign different importance to clinical signals
based on the triage context, including information
availability, symptom presentation, and perceived
risk (Hall, 2011; Sanabria et al., 2020). In addition,
clinicians often make a coarse risk assessment to
prioritize rapid identification of critical cases be-
fore refining fine-grained ESI levels (Hinson et al.,
2019). Motivated by these observations, as shown
in Figure 2(c), the SAAI module is designed to first
adaptively aggregate SOAP-aware representations
with different weights, and then implement a two-
stage hierarchical inference strategy to predict the
final ESI level.

Specifically, given the four SOAP-guided repre-
sentations from the SGE module, the SAAI module
employs a gating network to estimate an impor-
tance weight for each component. We concatenate
the four embeddings f; . to form x; € R4 based
on which the gating network produces perspective-
wise importance weights:

w; = softmax(MLP(x;)), ()

where MLP(+) is a two-layer fully connected net-
work with a ReLU activation and w; € R* denotes
the resulting perspective-wise weight vector. These
weights are then used to aggregate the SOAP em-
beddings into a unified representation z;:

Z; = Z Wi e B e, 3)

ceC

where w; . is the weight for perspective ¢, i.e., the
c-th element of w;. Based on the aggregated repre-
sentation z;, the SAAI module performs ESI predic-
tion via a hierarchical inference strategy. The SAAI
module first performs a coarse risk assessment that
distinguishes potentially high-acuity cases from
lower-acuity ones. This coarse assessment is imple-
mented as a lightweight binary classifier and is used
solely to guide subsequent inference. Conditioned
on the coarse risk outcome, the SAAI module then
applies a corresponding ordinal prediction head to
determine the final ESI level within the predicted
risk group. The high-risk and low-risk heads share
the same aggregated representation while maintain-
ing separate parameters, allowing specialization
across different acuity ranges.

4 Experiments

We conduct extensive experiments to evaluate the
performance of SOAPTriage by answering the fol-
lowing key research questions:

* RQ1: Does SOAPTriage outperform state-of-
the-art baselines for automated ESI predic-
tion?

* RQ2: Does SGE and SAAI improve the per-
formance of SOAPTriage?

* RQ3: How well does SOAPTriage perform
across different backbone LLM scales?

* RQ4: How do different architectural settings

(e.g., representation depth) influence the per-
formance of SOAPTriage?

4.1 Datasets and Preprocessing

We evaluate automated ESI prediction on a real-
world emergency department dataset consisting
of 15,393 ED visits, which is constructed from
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MIMIC-IV as described in Section 3.2. Following
CMExam and MedIQA (Liu et al., 2023; Xun et al.,
2025), we split the dataset into training, validation,
and test sets with a ratio of 8:1:1 while preserving
the original label distribution. We also conduct a
human evaluation, in which three medical-domain
experts independently assess sampled across five
dimensions: Clinical Consistency, Factual Correct-
ness, Narrative Naturalness, Information Complete-
ness, and Readability & Clarity. As shown in Ta-
ble 1, the results indicate that the generated data
exhibit strong clinical quality and plausibility. Ad-
ditional qualitative case examples and more de-
tailed expert evaluations of the dataset are provided
in Appendix A.

4.2 Evaluation Metrics

In light of our approach’s objective of automated
ESI prediction, which requires both overall accu-
racy and clinically safe decision-making, we assess
the performance of all the approaches from three
distinct aspects: (1) overall prediction accuracy,
measuring whether the predicted ESI level matches
the ground-truth label; (2) directional triage errors,
characterizing the tendency to under-triage or over-
triage patients across different acuity levels; and
(3) clinically significant triage errors, focusing on
particularly severe under- or over-triage cases that
may lead to high-stakes unsafe or inefficient clini-
cal outcomes.

Following the evaluation protocol adopted in
prior work (Lu et al., 2024), we use Total Dis-
cordance as the primary metric, which measures
the proportion of visits for which the predicted
ESI level differs from the ground-truth label, with
lower values indicating better performance. To
further characterize clinically relevant error pat-
terns, we additionally report four auxiliary metrics:
UnderTriage and OverTriage, which capture the
frequency of severity underestimation and overes-
timation, respectively, as well as Significant Un-
derTriage and Significant OverTriage, which fo-
cus on more severe misclassifications associated
with potentially unsafe triage decisions. Detailed
definitions of all evaluation metrics, including the
meaning of significant in the clinically motivated
error metrics, are provided in Appendix C.

4.3 Baselines and Implementation Details

Baselines. We compare our method with clas-
sic methods as well as state-of-the-art models,
including the following categories. Prompting-

based LLM baselines include standard prompt-
ing (Xu et al., 2025), retrieval-augmented gener-
ation (Prompt-RAG) (Lewis et al., 2020), chain-
of-thought (CoT) prompting (Kojima et al., 2022),
self-consistency (SCons) (Wang et al., 2023), self-
contrast (SCtr) (Wang et al., 2024), exchange-
of-thought (EoT) (Yin et al., 2023), knowledge-
evolvable assistant (KEA) (Lu et al., 2025) and
task adaptation and instruction tuning (TAIT-
LoRA) (Shen et al., 2025). Multi-agent methods
are represented by TRIAGEAGENT (Lu et al.,
2024), which integrates multiple reasoning per-
spectives and external evidence for triage decision-
making. Encoder-based classification models in-
clude BERT (Devlin et al., 2019) as well as domain-
specific variants such as TCM-BERT (Yao et al.,
2019), BioBERT (Lee et al., 2020) and KATE-
BERT (Ivanov et al., 2021), which are fine-tuned
for ESI level prediction from medical notes. De-
tailed descriptions of baselines are provided in Ap-
pendix E.1.

Implementation Details. We implement SOAP-
Triage using Qwen3-8B as the backbone large lan-
guage model (LLM), which consists of 36 trans-
former layers. In the SGE module, we extract
hidden representations from intermediate layers
18-22 and apply L2 normalization to obtain stream-
level embeddings. During retrieval in the CNA
module, we use bge-large-en-v1.5 as the encoder
model and set the retrieval top-K to 3. All mod-
els are trained with the AdamW optimizer, using
a weight decay of 5 x 10~ and an initial learn-
ing rate of 3 x 10~4, together with a cosine an-
nealing schedule. Training is performed for 200
epochs with a batch size of 128, and gradient clip-
ping with a maximum norm of 5.0 is applied to
stabilize optimization. For baseline implementa-
tion, standard prompting-based approaches (Stan-
dard Prompting, Prompt-RAG, CoT, SCons, SCtr,
EoT) and TRIAGEAGENT are implemented using
DeepSeek-V3.2 as a general-purpose instruction-
following LLM. Methods requiring open-weight
fine-tuning (KEA, TAIT-LoRA) and our proposed
SOAPTriage are implemented using Qwen3-8B to
ensure reproducibility. All experiments are con-
ducted on a single NVIDIA RTX 5090 GPU, with
the random seed fixed to 42 for reproducibility.
Due to space limitations, we provide experimen-
tal details and parameters in Appendix E.2. All
source code, datasets, LLM-generated embeddings,
and SOAPTriage model checkpoints are publicly
available in a GitHub repository.
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Total . Significant . Significant
Method Discordance] UnderTriage/| UndgerTriageL OverTriage| ngr’l‘riagu
Prompting-based LLM baselines
Prompt 66.36 44.24 21.13 22.12 0.39
Prompt-RAG 60.56 40.41 22.94 20.14 0.33
CoT (1-Agent) 48.75 29.45 19.96 19.30 0.59
SCons (5-Agent) 45.51 26.45 20.58 19.06 0.26
SCtr (1-Agent) 56.99 37.68 29.80 19.30 0.66
EoT (3-Agent) 49.17 29.21 22.19 19.96 0.53
KEA 51.85 26.70 15.33 25.15 0.52
TAIT-LoRA (8B) 41.19 22.42 13.90 18.77 0.19
Multi-agent Methods
TRIAGEAGENT 55.86 35.17 14.42 20.69 0.59
Encoder-based Methods

