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Abstract

Emergency departments (EDs) operate under
severe time pressure, requiring clinicians to
rapidly collect information and document pa-
tient encounters as multimodal data, such as
clinical conversations, triage notes, and dis-
charge documents. Recent advances in natural
language processing (NLP), particularly pre-
trained transformers and large language mod-
els, have created new opportunities to support
language and time-intensive stages of emer-
gency care. In this survey, we review NLP
tasks and methods across the three phases of
ED care: triage, diagnosis, and disposition,
covering problems such as triage classifica-
tion, clinical summarisation, automatic diag-
nosis, report generation, and discharge docu-
mentation. We examine modelling paradigms,
evaluation practices, and emerging benchmarks
and shared tasks. Across tasks, we identify
common trends, including a shift from task-
specific neural architectures to pretrained lan-
guage models, growing interest in interactive
clinical systems, and increasing attention to
clinically grounded evaluation. Finally, we
detail open challenges (such as noisy clini-
cal data, limited generalisability, and workflow
constraints) to applying NLP techniques in ED
settings, which will be useful for NLP and clin-
ical researchers alike.

1 Introduction

The use of natural language processing (NLP) in
medical domains has been widely studied (Wu
et al., 2020). Modern NLP approaches, particu-
larly following the development of Transformer-
based large language models (LLMs), have enabled
a range of clinical tasks, including summarisa-
tion (Adams et al., 2021), dialogue modelling (Xu
et al., 2023), information extraction (Fornasiere
et al., 2024), and clinical decision support (Xu
et al., 2024b). This survey focuses on a specific
clinical context: emergency departments (EDs),

where clinicians work under severe time pressure,
often within a four-hour window from arrival to
disposition (Jones and Schimanski, 2010; Mason
et al., 2012). ED care unfolds across three phases:
triage and arrival, diagnosis and assessment, and
patient disposition1. These phases generate triage
notes, chief complaints, patient speech, consulta-
tion notes, radiology and laboratory reports, and
discharge summaries, most of which are structured
and unstructured textual records covering initial
reports, intermediate clinical reasoning, and final
decisions. Applying NLP techniques to ED data,
therefore, has the potential to reduce the documen-
tation burden, surface important clinical signals,
and support consistent communication with the pa-
tient throughout the ED workflow2.

Existing surveys of Artificial Intelligence (AI)
and NLP in emergency medicine provide useful
overviews of use cases and clinical outcomes. How-
ever, they primarily draw on clinical settings and
rarely examine methodological aspects relevant
to NLP, such as task formulation, modelling as-
sumptions, or evaluation protocols in a systematic
way (Kirubarajan et al., 2020; Stewart et al., 2023;
Tyler et al., 2024). Conversely, surveys within the
NLP community often focus on specific tasks or
model architectures without assessing their evalua-
tion practices or alignment with real-world work-
flow constraints (Di Martino and Delmastro, 2022;
Valizadeh and Parde, 2022; Wang et al., 2025b).
This fragmentation leaves open fundamental ques-
tions about how ED-oriented NLP tasks are formu-
lated, how modelling paradigms are chosen, and
whether evaluation practices adequately reflect op-
erational realities in emergency care.

To address this gap, we survey NLP research
applied to ED workflows through a corpus of 54

1Three ED phases described in Appendix A.
2a detailed motivation for NLP approaches in ED in Ap-

pendix B.
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Figure 1: Overview of NLP tasks across the three phases of the ED workflow.

papers3. We analyse how these systems are de-
ployed across ED phases and examine trends in
dataset language, input modality, and modelling
paradigms. We further synthesise task-level de-
velopments across triage classification, clinical in-
teraction summarisation, automatic diagnosis, ra-
diology report generation, disposition prediction,
and discharge documentation. Finally, we discuss
benchmarking resources and outline open chal-
lenges and future research directions for deploying
NLP systems in ED settings.

2 Research Trends

Tables 2 and 3 in Appendix D provide a paper-level
catalogue of all 54 included papers. We outline the
trends across three dimensions: clinical settings,
training paradigms, and evaluation paradigms.

2.1 Clinical settings
ED phase. Most work targets diagnosis and as-
sessment (39/54), where language data are rela-
tively rich and naturally support tasks such as clin-
ical summarisation, diagnostic reasoning, and re-
port generation. By contrast, triage receives limited
attention (5/54), despite being one of the most time-
critical stages of ED care. Disposition tasks appear
in 10 studies, including disposition prediction and
discharge documentation. Research therefore con-
centrates on downstream reasoning and documen-
tation rather than early triage decision support.

Language. English remains the dominant lan-
guage (42/54) for NLP research in ED, followed by
Chinese (13/54); other languages, such as German
and Spanish, appear in a small number of studies

3Search strategy and inclusion criteria in Appendix C.

(3/54). This imbalance largely reflects the avail-
ability of public clinical corpora, especially the
MIMIC family of datasets (Johnson et al., 2019,
2023a,b), which have become standard resources
for ED-facing clinical NLP. The limited represen-
tation of other languages highlights the scarcity of
multilingual datasets and evaluation resources.

2.2 Training paradigms

Input modality. Text is the primary input modal-
ity (49/54), including triage notes, clinical conver-
sations, physician documentation, and radiology
reports. Structured electronic health record vari-
ables appear in 23/54 studies, while only 3/54 in-
corporate medical imaging directly. Despite the
availability of heterogeneous multimodal informa-
tion, most current work remains text-centred.

Training strategies. Supervised methods appear
in 13/54 studies, agent-based systems in 10/54,
transfer learning in 8/54, knowledge-grounded
models in 5/54, pretraining and prompt-based ap-
proaches in 4/54 each, reinforcement learning in
3/54, and retrieval-augmented generation in 2/54.
This distribution suggests a lack of a single domi-
nant strategy beyond conventional supervised and
transfer learning approaches. Agent-based and
retrieval-augmented methods are concentrated in
2024 and 2025, reflecting the recent influence of
LLM-based pipelines.