BERT 42.88 22.22 15.14 20.66 0.32
TCM-BERT 40.09 21.63 13.06 18.45 0.13
BioBERT 41.71 18.71 13.58 23.00 0.13
KATE-BERT 39.63 18.97 11.89 20.66 0.32
SOAPTriage (8B) 35.99 (3-641) 17.99 (0-721) 10.39 1-504) 18.00 (451 0.13 (0-06))

Table 2: Performance comparison (%) between SOAPTriage and baseline methods on the clinical triage dataset.
Best results are highlighted in bold, while the second-best results are indicated by underlining. Lower values indicate

better performance.

4.4 Overall Comparison (RQ1)

The experimental results on automated ESI predic-
tion are summarized in Table 2, we have several
observations.

First, encoder-based methods (e.g., BERT and
TCM-BERT) generally outperform prompting-
based approaches such as CoT, as well as multi-
agent methods (e.g., TRIAGEAGENT). This is
probably because LLMs are primarily trained on
general-domain data and are not explicitly adapted
to domain-specific triage scenarios. In contrast,
encoder-based models trained directly for classifi-
cation can learn task-specific decision boundaries
more effectively from triage data. As a result, rely-
ing solely on prompt-based reasoning is insufficient
to ensure reliable classification decisions in diverse
and complex real-world clinical settings.

Moreover, our approach consistently outper-
forms all compared baseline methods. Although
KATE-BERT and TAIT-LoRA are trained on triage-
domain data, they are not explicitly guided by clin-
ically grounded triage theories, which limits their
ability to systematically capture comprehensive
and clinically critical information. In contrast, our
model is not only specifically optimized for the
triage domain, but also performs inference under

the guidance of the SOAP clinical framework. This
explicit integration of clinical reasoning enables
our approach to achieve more reliable and accurate
triage predictions than existing methods.

4.5 Ablation Study (RQ2)

To analyze the rationality and effectiveness of the
designed components in our SOAPTriage frame-
work, we conduct an ablation study to compare
SOAPTriage with its three variants: (1) w/o SGE,
which ignores the SOAP paradigm by removing
SGE and directly encoding the note using the direct-
triage prompt; (2) w/o SAAI-weight, which removes
the weighting scheme and directly aggregates the
SOAP views by assigning uniform weights to each
view; (3) w/o SAAl-fusion, which removes multi-
view fusion by directly using only a single ran-
domly sampled SOAP view.

The results presented in Figure 3(a) demonstrate
the following findings. (1) The SGE module bene-
fits ESI prediction performance. We note a notable
numerical increase in Total Discordance and other
evaluation metrics when removing SGE module.
This phenomenon underscores the critical role of
the SOAP paradigm in structuring clinically mean-
ingful representations for triage inference. (2) The
weighting mechanism in the SAAI module can al-

34820



Total Significant Significant
® piscordance & UnderTriage A UnderTriage & OverTriage *OverTrlage

40 M w/o SGE 40
[ w/o SAAI-fusion

178 8B
30 O w/o SAAl-weight| 30
O Main

oI e WL e I

0.75 0.75
0.50 0.50
0.25 0.25
0.00 0.00

(a) Ablatlon Study

[ 0.6B W4B @ 14B

Scallng Backbone LLMs

Figure 3: Ablation study and performance comparison
across backbone LLMs of different scales. Lower values
indicate better performance.

leviate the issue of Significant OverTriage. Com-
paring the values in the fifth metric column in Fig-
ure 3(a), we observe that in the absence of SAAI
weighting mechanism, the Significant OverTriage
metric experiences an increase. (3) The multi-view
inference mechanism not only substantially reduces
Total Discordance, but also helps mitigate Under-
Triage. It is evident that the absence of the multi-
view inference leads to a significant numerical in-
crease in UnderTriage and Total Discordance.

4.6 Effectiveness of Scaling Backbone LLMs
(RQ3)

We conduct several experiments to explore the ef-
fectiveness of the proposed SOAPTriage frame-
work across backbone LLMs of varying scales, in-
cluding models with 0.6B, 1.7B, 4B, 8B, and 14B
parameters. As shown in Figure 3(b), we observe
that models with larger parameter scales outper-
form those with fewer parameters across evaluation
metrics. This trend is likely because larger models
provide greater representational capacity, enabling
the SGE module to capture richer and more nu-
anced clinical semantic information. Moreover,
considering both performance gains and computa-
tional cost, the 8B model offers a favorable trade-
off, achieving strong performance while maintain-
ing practical efficiency. Accordingly, we adopt it as
the backbone model for SOAPTriage in subsequent
experiments.

4.7 Influence of Different Architectural
Settings (RQ4)

We want to explore the impact of different architec-
tural settings on the performance of SOAPTriage,
and therefore design two model variants: (1) Single-
stage inference, which replaces the two-stage hier-
archical inference with direct ESI prediction; and
(2) Last-layer representation, which replaces the

Model Total | Under | S-Under | Over | S-Over |
Main 3599 17.99 10.39 18.00 0.13
Single stage 38.08 18.91 13.12 19.17 0.45
Lastlayer  37.69 18.00 10.98 19.69 0.39

Table 3: Performance comparison (%) of three variants
under the Qwen3-8B setting across five triage metrics.
We report Total Discordance, UnderTriage, and Over-
Triage rates, as well as their clinically significant coun-
terparts (S-Under and S-Over). Lower values indicate
better performance.

mid-depth representations with those from the fi-
nal backbone layer. From the results in Table 3,
we draw two observations. First, the single-stage
variant performs worse overall and exhibits larger
performance variance than the full coarse-to-fine
setting, suggesting that explicitly modeling the hi-
erarchical triage process in accordance with clini-
cians’ triage practice is consistently beneficial in
our setting. Second, replacing mid-depth embed-
dings with last-layer embeddings leads to a moder-
ate decline in overall performance stability, suggest-
ing that mid-depth representations may be more
suitable for this task.