2.3 Evaluation paradigms

Study design. Most papers rely on retrospective
records, simulation, or synthetic data. Only one
study adopts a prospective design (Ip et al., 2024),
with data collected alongside live clinical care. As
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a result, most findings remain supported by offline
evaluation rather than real-time clinical use.

Clinician evaluation. Only 13/54 papers supple-
ment automated metrics with clinician or human
judgement. The remainder rely entirely on auto-
matic evaluation (Lin, 2004), despite the limited
alignment between such metrics and clinical util-
ity (Moramarco et al., 2022). This gap is especially
important in ED settings due to high cost of error.

Deployment. Only one paper reports clinical de-
ployment (Hou et al., 2023). Despite growing
methodological diversity, real-world validation re-
mains extremely limited. A central challenge for
the field is to develop ED-focused NLP systems
that can be integrated safely into practice.

3 NLP Tasks in the ED

NLP methods in healthcare support several func-
tions that align closely with the three phases of
the ED workflow. Figure 1 summarises the main
ED-focused tasks across the three ED phases. The
following subsections describe each task, the main
training strategies (Figure 2), and the metrics used
to evaluate them. Appendix E provides a summary
of reported performance across the reviewed tasks.

3.1 Triage Classification
Triage classification assigns an urgency or severity
category (ETEK, 2024; Gilboy et al., 2005) at ar-
rival and triage. Inputs typically include chief com-
plaints and brief free-text notes, sometimes com-
bined with vital signs and other encounter metadata,
such as patient demographics. The output is a dis-
crete category used for prioritisation and resource
allocation (Stewart et al., 2023). Early work used
topic modelling on triage notes to reveal symptom
clusters and temporal patterns, suggesting that free
text can support triage decisions (Kocbek et al.,
2014). Existing work approaches this task us-
ing several modelling paradigms, which can be
grouped into representation learning approaches
based on pretrained Transformers, agent-based and
retrieval-augmented LLM systems.

Transfer learning approaches. Several ap-
proaches formulate the task as a supervised clas-
sification problem using contextual embeddings
derived from pretrained transformers. Prior work
combines free-text inputs with structured clinical
features by serialising numeric variables into tex-
tual form before encoding (Maschhur et al., 2024;

Liu et al., 2025). The resulting representation is
then used for triage classification (Maschhur et al.,
2024), along with expert knowledge (Liu et al.,
2025). Overall, these approaches use pretrained
encoders to jointly model short textual descriptions
and structured triage variables.

Agent-based approaches. Recent work explores
LLMs acting as collaborative agents for triage
decision-making. One line of work uses multiple
LLM-based medical experts that iteratively discuss
a case and converge on a triage decision through
multi-round deliberation (Lu et al., 2024). Another
approach models triage as a dynamic process by
performing an initial assessment and then revising
the assigned level as additional patient information
becomes available (Zhu et al., 2025b). This formu-
lation explicitly models interacting with patients to
gather additional information.

Retrieval-augmented approaches. Another
emerging direction augments LLMs with external
medical knowledge. These methods serialise struc-
tured ED variables and clinical notes into prompts,
then retrieve supporting evidence from sources
such as PubMed4 to guide prediction (Gaber et al.,
2025). Experiments suggest that incorporating
vital signs and retrieved references can improve
performance across several LLM configurations.

Metrics. Triage classification is usually evalu-
ated with standard classification metrics such as ac-
curacy, precision, recall, F1, and AUC (Maschhur
et al., 2024; Liu et al., 2025; Zhu et al., 2025b;
Gaber et al., 2025). Some work also reports
disagreement-based measures such as total discor-
dance, defined as 1 − accuracy, to quantify mis-
match with clinician-assigned triage levels (Lu
et al., 2024). However, most studies treat triage
as a standard multi-class classification task and do
not account for the ordinality of triage categories.
Dataset properties such as long-tailed symptom dis-
tributions are also rarely addressed explicitly dur-
ing model development (Maschhur et al., 2024).

3.2 Clinical Interaction Summarisation
Clinical interaction summarisation converts multi-
speaker doctor-patient conversations into structured
clinical notes, most commonly in SOAP format
(Subjective, Objective, Assessment, Plan). Exist-
ing work can be grouped into task-specific neural
architectures, transfer-learning approaches based

4https://pubmed.ncbi.nlm.nih.gov/
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Pretraining Grambow et al. (2022); Chen et al. (2023b); Yuan et al. (2024); Wang et al. (2025a)

Transfer Learning Li et al. (2020); Lovelace and Mortazavi (2020); Krishna et al. (2021); Su et al. (2022);
Chen et al. (2023c); Singh et al. (2023); Maschhur et al. (2024); Liu et al. (2025)

Supervised

Jeblee et al. (2019); Fernandes et al. (2020); Joshi et al. (2020); Rahman et al. (2020);
Schloss and Konam (2020); Chen et al. (2022); Hou et al. (2023); Wang et al. (2023b);
Xu et al. (2023); Ip et al. (2024); Gatto et al. (2025); Nicolson et al. (2025); Qin et al.
(2025)

Reinforcement Learning Wei et al. (2018); Tchango et al. (2022)

Knowledge-Grounded Lin et al. (2021); Naseem et al. (2022); Eremeev et al. (2023); Xu et al. (2024b); Jia et al.
(2025)

Retrieval Augmented Gaber et al. (2025); Xia et al. (2025)

Prompt-based Nair et al. (2023); Liu et al. (2024b); Socrates et al. (2024); Wu et al. (2024a)

Agent-based
Dou et al. (2023); Dou et al. (2024); He et al. (2024); Lu et al. (2024); Sun et al. (2024);
Chen et al. (2025a); Zhu et al. (2025b); Ju and Lee (2025); Rose et al. (2025); Sun et al.
(2025)

Figure 2: Training strategies used in the included literature.

on pretrained transformers, domain-adaptive pre-
training approaches, and prompt-based methods.

Neural architectures. Early work relied on task-
specific neural architectures trained directly on an-
notated dialogue datasets. These methods often
decomposed the task into intermediate steps such
as utterance classification, clinical entity extraction,
and SOAP section prediction (Jeblee et al., 2019;
Schloss and Konam, 2020). Other studies explored
abstractive summarisation with pointer-generator
networks (See et al., 2017) to better model negation
and encourage copying of clinically salient con-
tent from the source dialogue (Joshi et al., 2020).
Pipeline-oriented systems were also developed to
combine automatic speech recognition, clinical
concept extraction, and rule-based post-processing
for structured form filling from emergency medical
service intake reports (Rahman et al., 2020). Over-
all, these methods were highly task-specific and
often depended on multi-stage pipelines.

Transfer learning approaches. With the emer-
gence of pretrained transformer models, recent
work formulates clinical interaction summarisation
as a transfer learning problem. These approaches
use pretrained encoders or encoder-decoder mod-
els to support both utterance-level note section as-
signment and section-conditioned summary gen-
eration (Krishna et al., 2021; Su et al., 2022;
Chen et al., 2023c). For example, Krishna et al.
(2021) proposes a hybrid extractive-abstractive ap-
proach that identifies noteworthy utterances us-
ing a BERT-LSTM classifier and then generates
section-conditioned summaries using a fine-tuned
T5 model. Others adapt transformer models to

conversational medical data before performing
section classification (Chen et al., 2023c) or ab-
stractive summarisation with pointer-generator net-
works (Singh et al., 2023). Compared with earlier
neural systems, these methods rely less on hand-
crafted pipelines and more on transfer from LLMs.

Pretraining approaches. A related line of work
adapts pretrained models to the clinical dialogue do-
main before task-specific fine-tuning. This includes
continued or domain-adaptive pretraining with de-
noising objectives on conversational or synthetic
clinical corpora, followed by fine-tuning for note
generation or note section summarisation (Gram-
bow et al., 2022; Chen et al., 2023b). More recent
work explores continual pretraining of LLMs on
clinical corpora such as MIMIC-IV-Note (Johnson
et al., 2023b) before adapting them for summarisa-
tion tasks (Yuan et al., 2024). Wang et al. (2025a),
with reinforcement learning, further aligns sum-
marisation quality with clinician expectations.

Prompt-based approaches. Recent work also
explores prompt-based approaches using LLMs
without task-specific training. Nair et al. (2023) for-
mulate the task as a multi-step prompting pipeline
using GPT-3 (Brown et al., 2020), first extracting
clinical entities and then generating structured sum-
maries conditioned on these entities. Expert evalu-
ation is used to assess the quality and coverage of
the summary and clinical concepts.

Metrics. Evaluation of clinical interaction
summarisation typically relies on automated
metrics such as ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2020), along with
domain-specific measures such as medical concept
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coverage using tools like QuickUMLS (Grambow
et al., 2022; Singh et al., 2023). Some work addi-
tionally evaluates the accuracy of utterance-level
section classification using standard classification
metrics such as AUROC (Jeblee et al., 2019;
Schloss and Konam, 2020).

3.3 Automatic Diagnosis
Automatic diagnosis systems model diagnostic rea-
soning by eliciting implicit symptoms over multiple
conversational turns and, in some cases, proposing
differential diagnoses. In the ED, this aligns with
diagnosis and assessment, where structured history-
taking and timely rule-in or rule-out decisions are
critical. We focus on approaches trained and eval-
uated on derived data (dialogues or notes) rather
than on single-turn settings with fully observed in-
formation (Jin et al., 2021a). Existing work can be
grouped into reinforcement learning, supervised,
knowledge-grounded, and agent-based approaches.

Reinforcement learning approaches. Early
work formulated automatic diagnosis as a sequen-
tial decision-making problem in which the system
learns a policy for symptom inquiry through re-
inforcement learning. Wei et al. (2018) propose
a task-oriented dialogue system that uses a Deep
Q-Network to decide whether to inquire about ad-
ditional symptoms or produce a diagnosis. Later
work extends this paradigm with more structured
reward design. For example, Tchango et al. (2022)
introduce a dual-branch architecture combining an
evidence acquisition policy with a disease classifier
and reward functions that encourage exploration
of differential diagnoses and prioritisation of se-
vere conditions. Despite these advances, reinforce-
ment learning approaches often require carefully
engineered reward functions and can suffer from
unstable training and limited data efficiency.

Supervised approaches. To address limitations
of reinforcement learning methods, several studies
reformulate diagnosis as a supervised prediction
problem. These approaches learn symptom acquisi-
tion and disease prediction directly from labelled in-
teractions, often using transformer-based architec-
tures to model symptom dependencies and dialogue
context (Chen et al., 2022; Wang et al., 2023b; Hou
et al., 2023).Some methods treat diagnosis as symp-
tom sequence generation, jointly predicting follow-
up symptom inquiries and disease labels (Chen
et al., 2022). Others use collaborative or multi-task
learning frameworks to align symptom checking

with disease prediction (Wang et al., 2023b; Hou
et al., 2023). More recent work focuses on mod-
elling dialogue structure, follow-up questions, and
patient responses more explicitly to improve symp-
tom tracking and downstream diagnostic reason-
ing (Xu et al., 2023; Gatto et al., 2025; Qin et al.,
2025). However, many supervised approaches as-
sume that symptoms are available in structured
form, and therefore require additional language un-
derstanding components to extract symptoms from
conversations before performing diagnosis.