5 Conclusion

Automated ESI prediction is critical yet challeng-
ing, as existing approaches are hindered by limited
access to high-quality triage data and the lack of
a clinically grounded triage framework. This pa-
per introduces SOAPTriage, a SOAP-guided multi-
view clinical text modeling framework for auto-
mated ESI prediction that integrates a large-scale
dataset with a SOAP-guided modeling paradigm.
By constructing a natural-language triage dataset
and explicitly modeling the Subjective, Objective,
Assessment, and Plan perspectives, SOAPTriage
captures complementary clinical views and inte-
grates them through adaptive aggregation and hi-
erarchical inference. Extensive empirical analy-
ses demonstrate the effectiveness of SOAPTriage
in improving ESI prediction performance. A key
takeaway from this work is that explicitly incorpo-
rating clinically established reasoning paradigms,
such as SOAP, is essential for reliable automated
triage. Furthermore, extending SOAP-guided rea-
soning to more complex clinical scenarios, such as
multimodal inputs or longitudinal patient records,
could enable richer representations and provide
more comprehensive clinical decision-making sup-
port in future work.
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Limitations

Despite the encouraging results achieved by SOAP-
Triage, several limitations remain. First, all sam-
ples used and generated in this work are in En-
glish. Extending SOAPTriage to other languages
would require additional language-specific prepro-
cessing. Second, due to computational and cost
constraints, our experiments are limited to back-
bone models ranging from 0.6B to 14B parameters.
Exploring larger-scale models, such as those with
30B-70B parameters, is an important direction for
future work. Third, although SOAPTriage attempts
to model the triage reasoning process by incor-
porating clinically grounded triage theories, the
underlying task formulation remains a classifica-
tion problem, which inherently limits interpretabil-
ity. While recent studies have begun to decompose
ESI prediction into explicit decision points to en-
hance transparency (Shen et al., 2025), such ap-
proaches typically rely on extensive expert annota-
tions, making large-scale and automated evaluation
challenging. In future work, we plan to investi-
gate self-consistent reasoning supervision strate-
gies to enable scalable assessment of decision-level
reasoning without incurring prohibitive annotation
costs. Finally, although our dataset is constructed
to broadly cover diverse patients and ESI levels,
inherent biases and limitations in both the data and
the models cannot be fully eliminated. As a re-
sult, the system may not fully capture all forms of
patient diversity or address every clinical context
equally well.

Ethical Considerations

We acknowledge that all of the co-authors of this
work are aware of the provided ACL Code of Ethics
and honor the code of conduct. All datasets and
derived artifacts in this work are used solely for
research purposes. This work aims to advance
automated Emergency Severity Index (ESI) pre-
diction by integrating clinically grounded triage
theories with LLMs, with the goal of supporting,
rather than replacing, clinical decision-making in
emergency department triage. We recognize sev-
eral ethical considerations associated with this line
of research. First, although the proposed frame-
work leverages large-scale synthetic triage notes
constructed from public structured records, the gen-
erated data may still reflect biases present in the
original sources and in the language models used
for generation. Second, automated triage systems,

including SOAPTriage, should not be deployed
as standalone decision-makers in clinical practice.
Model outputs are intended solely as decision sup-
port and require appropriate clinical oversight. Fi-
nally, while our experiments demonstrate improved
performance and stability, automated triage re-
mains a high-stakes application. Careful validation,
continuous monitoring, and alignment with clini-
cal governance are necessary before any real-world
deployment. We hope this work encourages further
research on responsible integration of clinical rea-
soning frameworks and machine learning models
in safety-critical healthcare settings.
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A Dataset Construction Details

To evaluate the generalizability of SOAPTriage be-
yond a single data source, the raw clinical records
used for data augmentation are drawn from two
large-scale, publicly available and de-identified
datasets.

e MIMIC-IV. We primarily conduct our experi-
ments on MIMIC-IV. We extract eligible emer-
gency department (ED) visits by integrating
MIMIC-IV (Johnson et al., 2020), MIMIC-
IV-ED (Johnson et al., 2023a), and MIMIC-
IV-Note (Johnson et al., 2023b), which pro-
vide complementary information to construct
a comprehensive triage dataset.

* NHAMCS. We additionally use the National
Hospital Ambulatory Medical Care Survey
(NHAMCS)? as an external source of ED visit
records covering a broad range of triage sce-
narios, with additional experiments reported
in Appendix F.1.

Inspired by TRIAGEAGENT (Lu et al., 2024), we
identify and retain a subset of triage-relevant meta-
data, including patient age, visit date, sex, and chief
complaint, which serve as the basis for subsequent
data construction. We next present the triage com-
position of our dataset and describe the predefined
template used in the Templating stage of the Clini-
cal Note Augmentation module, and provide rep-
resentative examples illustrating the Retrieval and
Generation stages. In addition, in Section A.4, we
report human expert evaluation results to assess
the clinical fidelity of the triage notes generated
from both datasets. Since NHAMCS adopts the
IMMEDR (hereafter referred to as the immediacy
rating, IR) triage rating, which is comparable to
the ESI scale, we further evaluate the agreement
between IR and ESI.

A.1 Data Statistics

The augmented MIMIC-IV dataset contains 15,393
records, while the NHAMCS dataset contains
16,596 records. We split each dataset into train-
ing, validation, and test sets using an 8:1:1 ratio.
Detailed dataset statistics are reported in Table 4.

A.2 Template

Predefined Template. To convert structured ED
records into an initial textual representation, we

2https://www.cdc.gov/nchs/nhamcs/about/index.
html

Dataset ESI-1 ESI-2 ESI-3 ESI-4 ESI-5
MIMIC-1IV

Train 1170 3656 5850 1280 359

Validation 146 457 731 160 45

Test 146 457 731 160 45

Dataset IR-1 IR-2 IR-3 IR-4 IR-5
NHAMCS

Train 378 2400 5760 3861 887

Validation 45 300 720 480 110

Test 45 300 720 480 110

Table 4: Dataset statistics of the constructed triage
datasets.

Predefined Template

This is a clinical case involving a {age val}-
year-old {gender val} of {race val} ethnicity,
who presented to the emergency department.
The patient's primary concern was: "{cc}".

The patient arrived via {transport}. Initial vital
signs were: temperature {temp}°F, heart rate
{hr}, respiratory rate {rr}, SpO: {02}%, blood
{sbp}/{dbp}
assessed at {pain}/10.

pressure mmHg. Pain was

Relevant medical history includes: {pmh}. The

patient

{allergies}.
\_ J

reported the following allergies:

Figure 4: Predefined template used in the Clinical Note
Augmentation module.

design a unified template that verbalizes key triage-
relevant fields into a coherent clinical narrative.
The predefined template is illustrated in Figure 4.