Knowledge-grounded approaches. Several
studies incorporate structured medical knowledge
to improve diagnostic reasoning. Prior work
injects medical knowledge graphs into transformer
models through knowledge-enriched utterance
representations (Naseem et al., 2022), while
graph-based methods model symptom-disease rela-
tionships with evolving knowledge graphs to guide
dialogue generation and entity prediction (Lin
et al., 2021). More recent approaches integrate
knowledge graphs with LLMs. For example, Jia
et al. (2025) propose medIKAL, which combines
LLM predictions with knowledge graph retrieval
and path-based re-ranking to identify candidate
diseases. Other work focuses on improving how
LLM reasoning better reflects clinical diagnostic
processes by explicitly modelling intermediate
reasoning steps during dialogue (Xu et al., 2024b).

Agent-based approaches. Recent work explores
LLMs as autonomous diagnostic agents capable
of multi-step reasoning. These systems often de-
compose diagnosis into specialised functions such
as symptom acquisition, knowledge retrieval, and
differential diagnosis ranking (Rose et al., 2025;
Ju and Lee, 2025; Dou et al., 2023). Some ap-
proaches incorporate structured diagnostic proto-
cols or clinical flowcharts into LLM-based dialogue
systems through preference learning and rule eval-
uation (Dou et al., 2024). Others use multi-agent
frameworks to simulate multidisciplinary consul-
tations or to coordinate multiple diagnostic roles
during patient interactions (Chen et al., 2025a).
Prompting-based variants also attempt to expose in-
termediate reasoning more explicitly, for example,
through least-to-most prompting (He et al., 2024)
or dynamic prompt adaptation (Sun et al., 2025)
with retrieved medical knowledge and dialogue
demonstrations. Many studies rely on API-based
models, simulated patients, or controlled evaluation
settings, raising concerns about reliability, privacy,
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and deployment in real clinical environments.

Metrics. Evaluation of automatic diagnosis sys-
tems typically measures diagnostic accuracy and
symptom acquisition efficiency. Common metrics
include disease prediction accuracy, recall of im-
plicit symptoms, and the number of conversational
turns required to reach a diagnosis (Wei et al., 2018;
Tchango et al., 2022). Some work also evaluates
ranking-based metrics such as Recall@K for dif-
ferential diagnosis generation (Chen et al., 2022;
Wang et al., 2023b). Reinforcement learning ap-
proaches additionally report success rate and cumu-
lative reward to measure efficiency. However, few
studies evaluate agreement with clinician diagnoses
or assess performance in real clinical workflows.

3.4 Radiology Report Generation

Prior surveys reviewed medical report generation
more broadly, including consultations and dis-
charge summaries and their evaluation (Zhou et al.,
2023). In contrast, we focus on radiology report
generation (RRG) for chest X-rays, emphasising
methods and metrics that matter in the ED con-
text. RRG translates one or more images from a
radiology exam, often with limited clinical con-
text, into a coherent report with clinically faithful
Findings and Impression sections. Most models are
trained and evaluated on large CXR corpora such
as MIMIC-CXR (Johnson et al., 2019). Because
many of these examinations occur during ED stays,
the task is directly relevant to the workflows.

Early approaches adapted image-captioning ar-
chitectures to radiology by encoding visual fea-
tures from chest radiographs and generating re-
ports with autoregressive decoders. For exam-
ple, Lovelace and Mortazavi (2020) proposes a
transformer-based model that extracts spatial im-
age features using a pretrained DenseNet-121 en-
coder and generates reports with a transformer
decoder. To improve clinical fidelity, the model
also introduces an auxiliary objective that enforces
agreement between clinical observations extracted
from generated reports and those from reference
reports. More recent work enriches report gener-
ation with a structured clinical context. For in-
stance, CXRMate-ED (Nicolson et al., 2025), a
multimodal language model that combines chest
X-ray images with patient data such as triage vitals
and medications. These heterogeneous inputs are
embedded and used to prompt a Llama-based de-
coder with a UniFormer image encoder. Training

proceeds in multiple stages, including supervised
learning and self-critical sequence training. Other
recent approaches use retrieval augmentation to im-
prove factual consistency. MMed-RAG (Xia et al.,
2025) retrieves domain-specific contextual infor-
mation and dynamically filters retrieved evidence
before generation, then applies preference-based
fine-tuning to better align outputs with reference
reports. Taken together, these methods reflect a
broader shift from image-to-text generation toward
context-aware and retrieval-grounded report gener-
ation to reduce clinically harmful hallucinations.

Metrics. Evaluation of radiology report genera-
tion typically relies on automated text generation
metrics such as ROUGE, BLEU (Papineni et al.,
2002), and CIDEr (Vedantam et al., 2015), along
with precision and recall for the extracted clinical
concepts. Some recent work also reports diagnos-
tic classification metrics when assessing the clin-
ical correctness of generated reports (Xia et al.,
2025). However, the risks of persistent halluci-
nations mean that factual consistency checks and
dedicated error detection remain essential for ED
deployment (Min et al., 2022; Rusak et al., 2023).

3.5 Tasks in Patient Disposition
Disposition in the ED spans two language-relevant
problems. The first is disposition prediction, which
forecasts whether a patient will be admitted or
discharged and the likely destination, such as a
ward or ICU. The second is discharge instructions,
which translate care plans into patient-facing guid-
ance. Both problems draw on resources available
at triage time, such as early triage narratives, chief
complaint text, brief histories, clinician notes, vi-
tals and demographics. We structure this section
by task as the literature is relatively small.

Disposition Prediction. Disposition prediction
aims to identify patients at risk of hospitalisation
or clinical deterioration early in the ED encounter.
Prior work shows that combining routine triage
variables with free-text chief complaints improves
early risk stratification, with textual features com-
plementing structured variables for outcomes such
as ICU admission and related critical events (Fer-
nandes et al., 2020). Multimodal variants extend
this setting by incorporating lightweight visual sig-
nals. For example, short triage videos that capture
clinical gestalt can improve hospitalisation predic-
tion when fused with standard triage variables (Ip
et al., 2024). More recent work explores LLM-
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based approaches that unify structured and textual
patient data within a single prediction framework.
For example, ED-Copilot linearises patient infor-
mation into text processed by BioGPT (Luo et al.,
2022) to predict critical outcomes and recommend
informative laboratory tests (Sun et al., 2024). It
further uses reinforcement learning to recommend
laboratory groups that reduce diagnostic delay.

Discharge Instructions Generation. At the
point of disposition, language technologies sim-
plify and standardise care plans into patient-facing
instructions. PharmMT formulates prescription di-
rection simplification as neural machine transla-
tion from clinical to lay phrasing and reports sub-
stantial gains on automatic metrics together with
pharmacist-judged safety and usability at scale (Li
et al., 2020). For broader discharge instructions,
injecting domain knowledge during generation am-
plifies the use of rare clinical tokens (Eremeev et al.,
2023). It improves factuality and coherence of gen-
erated patient instructions from doctor-patient dia-
logue, compared with instruction-tuned baselines.

Metrics. For disposition prediction, common
metrics include AUROC, AUPRC, and calibration
measures, often with subgroup analyses for higher-
and lower-acuity patients (Fernandes et al., 2020;
Ip et al., 2024). For discharge instructions, the met-
rics are typically complemented by readability as-
sessments and pharmacist or clinician judgements
of utility and safety (Li et al., 2020; Eremeev et al.,
2023). Across both tasks, evaluation should remain
sensitive to calibration and subgroup performance
in the heterogeneous ED population.

4 Benchmarks and Shared Tasks

Early benchmarks for clinical language models
relied mainly on exam-style question answering
datasets that measured factual recall rather than real
clinical decision-making and communication (Jin
et al., 2021b, 2019). Recent benchmarks explore
open-ended tasks that better reflect clinical work-
flows, including summarisation, diagnosis, and dis-
position prediction. ClinicBench (Liu et al., 2024a)
represents this shift by aggregating datasets for
clinical language understanding, reasoning, and
generation. SOTA LLMs report worse perfor-
mance on open-ended tasks than on exam-style
benchmarks. Benchmarks have also expanded be-
yond text-only evaluation toward multimodal and
process-centric settings. MC-BEC (Chen et al.,

2023a) integrates structured intake data, radiology
reports, vital signs, and physiological waveforms
across >100K ED visits for time-sensitive predic-
tion tasks such as decompensation and disposition.
Other resources target safety and longitudinal rea-
soning: MEDEC (Ben Abacha et al., 2025) evalu-
ates detection and correction of clinically signifi-
cant documentation errors, ACI-Bench (Yim et al.,
2023) evaluates dialogue-to-note generation from
full doctor-patient conversations. Finally, MedJour-
ney (Wu et al., 2024c), MediQ (Li et al., 2024),
and DDxGym (Winter et al., 2024) assess patient-
journey and interactive diagnostic reasoning.

Shared tasks provide controlled comparisons
under common datasets and protocols. In clini-
cal interaction summarisation, the MEDIQA-Chat
2023 shared task introduced section-wise and
full-note generation from doctor-patient conversa-
tions (Ben Abacha et al., 2023a). Participating sys-
tems used both fine-tuned encoder-decoder mod-
els with dialogue-aware or retrieval-based compo-
nents and in-context learning approaches based on
LLMs (Giorgi et al., 2023; Tang et al., 2023). Re-
sults suggest that in-context learning is compet-
itive with fully fine-tuned systems for sectioned
note generation, while datasets released through
the challenge have also enabled analysis of faith-
fulness and error patterns in dialogue-to-note gen-
eration (Ben Abacha et al., 2023b).

A similar pattern appears in discharge docu-
mentation. The BioNLP 2024 Clinical Text Gen-
eration challenge introduced the Discharge Me!
task for generating Brief Hospital Course and Dis-
charge Instructions from EHR data (Xu et al.,
2024a). Submitted systems explored prompt-based
LLMs (Damm et al., 2024), encoder-decoder mod-
els (Socrates et al., 2024), and hybrid pipelines
that combined structured extraction with controlled
generation (Liu et al., 2024b). In particular, dy-
namic input filtering was reported to improve both
automatic scores and clinician-rated completeness
and correctness (Wu et al., 2024a). However, or-
ganiser analyses show that automatic metrics still
capture only part of the overall quality, making
clinician evaluation necessary for assessing correct-
ness, completeness, and readability.

5 Conclusion and Future Directions

This survey reviewed recent advances in NLP for
the ED workflow. We covered representative mod-
elling approaches and evaluation metrics for key
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language-intensive tasks in ED settings: triage clas-
sification, clinical interaction summarisation, auto-
matic diagnosis, radiology report generation, dispo-
sition prediction, and discharge instruction genera-
tion. We also discussed emerging benchmarks and
shared tasks that move evaluation beyond exam-
style question answering toward more realistic clin-
ical workflows. Across these tasks, several com-
mon trends emerge: (i) recent work has shifted
from task-specific neural architectures toward pre-
trained transformer models and LLMs; (ii) evalu-
ation settings are increasingly open-ended, multi-
modal, and process-oriented settings, reflecting the
complexity of real-world clinical workflows; (iii)
many systems are no longer framed as isolated pre-
diction models, but as interactive tools for summari-
sation, reasoning, and decision support. Despite the
progress across language-intensive tasks, several
challenges remain before language technologies
can be reliably deployed in ED workflows.

Robustness to real-world clinical data. Many
existing systems assume clean and structured in-
puts. For example, summarisation models typi-
cally rely on manually curated transcripts, while
triage and diagnosis models often assume complete,
structured symptom representations. However, ED
data is noisy and incomplete: speech transcripts
contain recognition and diarisation errors (Goss
et al., 2016), triage decisions are made under time
pressure with limited opportunity for data verifica-
tion (Hitchcock et al., 2014), and patient descrip-
tions are expressed in informally (Meeuwesen et al.,
2010). Future works will need to be robust to such
variability in inputs for real-world deployment.