Prompt. As shown in Figure 5, we design a
prompt that leverages retrieved real-world clini-
cal notes to refine and polish the template-filled
text.

A.3 Illustrative Examples

As shown in Figure 6, we present a representative
example of the Clinical Note Augmentation pro-
cess. The figure illustrates how retrieved real-world
ED clinical notes are used as in-context exemplars
to guide an LLM in refining a template-filled ED
text into a polished natural-language triage note
that preserves the original clinical content while
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( Prompt Design for the Clinical b
Note Augmentation Module

System Prompt:

Please polish and improve the following emer-
gency department patient description to make
it more natural, fluent, and clinically appropri-
ate, similar to the writing style of the examples
provided.

Examples:

1. "{match_textl}"

2. "{match_text2}"

3. "{match_text3}"

Original Text To Polish:

1. "{template_txt}"

Task:

Please rewrite and expand the original text using
a more natural and professional medical note
style while retaining all key clinical information.
Output only the polished version without any
Qdditional explanations. )

Figure 5: Prompt design for the Clinical Note Augmen-
tation module in the SOAPTriage framework.

adopting realistic clinical writing style. This pro-
cess reduces the rigidity of template-based text and
encourages more diverse, human-like clinical nar-
ratives.

A.4 Human Expert Evaluation

To rigorously assess the quality, clinical plausibil-
ity, and faithfulness of the constructed datasets, we
conducted a multi-faceted human expert evaluation
involving three medical-domain experts. The eval-
uation focuses on three primary aspects: overall
clinical quality, hallucination-related error detec-
tion, and IMMEDR-ESI mapping alignment. An-
notating each sample required approximately 15-30
minutes, with an average annotation time of 22 min-
utes. Annotators were compensated at an hourly
rate of $3.15, in compliance with local labor reg-
ulations. The corresponding annotation interfaces
are illustrated in Figures 7, 8, and 9.

Clinical Quality and Plausibility. We evaluated
the constructed triage notes by randomly sampling
80 instances from each of our two datasets, along

with 20 notes from a reference set of real-world
emergency department (ED) clinical notes. Three
medical-domain experts independently assessed
each note across five dimensions: Clinical Con-
sistency, Factual Correctness, Narrative Natural-
ness, Information Completeness, and Readability
& Clarity.

Each dimension was rated on a 5-point Lik-
ert scale (Likert, 1932), which was subsequently
rescaled to a 0-100 range for ease of comparison.
The aggregated results, reported in Table 5, indicate
that although a marginal performance gap exists
relative to real-world notes, the differences remain
small across all dimensions. Overall, these find-
ings suggest that the generated triage notes exhibit
a high degree of clinical plausibility and are suit-
able for supporting automated triage modeling.

Hallucination Assessment. To detect potential
hallucination-related errors introduced during the
LLM-based augmentation process, we randomly
sampled 100 instances from each of the augmented
MIMIC-IV and NHAMCS datasets for expert re-
view. Experts assigned a field-level faithfulness
score (1-10) based on three criteria: (i) preservation
of structured fields without value alterations, (ii)
absence of unsupported or fabricated information,
and (iii) coverage of relevant fields without critical
omissions. The results, summarized in Table 6 and
rescaled to a 0-100 range for consistency, indicate
that triage notes generated via the CNA module
remain highly faithful to the source data. Notably,
while experts observed that the model occasionally
omits the Race field, other clinically relevant fields
were consistently incorporated without apparent
errors or inconsistencies.

IMMEDR-ESI Mapping Evaluation. The IM-
MEDR triage rating used in NHAMCS and the
Emergency Severity Index (ESI) adopt different as-
sessment strategies and operational criteria. How-
ever, both triage schemes are designed to stratify
patients according to clinical severity and urgency,
suggesting an inherent conceptual similarity be-
tween the two scales. Given the limited avail-
ability of large-scale, high-quality ESI-annotated
datasets, we incorporate NHAMCS as a comple-
mentary data source and explore an idealized map-
ping from IMMEDR to ESI to enable its use for
automated triage modeling. To validate the feasi-
bility of this mapping, we conduct a human expert
evaluation in which two medical-domain experts
independently assign ESI triage levels to a pro-
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( Ilustration of the Clinical Note Augmentation Process b

Input:

This is a clinical case involving a 65-year-old male of white ethnicity, who presented to the emergency
department. The patient’s primary concern was: "shaking chills". The patient arrived via walk in.
Initial vital signs were: temperature 99.2°F, heart rate 88.0, respiratory rate 18.0, SpOy 100.0%, blood
pressure 173.0/140.0 mmHg. Pain was assessed at 3/10. Relevant medical history includes: DM type 1
Gastroparesis ESRD s/p LRRT (baseline Cr 0.8-1.0) HTN Hypercholesterolemia CAD s/p NSTEMI
GERD. The patient reported the following allergies: No Known Allergies / Adverse Drug Reactions.

Match_textl:
36-year-old male presents to the emergency department reporting severe abdominal pain for the past 24
hours. The patient has no Significant medical history, and the pain started in the lower right quadrant of
the abdomen, progressively worsening. He rates the pain as 8/10, and reports nausea but no vomiting
or fever. His vital signs are stable, with a blood pressure of 120/80 mmHg, a heart rate of 85 beats
per minute, a respiratory rate of 16 breaths per minute, and an oxygen saturation of 98%. The patient
denies any recent trauma or unusual physical activity. No other associated symptoms like chest pain or
dizziness are reported.
Match_text2:
A 34-year-old male presents to triage with right lower quadrant pain, 5/10, all day. Pain is associated
with loss of appetite, nausea and vomiting. Past medical history: None. The patient appears in moderate
discomfort, skin warm and dry, guarding abdomen.
Match_text3:
A 17-year-old female presents to the ED with complaints of severe abdominal pain that started a few
hours ago. She is alert and in moderate discomfort but able to answer questions. Vital signs: BP 120/80,
HR 88, RR 18, T 98.7°F. She denies any recent trauma or medical history.
Output: A 65-year-old male presented to the emergency department via walk in, reporting a primary
complaint of "shaking chills." He was alert and described the chills as significant, rating his overall
discomfort as 3 out of 10. His initial vital signs at triage were: temperature 99.2°F, heart rate 88
beats per minute, respiratory rate 18 breaths per minute, blood pressure 173/140 mmHg, and oxygen
saturation of 100% on room air. His past medical history is significant for Type 1 Diabetes Mellitus,
gastroparesis, End-Stage Renal Disease status post living-related renal transplant with a baseline
creatinine of 0.8 to 1.0, hypertension, hypercholesterolemia, coronary artery disease status post
\N STEMI, and GERD. He reports no known drug allergies. )

Figure 6: An example of clinical note refinement in SOAPTriage, illustrating the structured ED input, retrieved
in-context clinical notes, and the final refined triage note. The retrieved exemplars introduce authentic stylistic and
phrasal variations from real-world clinical notes, reducing the rigidity of template-based text and yielding more
diverse, human-like clinical narratives.
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portionally sampled set of 110 NHAMCS cases
based solely on ESI guidelines. We then quan-
tify the agreement between the expert-assigned
ESI labels and the original IMMEDR ratings using
Fleiss’ kappa (k) (Fleiss, 1971; Landis and Koch,
1977), which measures inter-rater consistency be-
yond chance. The resulting Fleiss’ kappa « of
0.7435 indicates substantial agreement, suggest-
ing that the IMMEDR-to-ESI mapping, although it
cannot fully replace direct ESI annotations, serves
as a viable idealized mapping for complementary
analysis.