Evaluation and clinical validation. Current
evaluation practices are heavily dependent on auto-
mated metrics such as accuracy, ROUGE, BLEU,
or concept coverage scores (Section 2). While these
metrics enable benchmarking, they often correlate
poorly with clinical usefulness and safety (Mora-
marco et al., 2022). More reliable evaluation
requires incorporating clinician judgement, er-
ror analysis of medically critical omissions, and
workflow-oriented measures such as documenta-
tion time savings. As healthcare decisions are high-
risk and strongly context-dependent (Chen et al.,
2025b), automatic clinical evaluation is inherently
difficult. Hence evaluation frameworks should ex-
plicitly prioritise detecting clinically unsafe errors,
such as missed red flags or inappropriate decision-
making.

Data limitations and generalisability. Many
studies rely on datasets from single institu-
tions (Johnson et al., 2023a) or online health com-
munities (Xu et al., 2019), raising concerns about
ecological validity and generalisation across health-
care settings. Differences in documentation style,
patient population, case mix, and local workflow
can substantially affect model behaviour. Broader
multi-institution evaluation across diverse ED set-
tings is therefore necessary to assess the reliability
and transportability of these systems.

Multimodal clinical reasoning. Most current ap-
proaches rely primarily on text, even though clin-
ical decision-making depends on multiple infor-
mation sources, including medical images, labora-
tory results, physiological signals, and structured
EHR data. This limitation is especially impor-
tant for tasks such as automatic diagnosis, dispo-
sition prediction, and radiology report generation,
where clinically relevant evidence is distributed
across modalities. Developing models that can
integrate multimodal and heterogeneous clinical
signals, such as vital signs and conversational in-
puts, remains an important direction for building
more realistic ED decision-support systems.

Deployment, privacy and Workflow integration.
Only a single system across the entire corpus has
been reported as clinically deployed (Section 2),
making practical deployment the most concrete
open challenge for the field. Many recent ap-
proaches rely on API-based models, which may
conflict with privacy regulations governing patient
data. Even locally deployable systems must inte-
grate with EHR infrastructure and clinical work-
flows while remaining transparent, secure, and
accountable. Concerns around privacy preserva-
tion (Javed et al., 2025; Tahera et al., 2026), model
bias (Zhao et al., 2024), and explainability (Amin
et al., 2026) remain major barriers to adoption in
healthcare settings (Wang and Zhang, 2024). Suc-
cessful real-world deployment requires seamless
workflow integration alongside clear governance,
accountability, and clinical oversight frameworks.
Addressing these challenges will require closer col-
laboration among NLP researchers, nurses, clin-
icians, and healthcare institutions, as well as the
development of broader and more realistic bench-
marks, larger and more diverse datasets, and clini-
cally grounded evaluation protocols.
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Limitations

This survey focuses on a defined subset of clini-
cal NLP problems in the emergency department,
specifically tasks related to triage, diagnosis, and
disposition. As a result, it does not aim to cover
the broader clinical NLP landscape exhaustively.
The survey also synthesises studies that differ sub-
stantially in task formulation, dataset design, and
evaluation methodology, thereby limiting direct
comparisons across methods. Consequently, it is
better suited to identifying broad methodological
trends and open challenges than to making strong
comparative claims about real-world clinical per-
formance.

Ethical Considerations

The methods discussed in this survey should be
treated as supplementary tools for clinicians rather
than replacements for clinical expertise. In emer-
gency care, incorrect, incomplete, or poorly cal-
ibrated model outputs could contribute to unsafe
decisions, and fluent language may encourage over-
reliance on system recommendations. Patient-
facing applications require particular caution be-
cause errors may directly influence patient un-
derstanding and behaviour. Additional risks in-
clude privacy concerns, bias across patient groups,
and limited generalisability across institutions and
workflows. These concerns highlight the need for
clinician oversight, careful validation, and stronger
scrutiny before real-world deployment.
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A Emergency Department Phases

To contextualise the NLP tasks reviewed later, this
section outlines the three main phases of the ED
workflow: triage and arrival, diagnosis and assess-
ment, and patient disposition. These phases struc-
ture how information is collected, documented, and
acted upon during an ED encounter, and they mo-
tivate the task groupings used in the remainder of
the survey.

A.1 Triage and Arrival
As shown in Figure 3, the ED workflow begins
with patient arrival, whether by self-presentation or
emergency services transport. At this stage, a triage
nurse rapidly evaluates the patient’s condition and
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Figure 3: Overview of the main phases of the emergency department workflow.

assigns an appropriate triage category. While some
systems also employ a general practitioner, triage in
most EDs is performed exclusively by nurses, who
follow structured protocols rather than diagnostic
reasoning. This distinction matters for NLP, since
tools designed for triage must align with protocol-
driven decision rules rather than physician-style as-
sessment. Several triage scales are used internation-
ally, including the Emergency Severity Index (ESI)
in the United States (Espejo et al., 2025), the Aus-
tralasian Triage Scale (ATS) in Australia (Cham-
berlain et al., 2015), the Manchester Triage Scale in
Europe (Cooke and Jinks, 1999), and the CETEC
in China (Liu et al., 2025). While these scales share
a five-level ordinal structure (with Level 1 denot-
ing the most urgent cases), their underlying criteria
differ. For instance, the ESI assigns triage lev-
els based on the anticipated resource requirements,
whereas the ATS focuses on the maximum accept-
able waiting time before physician assessment. Be-
yond triage, clinicians generate brief intake notes
summarising the chief complaint, relevant history,
vital signs, and the assigned category, which form
the basis for subsequent decision-making.