B Emergency Severity Index (ESI)

The Emergency Severity Index (ESI) is a widely
adopted five-level triage system that categorizes
emergency department visits according to clinical
urgency (Wuerz et al., 2001), ranging from level 1
(most urgent) to level 5 (least urgent). In practice,
clinicians refer to the ESI handbook and apply their
medical judgment to assess a patient’s condition
and assign an appropriate ESI level during triage.

e ESI-1: Most urgent and requires immediate
life-saving intervention.

e ESI-2: High urgency and potentially life-
threatening, requiring prompt attention.

e ESI-3: Urgent but not immediately life-
threatening, requiring multiple diagnostic or
therapeutic resources.

e ESI-4: Less urgent and requires a single re-
source, posing no immediate threat to life.

e ESI-5: Least urgent and requires no imme-
diate resources, allowing for longer waiting
times.

C Evaluation Metrics and Definitions

Following the evaluation protocol adopted in prior
work (Lu et al., 2024), we evaluate all methods
using a set of clinically motivated metrics that cap-
ture both overall accuracy and clinically relevant
error patterns in emergency triage. In these metrics,
significant denotes the clinical severity of triage
deviations rather than statistical significance.

The Total Discordance rate measures the overall
error rate of a model and is defined as the pro-
portion of visits for which the predicted ESI label
differs from the ground-truth label. It is computed

as follows:

Total Misclassificati
Total Discordance = otaZ Viiscasst Ca.l(.)ns7 4)
Total number of visits

where Total misclassifications denotes the number
of visits incorrectly classified by the model, and
Total number of visits denotes the total number of
evaluated visits.

The UnderTriage rate is defined as the propor-
tion of visits for which the predicted ESI level in-
dicates lower urgency than the ground-truth label,
and is computed as follows:

Number of UnderTriage predictions

UnderTriage = 5)

Total number of visits

Similarly, the OverTriage rate is defined as the
proportion of visits for which the predicted ESI
level indicates higher urgency than the ground-truth
label, and is computed as follows:

Number of OverTriage predictions
Total number of visits

OverTriage = (6)

The Significant UnderTriage rate captures cases
in which clinically critical visits with ground-truth
ESI levels of 1 or 2 are incorrectly assigned lower-
urgency predictions, specifically ESI levels 3, 4, or
5. It is computed as follows:

Predicted-3,4,0r 5
Total number of visits

Significant UnderTriage = @)

The Significant OverTriage rate captures cases
in which visits with lower-acuity ground-truth la-
bels (ESI 3-5) are incorrectly overestimated by the
model and predicted as the most urgent level (ESI
1). It is computed as follows:

Predicted-1
Total number of visits

Significant OverTriage = (3

D Case Study

To provide deeper insight into the decision behav-
ior of SOAPTriage, we conduct a detailed case
study analysis of representative triage examples.
As shown in Table 7, we present three cases that
span different clinical presentations and acuity lev-
els, including both correct predictions (Case I and
Case II) and typical failure scenarios (Case III).
These cases illustrate how different SOAP views
contribute to model predictions across triage stages,
and we further examine typical failure cases to
highlight the limitations and error patterns of the
proposed framework.
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MIMIC-IV

NHAMCS

Reference

Diff

Dimension Expert 1 Expert2 Expert3 Avg Expertl Expert2 Expert3 Avg Expertl Expert2 Expert3 Avg AAvgwi AAvgnua
Clinical Consistency 92.19 90.94 9469  92.60 8275 90.50 97.00  90.08  90.00 90.00 96.00  92.00 +0.60 -1.92
Factual Correctness 90.63 95.62 94.69  93.65 85.50 91.50 9575  90.92  96.00 94.00 97.00 9567 -2.02 -4.75
Narrative Naturalness 91.25 96.88 93.12 9375 8825 88.75 97.00 91.33  88.00 92.00 98.00 92.67 +1.08 -1.34
Information Completeness ~ 90.63 95.00 9406 9323 8825 90.75 97.50  92.17  92.00 95.00 94.00  93.67 -0.44 -1.50
Readability & Clarity 91.25 93.12 94.69  93.02  82.00 90.50 9725 89.92  91.00 90.00 98.00  93.00 +0.02 -3.08
Overall 91.19 94.31 9425 9325 8535 90.40 96.90  90.88  91.40 89.40 96.60 9247 +0.78 -1.59

Table 5: Human expert evaluation of constructed triage notes from MIMIC-IV and NHAMCS, compared with
real-world ED clinical notes (Reference), across five quality dimensions. Scores are linearly rescaled from a 1-5

Likert scale to a 0-100 range.

Expert MIMIC-1V NHAMCS
Expert 1 92.80 90.30
Expert 2 95.40 91.40
Expert 3 93.80 92.00
Avg 94.00 91.23

Table 6: Human expert assessment of field-level faith-
fulness for triage notes generated by the CNA module
on MIMIC-IV and NHAMCS. Scores are rescaled from
a 1-10 scale to a 0-100 range.

D.1 Casel

In this example, both the ground-truth triage deci-
sion and the model prediction assign the visit a low
acuity level (ESI-4).

Coarse-grained triage stage. At the coarse risk-
routing stage, the model assigns most of the weight
to Objective (46.38%) and Subjective (45.46%)
views, with substantially lower contributions from
Assessment (4.30%) and Plan (3.87%). This
weighting pattern is consistent with the decision
goal at this stage, which is to distinguish potentially
high-risk cases from clearly low-risk ones rather
than to determine an exact ESI level. The clinical
note is primarily composed of subjective symp-
tom descriptions, such as redness in the left eye
and a pain level of 5/10. These signals directly in-
form whether the presentation is concerning and are
therefore captured by the Subjective view. In par-
allel, the Objective view contributes more because
stable vital signs not only confirm the absence of
acute instability but also provide strong evidence
for differentiating risk at this coarse stage. The Plan
view encodes the expected level of diagnostic and
therapeutic resources implied by the presentation,
which remains low in this case, making it a support-
ive cue for routing the visit to the low-risk branch.
Similarly, the Assessment view, which summarizes
a more fine-grained clinical judgment, is not yet

central to the routing decision and becomes more
relevant only after the case has been assigned to a
low-risk pathway.