A.2 Diagnosis and Assessment

Following triage, patients progress to the diagno-
sis and assessment phase, which forms the core
of clinical decision-making in the ED. Physicians
combine information from the initial hand-off notes
with elicited symptoms, examination findings, and
diagnostic investigations such as laboratory tests or
imaging. Documentation at this stage often follows
the SOAP structure, consisting of textitSubjective
(patient-reported complaints), Objective (observed
signs and results), Assessment (provisional or con-

Stage ACL AAAI NeurIPS ACM Others Total

Initial search 982 466 264 436 884 3032
Title screen 251 34 20 40 23 368

Abstract screen 127 10 11 14 18 180
Full paper screen 34 5 2 2 9 54

Table 1: The number of papers included from each
source in the paper screening process.

firmed diagnosis), and Plan (treatment and disposi-
tion). Depending on clinical presentation and local
workflow, patients may be observed for a short stay
before a final disposition decision is made.

A.3 Patient Disposition
The final phase of an ED encounter involves dis-
position, where the clinician formalises the next
stage of care. Patients may be discharged with
prescriptions and follow-up instructions or admit-
ted to an inpatient ward or intensive care unit.
The discharge summary consolidates information
about presenting complaints, diagnostic findings,
treatment plans, and recommendations for ongoing
management. Beyond serving as documentation,
these summaries are critical for ensuring continuity
of care across providers.

B The Promise of NLP in the ED

Over the years, language technologies have pro-
gressed from sparse vector models to large-scale
neural sequence models. Early approaches relied
on bag-of-words representations, such as TF-IDF
and n-gram language models, for tasks such as
document retrieval, topic detection, and basic text
classification. These were followed by linear and
probabilistic models, including logistic regression,
maximum entropy models, and conditional random
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fields, which improved performance on sequence
labeling tasks such as part-of-speech tagging and
named entity recognition. A major shift came
with distributed word representations, in which
neural language models and word embeddings re-
placed sparse features with dense vectors that en-
code semantic similarity. These representations
enabled neural architectures, particularly recurrent
networks such as LSTMs and GRUs, to become the
dominant paradigm across a wide range of applica-
tions, including machine translation, dialogue state
tracking, and extractive summarisation. Sequence-
to-sequence models with attention further unified
many tasks under a common encoder-decoder for-
mulation, where the same architecture could be
instantiated for translation, abstractive summari-
sation, and question answering by changing the
training data and objective.

Transformer architectures and large-scale pre-
training have since redefined the state of the art
for both natural language understanding (NLU)
and natural language generation (NLG). Encoder-
only models trained with masked language mod-
elling objectives (Devlin et al., 2019) are now rou-
tinely fine-tuned on multi-task benchmarks such as
GLUE (Wang et al., 2018) and SuperGLUE (Wang
et al., 2019) for sentence classification, textual en-
tailment, and natural language inference. Decoder-
only (Touvron et al., 2023) and encoder-decoder
models (Raffel et al., 2020) trained with causal
or span-corruption objectives underpin contempo-
rary systems for open-domain question answer-
ing (Zhang et al., 2023), dialogue summarisa-
tion (Zhu et al., 2025a), and machine transla-
tion (Lyu et al., 2024). These models benefit from
training on orders of magnitude more text than ear-
lier systems and from parameter counts that support
rich internal representations of context, discourse
structure, and world knowledge. LLMs extend
this trend by scaling data, model size, and training
objectives to the point where a single model can
act as a general-purpose language engine. When
prompted with natural language instructions and
a few examples, LLMs can perform new tasks
with little or no task-specific fine-tuning, a capabil-
ity often described as in-context learning (Brown
et al., 2020). They show strong performance on
broad multitask benchmarks that cover knowledge-
intensive and reasoning-heavy problems (She et al.,
2023), as well as specialised benchmarks that eval-
uate code-generation and software-engineering ca-
pabilities, such as program synthesis and issue res-

olution (Jimenez et al., 2024). In addition, tool-
augmented variants integrate retrieval (Lewis et al.,
2020), structured reasoning (Dong et al., 2026), and
external application programming interfaces (Plaat
et al., 2025; Polyakov et al., 2025), enabling them
to combine symbolic computation with free-text
generation (Freitas et al., 2025).

Building on these advances, a growing body of
work has focused on clinical NLP, where models
are trained or adapted on electronic health records,
clinical notes, radiology reports, and biomedical
question answering datasets. Domain-specific pre-
training and continued pretraining on de-identified
clinical corpora have led to encoders and generative
models that better capture medical terminology, ab-
breviations, and documentation conventions than
general-purpose LMs. Evaluations on standard clin-
ical benchmarks for concept extraction, document
classification, natural language inference, and med-
ical question answering consistently show gains
when using such specialised models, particularly
for tasks that require detailed knowledge of clinical
workflows and disease-specific language (Wang
et al., 2023a; Liévin et al., 2023; Singhal et al.,
2023). From a systems perspective, these models
reuse the same architectural components as general-
purpose LLMs, i.e., large-scale pretraining, task-
specific fine-tuning or instruction tuning, retrieval
augmentation, and safety layers, but with training
data, ontologies, and evaluation criteria tailored to
healthcare (Wang et al., 2023a).

Research on NLP applied to ED clinical data
has predominantly focused on predicting outcomes
from unstructured free-text triage notes, such as
assignment of triage score, need for admission, or
critical illness. A recent scoping review of NLP at
emergency department triage found that, although
NLP models can achieve high predictive accuracy
for clinically relevant outcomes and combining
free-text with structured data often improves re-
sults, the majority of studies exhibited high risk of
bias and were retrospective in design. Moreover,
only a single study reported actual deployment
of an NLP model into clinical practice, highlight-
ing a gap between retrospective performance and
real-world impact (Stewart et al., 2023; Wu et al.,
2024b). This pattern illustrates both the promise
and limitation of current ED NLP: models can ex-
ploit narrative clinical content effectively, yet their
validation and integration into clinical workflows
remain limited.