Fine-grained triage stage. After routing to the
low-risk branch, the importance distribution shifts
markedly. Assessment becomes the primary con-
tributor (57.59%), while Plan remains influential
(39.30%), and both Subjective (1.44%) and Objec-
tive (1.66%) receive negligible weight. This shift
aligns with the clinical logic of low-acuity triage.
Once immediate risk has been excluded, the task
transitions from risk screening to fine-grained ESI
determination. At this stage, decision-making re-
lies mainly on a synthesized clinical judgment of
overall severity, which is captured by the Assess-
ment view, together with anticipated resource uti-
lization encoded in Plan. Objective findings, such
as stable vital signs, primarily confirm clinical sta-
bility and offer limited discriminative value across
low-acuity levels. Likewise, raw symptom descrip-
tions in Subjective contribute little additional in-
formation, as their implications have already been
abstracted into higher-level severity estimates. Con-
sequently, the final ESI prediction in the low-risk
branch is driven chiefly by the model’s integrated
assessment of severity and expected resource de-
mand.

D.2 Casell

In this example, both the ground-truth triage deci-
sion and the model prediction assign the visit the
highest acuity level (ESI-1).

Coarse-grained triage stage. At the coarse risk-
routing stage, the model places nearly all its weight
on the Subjective (52.12%) and Plan (37.11%)
views, with negligible contributions from Objec-
tive (10.36%) and Assessment (0.41%). This
weighting pattern aligns with the objective of this
stage, which is to rapidly identify immediately
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CaseI:

A 27-year-old female of Chinese ethnicity presents to the Emergency Department via walk in with a
primary complaint of left eye redness. She is alert and cooperative at triage. Her initial vital signs
are recorded as: temperature 98.2°F, heart rate 78 beats per minute, respiratory rate 18 breaths per
minute, SpO2 99% on room air, and blood pressure 106/60 mmHg. She reports her pain level as 5
out of 10.

Case 1I:

A 68-year-old male arrived by ambulance to the emergency department. At triage, his primary
concern was reported as "iph, transfer." His vital signs were recorded as HR 77, BP 141/78. He
reports a past medical history of diabetes mellitus and a prior TIA. He states his allergies include
ACE inhibitors, penicillins, quinine, and sildenafil.

Case III:

An 81-year-old white female presented to the emergency department via walk in. At triage, she stated
her primary concern was nausea and vomiting. Her initial vital signs were recorded as: temperature
98.8°F, heart rate 110 beats per minute, respiratory rate 22 breaths per minute, blood pressure 120/95
mmHg, and oxygen saturation 94% on room air. She reported a pain level of 0/10. Her past medical
history is significant for COPD, a history of hepatic abscess, severe mitral regurgitation with an
ejection fraction of 45%, a history of DVT, restless leg syndrome, status post cholecystectomy, and a
history of melanoma. She has undergone frequent ERCPs for large common bile duct stones, with
the most recent procedure involving metallic stent placement for a biliary stricture. She reports a
latex allergy.

Table 7: Three representative emergency department triage cases used for qualitative analysis.

life-threatening cases. In this case, the Subjec-
tive view is highly informative because the chief
complaint ("IPH, transfer") immediately signals a
time-sensitive neurologic emergency. Meanwhile,
the Plan view captures the anticipated need for
urgent, resource-intensive actions—rapid neuro-
logic evaluation, emergent neuroimaging, labora-
tory testing (including coagulation studies), contin-
uous monitoring, and potential blood pressure man-
agement—thereby reinforcing the high-risk rout-
ing decision. By contrast, the Objective view con-
tributes less at this stage because the available vital
signs (HR 77, BP 141/78) do not by themselves
indicate immediate physiologic collapse.

Fine-grained triage stage. After routing to
the high-risk branch, the importance distribution
shifts. Assessment becomes the largest contrib-
utor (41.34%), while Plan (29.00%) and Objec-
tive (16.40%) remain informative and Subjective
(13.26%) provides limited supplementary evidence.
This transition reflects the change in decision focus
from risk identification to precise acuity confirma-
tion within the high-risk category. Once the case is
established as critical, the final ESI assignment re-
lies more heavily on an integrated clinical judgment

of severity, which is encoded in the Assessment
view. Objective signals continue to support this
decision but no longer need to dominate, as their
primary role in triggering high-risk routing has al-
ready been fulfilled. Similarly, the contribution of
the Plan view decreases because, once a case is
identified as high risk, substantial resource utiliza-
tion is implicitly expected and therefore provides
limited additional discrimination among critical
acuity levels. As a result, the final ESI-1 predic-
tion is driven mainly by the model’s synthesized
assessment of overall clinical severity, supported
by objective evidence and anticipated care require-
ments.

D.3 CaseIll

In this example, the ground-truth triage label is
ESI-1, indicating a critical condition, while the
model predicts ESI-3, corresponding to a moderate
acuity. This type of error is examined in detail be-
cause it is closely related to the pronounced class
imbalance in the dataset, where mid-acuity visits
are substantially more common than critical cases
(ESI-3: 5,850 vs. ESI-1: 1,170 in the training set),
a pattern that mirrors real-world emergency depart-
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ment visit distributions. As a result, models may
be biased toward more frequent acuity levels, lead-
ing to underestimation of rare but clinically critical
cases.

E Additional Experimental Details

E.1 Baselines

We evaluate SOAPTriage against a diverse set
of state-of-the-art baselines, including prompting-
based LLM approaches, multi-agent frameworks,
and encoder-based classification models.

* Standard Prompting (Xu et al., 2025) di-
rectly queries large language models with task-
specific instructions, serving as a strong and
widely adopted baseline for clinical reasoning
tasks.

* Prompt-RAG (Lewis et al., 2020) augments
standard prompting with retrieval-augmented
generation by retrieving relevant clinical
triage knowledge from an external corpus and
injecting it into the prompt as additional con-
text, thereby improving factual grounding and
robustness for triage prediction.

* Chain-of-Thought (CoT) (Kojima et al.,
2022) augments prompts with explicit step-by-
step reasoning, encouraging LLMs to gener-
ate intermediate rationales prior to producing
final predictions.

¢ Self-Consistency (SCons) (Wang et al., 2023)
extends Chain-of-Thought prompting by sam-
pling multiple reasoning chains and selecting
the most consistent outcome among them.

¢ Self-Contrast (SCtr) (Wang et al., 2024) im-
proves robustness by generating multiple rea-
soning perspectives and reconciling their dif-
ferences to derive a final decision.

¢ Exchange-of-Thought (EoT) (Yin et al.,
2023) facilitates cross-model interaction by
exchanging intermediate reasoning traces, en-
abling complementary reasoning processes to
be integrated.

* Knowledge-Evolvable Assistant (KEA) (Lu
et al., 2025) is a general framework for aug-
menting large language models. We adopt this
framework to construct two specialized repos-
itories based on the MIMIC-IV-ED dataset to

support the triage prediction process: (i) an ex-
perience bank that stores validated, successful
CCPG cases for analogy-based reasoning, and
(i1) a reflection bank that records previously
misclassified cases along with their correc-
tions and self-summarized error analyses.

* Task Adaptation and Instruction Tuning
(TAIT-LoRA) (Shen et al., 2025) utilizes in-
struction tuning for task adaptation. We adopt
its instruction-tuning component and perform
LoRA-based fine-tuning using the natural lan-
guage data constructed in our work.

* TRIAGEAGENT (Lu et al., 2024) is a multi-
agent triage framework that aggregates multi-
ple reasoning perspectives with dynamically
updated confidence scores and external evi-
dence, serving as a strong baseline for collab-
orative clinical decision-making.

* BERT (Devlin et al., 2019) is a general-
purpose transformer encoder that we fine-tune
for ESI classification from triage notes.

e TCM-BERT (Yao et al, 2019) and
BioBERT (Lee et al., 2020) are domain-
specific variants of BERT pre-trained on
large-scale medical and biomedical corpora,
included to assess the effectiveness of
specialized medical representations for ESI
prediction.

¢« KATE-BERT (Ivanov et al., 2021) extracts
medical entities from clinical text and lever-
ages the resulting structured representations
for downstream triage classification.

E.2 Implementation and Experimental Setup

Implementation Details. We implement SOAP-
Triage using Qwen3-8B as the backbone large lan-
guage model (LLM). The backbone consists of
36 transformer layers. In the SGE module, we
extract hidden representations from intermediate
layers 18-22, taking one representation from each
selected layer. For each layer, mean pooling is
applied across the sequence dimension, followed
by L2 normalization, yielding a set of stream-level
embeddings.

To fuse information from multiple streams, we
employ a lightweight two-layer multilayer percep-
tron (MLP) as the gating network. The gating net-
work operates on the concatenation of all stream
embeddings and produces a normalized weight for
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each stream. These weights are then used to com-
pute a weighted sum of the stream representations,
resulting in a single fused embedding, which is
subsequently fed into the downstream prediction
head for inference.

For ordinal prediction, we apply a sigmoid func-
tion to the threshold logits and determine the or-
dinal class by counting the number of thresholds
exceeding 0.5. To mitigate class imbalance, we
apply an adaptive class-weighting strategy during
training, automatically assigning larger weights to
rarer classes and smaller weights to more frequent
ones, thereby increasing the model’s sensitivity to
minority-class errors.

All MIMIC-derived datasets used in this work
are accessed and processed in accordance with the
official MIMIC-1V data use agreement and license.
The processed data released with this work con-
tain no protected health information and comply
with the original dataset terms. We do not collect,
infer, or redistribute any personally identifying in-
formation, and all generated or processed data pre-
serve the anonymization guarantees of the original
sources.

Training Configuration. All models are trained
using the AdamW optimizer with a weight decay
of 5 x 10~% and an initial learning rate of 3 x 10~4.
We adopt a cosine annealing schedule to adjust
the learning rate throughout training. Training is
conducted with a batch size of 128 for 200 epochs,
and gradient clipping with a maximum norm of 5.0
is applied to stabilize optimization.

For frozen LLM components, we set the decod-
ing temperature to 0 to ensure deterministic behav-
ior. Model selection is based on validation perfor-
mance: we select the checkpoint achieving the best
validation results and additionally retain the top
three checkpoints to enhance robustness.

Retrieval and Experimental Setup. During re-
trieval in the CNA module, we use bge-large-en-
v1.5 as the encoder model and set the retrieval top-
K to 3. All experiments are conducted on a single
NVIDIA RTX 5090 GPU. To ensure reproducibil-
ity, we fix the random seed to 42 across all experi-
ments.

F Additional Experiments

To further validate the robustness and generalizabil-
ity of SOAPTriage beyond the MIMIC-IV bench-
mark, we conduct additional experiments on the

NHAMCS dataset and a real-world clinical-notes
dataset (Lu et al., 2024). For NHAMCS, we fol-
low the same training—validation—test protocol as in
MIMIC-IV and re-train all methods on NHAMCS
to assess in-domain performance under a shifted
data distribution. In contrast, to approximate a
realistic deployment scenario, we evaluate cross-
dataset transfer by directly applying the model
trained on MIMIC-1V to 384 real-world clinical
notes without any further fine-tuning.

F.1 Experiments on NHAMCS Dataset

We evaluate SOAPTriage and representative base-
line methods on the NHAMCS dataset, with results
for automated ESI prediction summarized in Ta-
ble 9. Consistent with our primary experiments on
MIMIC-1V, encoder-based methods (e.g., BERT
and TCM-BERT) generally outperform prompting-
based approaches such as Chain-of-Thought (CoT)
prompting, as well as multi-agent frameworks
like TRIAGEAGENT. Across most evaluation met-
rics, SOAPTriage consistently outperforms all com-
pared baselines. While we observe a marginal in-
crease in UnderTriage relative to certain methods,
likely attributable to the imbalanced class distri-
bution in NHAMCS, our approach achieves sub-
stantial improvements in other critical indicators.
In particular, it significantly reduces Total Discor-
dance, indicating a more balanced and reliable over-
all triage performance.

F.2 Experiments on Real-world Clinical Notes

To assess performance in a realistic clinical setting,
we further evaluate our approach on an indepen-
dent dataset consisting of 384 real-world clinical
notes collected from an actual clinical environment.
In this setting, the model trained on MIMIC-IV
is directly applied to the real-world dataset with-
out any additional fine-tuning, enabling an eval-
uation of cross-dataset generalization. We com-
pare SOAPTriage against representative baselines,
including Chain-of-Thought (CoT), Self-Contrast
(SCtr), Self-Consistency (SCons), and BERT. As
shown in Table 8, although SOAPTriage does not
achieve the lowest Total Discordance, SOAPTriage
outperforms CoT, SCtr, and BERT in Total Discor-
dance, while avoiding the pronounced over-triage
tendency observed in BERT. These findings indi-
cate that the performance gains of SOAPTriage are
driven by improved ESI reasoning ability, rather
than simply by adaptation to the synthetic note
style introduced by CNA.
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Model Total | Under | S-Under | Over | S-Over |

CoT (1-Agent) 64.06
SCtr (1-Agent) 56.51
SCons (5-Agent) 48.95
BERT 71.35
SOAPTriage (8B) 52.60

28.90
24.73
29.68

7.55
20.57

14.06
16.14
12.23
3.64
10.93

35.15
31.77
19.27
63.80
32.03

0.52
0.26
0.52
17.18
1.56

Table 8: Performance comparison (%) of different meth-
ods across five triage metrics. We report Total Discor-
dance, UnderTriage, and OverTriage rates, as well as
their clinically significant counterparts (S-Under and

S-Over). Lower values indicate better performance.

G Prompt

Figure 10 illustrates the prompt templates used in
SOAPTriage to guide the language model to ex-
tract Subjective, Objective, Assessment, and Plan

information from each ED note.
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Total . Significant . Significant
Method Discordance UnderTriage| UnderTriage| OverTriage| OverTriage|
Prompt-based
Prompt 63.86 17.76 7.85 46.10 1.75
Prompt-RAG 58.05 16.58 6.40 41.46 1.15
CoT (1-Agent) 54.86 16.43 10.15 38.42 1.75
SCons (5-Agent) 55.77 13.11 9.12 42.65 1.33
SCtr (1-Agent) 57.65 22.09 15.77 35.54 1.90
EoT (3-Agent) 54.50 14.68 10.21 39.81 1.45
Multi-agent Methods
TRIAGEAGENT 52.63 21.57 9.90 31.05 1.32
Encoder-based
BERT 46.28 20.84 10.75 25.43 0.33
TCM-BERT 46.46 23.87 13.47 22.60 0.42
BioBERT 46.22 24.71 11.24 21.51 0.33
SOAPTriage (8B) 44.77 25.86 15.46 18.91 0.30

Table 9: Performance comparison (%) between SOAPTriage and baseline methods on the NHAMCS dataset. Best
results are highlighted in bold, while the second-best results are indicated by underlining. Lower values indicate

better performance.

Expert Rating Tool (1-5)

Item3/80

Case Narrative

A40-year-old male of White Brazilian ethnicity presented to the emergency department via ambulance following a fall. At triage, he reported his

pain as 8 out of 10. His initial vital signs were recorded as: temperature 96.4°F, heart rate 53 beats per minute, respiratory rate 18 breaths per

minute, blood pressure 130/30 mmHg, and oxygen saturation 180% on room air. He reports no significant past medical history and no known

drug allergies.

Rating

Dimension: Readability & Clarity

Score (1-5)

4

Current scores (this item):

= Clinical Consistency: 4

* Factual Correctness: 5

* Narrative Naturalness: 4

« Information Completeness: 5

Reset current item scores

Figure 7: Annotation interface illustrating five evaluation dimensions: clinical consistency, factual correctness,

narrative naturalness, information completeness, and readability and clarity.
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Item 1 /100 Rating (1-10)

ther all the information in the 'structur found in, or corresponds

Case Narrative

the more complete the correspondence, the h

A25-year-old male of Hispanic/Latino {Cuban) ethnicity arrived at the emergency department via ambulance. He reports a sensation

Score (1-10)

of a food bolus stuck in his throat, which he rates as a 5/10 in severity. At triage, his vital signs were recorded as follows: temperature

eart rate 100 beats per minute, respiratory rate 16 breaths per minute, bloed pressure 111/76 mmHg, and oxygen saturation 1-10

98% on room air.

Optional note
e.g., missing BP, wrong age, etc.
.age:25 « arrival_transport: ambulance

« chiefcomplaint: food bolus, throat foreign body sensation

Submit Reset current input
+dbp: 76.0 «gender: male
+heartrate: 100.0 +02sat: 98.0
+pain: 5 «race: hispanic/latino - cuban
+resprate: «sbp:111.0

« temperature: 98.2

Figure 8: Annotation interface for assessing hallucination-related errors.

Item1/110 ESI Label

Case Narrative

A 31-year-old male presented to the emergency department at 09:24 as a walk-in. His chief complaint is an exposure to another person's bodily Field: ES| Level (1-5)

fluids. He reports a questionable injury occurring within the last 72 hours. The patientis afebrile and hemodynamically stable with the following Enteran in
vital signs: BP 140/81, HR 50, RR 15, T 98.2°F, and SpO2 100% on room air. He denies any pain and has no significant past medical history. This is

to continue,

his initial visit for this episode of care, and he has not been seen in this ED within the last 72 hours. ESl Level (1-5)

1-5
Ruler (ESI Decision Points)
Decision Point A — Life-saving intervention
« Determines whether the patient requires immediate life-saving intervention. Reset current item label

o IfyessESI-1

+ Ifno- proceed to Decision Point B
Decision Point B — High-risk situation

* Evaluates whether the patient has a high-risk condition.
s IfyessESI-2

« Ifno- proceed to Decision Point C
Decision Point C — Resource needs

«  Estimates how many resources the patient will require.
e =2resources > ESI-3

* 1lresource > ESI-4

* Oresources > ESI-5

s Then proceed to Decision Point D for vital signs review
Decision Point D — Vital signs check

* Reviews vital signs to adjust acuity if needed.

« Patientsinitially ESI-3 may be upgraded to ESI-2 if abnormal vitals suggest possible deterioration.

Figure 9: Annotation interface for annotating ESI triage levels.
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( Prompt Template used for SOAP-guided Encoding b

System Prompt:
You are an emergency triage doctor using the SOAP framework for triage (levels 1-5, with 1 being
most urgent).

Input:
Below is a short triage note describing a patient’s condition: {text}
Subjective Task:
1. Extract and analyze only the SUBJECTIVE: what the patient or caregiver reports in their own words,
including main complaint, onset, context, and perceived severity.
2. Ignore physical exam findings, vital signs, measurements, and any management plan.
3. Write 2-3 concise sentences in English, focusing purely on the subjective complaint.
Output ONLY the analyzed subjective description, without any labels or extra commentary.
Objective Task:
1. Extract and analyze only the OBJECTIVE: vital signs, observable findings, measurements, and
documented exam facts.
2. Do NOT include patient-reported symptoms unless they are clearly measured/observed.
3. Write 2-3 concise sentences in English.
Output ONLY the rewritten objective description, with no labels or extra commentary.
Assessment Task:
1. Based on the text, infer and summarize the clinical ASSESSMENT: likely problem(s), possible
differential diagnoses, and overall severity or risk.
2. Focus on short phrases like "minor soft tissue injury", "possible head trauma", "suspected asthma
exacerbation", "high risk chest pain", etc.
3. Use 2-3 concise sentences in English, emphasizing severity and risk (e.g., stable vs. potentially
life-threatening), but DO NOT mention any specific triage level number.
Output ONLY the rewritten assessment, without any labels or extra commentary.
Plan Task:
1. Infer and summarize the management PLAN (P in SOAP) that would reasonably follow from this
triage note in an emergency department.
2. Focus on the types of resources and actions likely needed: examples include wound cleansing and
suturing, observation, laboratory tests, imaging studies, medications, monitoring of vital signs, or
immediate life-saving interventions.
3. Use 1-3 concise sentences in English describing the recommended next steps and resources, but DO
NOT mention any specific triage level number.

\Output ONLY the inferred management plan, without any labels or extra commentary. )

Figure 10: Prompt template used for SOAP-guided encoding in the SOAPTriage framework.
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