Despite widespread adoption of language tech-
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nologies in other healthcare domains (Valizadeh
and Parde, 2022), their direct application to the
ED remains limited. Short, data-sparse encoun-
ters and the need for rapid documentation constrain
methods that depend on longitudinal histories or
rich contextual data. Privacy, safety, and work-
flow integration requirements also make it harder
to reuse generic language models without adapta-
tion. These conditions underscore the need for LTs
that can operate under time pressure, efficiently in-
tegrate multimodal information, and support timely
communication between clinicians. Potential ap-
plications include triage note classification, auto-
mated summarisation of clinician notes, dialogue
systems for patient intake, and decision-support
tools tailored for real-time environments.

C Scope and Search Criteria

In this section, we describe the methodology for
identifying and selecting relevant papers and out-
line the inclusion criteria. We focused our search
on major venues in natural language processing, ar-
tificial intelligence, and health informatics. These
included the ACL Anthology5, AAAI Digital Li-
brary6, NeurIPS proceedings7, the ACM Digital
Library8, and other databases that host proceedings
from leading conferences, workshops, and journals.
The initial comprehensive search was completed
in August 2025, and any relevant papers published
in the aforementioned venues after this date were
retrospectively included in the survey.

We followed a structured multi-stage screen-
ing process, starting with an initial search of
the keywords “emergency department”, “emer-
gency room”, “triage”, “natural language process-
ing”, “artificial intelligence”, “machine learning”,

“clinic”, and their variations. We supplemented this
with backward and forward snowballing to explore
the citation networks of retrieved papers. Second,
we conducted title and abstract screening to filter
based on relevance. Third, we manually reviewed
the full text of the remaining papers to identify
those that met our inclusion criteria. Screening was
conducted by the lead author, with disagreements
resolved in consultation with co-authors, includ-
ing an NLP researcher, an emergency department
practitioner and medical researcher. Our inclusion
criteria are defined here:

5https://aclanthology.org
6https://aaai.org/aaai-publications/
7https://papers.nips.cc
8https://dl.acm.org/

(a) The task could be unambiguously mapped to
at least one of the three ED phases defined in
Appendix A.

(b) The work used a language resource that could
plausibly arise in an ED setting, such as clin-
ical notes, symptom descriptions, diagnostic
impressions or patient-clinician interactions.
The resource should cover presenting com-
plaints and diagnoses typical of ED visits as
shown in Raven et al. (2013).

(c) The work proposed or evaluated a method in-
volving language understanding or generation.

Table 1 summarises the resulting corpus of 54
peer-reviewed papers that explicitly formulate lan-
guage modelling tasks within emergency depart-
ment settings.

D Papers Included in the Survey

E Reported Performances

Table 4 summarises reported performance across
the clinical tasks reviewed in this survey. These val-
ues should not be interpreted as directly compara-
ble because studies differ substantially in datasets,
task formulations, label spaces, and evaluation pro-
tocols.

Three broad patterns emerge. First, performance
is strongly task dependent: constrained predic-
tion tasks such as triage and disposition predic-
tion generally report stronger headline scores than
open-ended generation tasks such as clinical in-
teraction summarisation and radiology report gen-
eration. Second, automatic diagnosis shows the
greatest evaluation heterogeneity, reflecting the
breadth of formulations used in prior work, from
disease prediction and symptom acquisition to dia-
logue generation and multi-step reasoning. Third,
newer paradigms such as agent-based, retrieval-
augmented, and prompt-based methods are increas-
ingly visible, but their gains remain difficult to
interpret consistently because evaluation settings
vary widely.

The distribution of results also suggests a clear
pattern in training paradigms. Supervised and trans-
fer learning methods remain the most established
approaches across tasks, particularly for classifica-
tion and structured generation settings where labels
and evaluation criteria are relatively stable. By
contrast, agent-based, prompt-based, and retrieval-
augmented methods are more common in tasks that
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Task Training Paradigm Paper Reported performance

Triage classification

Transfer learning Maschhur et al. (2024) F1: 0.63
Liu et al. (2025) AUC: 0.88

Agent-based Lu et al. (2024) Discordance: 0.19; Acc.: 0.81
Zhu et al. (2025b) MAE: 0.27; Acc.: 0.73

Retrieval-augmented Gaber et al. (2025) Acc.: 0.66

Clinical interaction summarisation

Neural architectures

Jeblee et al. (2019) F1: 0.60
Schloss and Konam (2020) F1: 0.44; AUROC: 0.83
Joshi et al. (2020) R-L: 0.55
Rahman et al. (2020) F1: 0.63

Transfer learning

Krishna et al. (2021) R-L: 0.38
Su et al. (2022) R-L: 0.34
Chen et al. (2023c)a Acc. gain: +10.7
Singh et al. (2023) R-L: 0.64; Fact-C: 0.69

Pretraining

Grambow et al. (2022) R-L: 0.27; UMLS-F1: 0.39
Chen et al. (2023b) R-L: 0.27; UMLS-F1: 0.37
Yuan et al. (2024)b Missed: 4.3; Incorrect: 0.85; Irrelevant: 0.30
Wang et al. (2025a) R-L: 0.36; Completeness: 4.3

Prompt-based Nair et al. (2023)c GPT-F1: 0.62

Automatic diagnosis

Reinforcement learning Wei et al. (2018) Acc.: 0.65; Turns: 5.11
Tchango et al. (2022) Acc.: 99.2; Turns: 5.47

Supervised

Chen et al. (2022) Acc.: 0.77; Turns: 14.3
Wang et al. (2023b) Acc.: 0.69; Turns: 13.25
Hou et al. (2023) Acc.: 81.4; Recall: 87.6; Turns: 14.8
Xu et al. (2023) R-1: 0.30; B-1: 0.43; Entity-F1: 0.23
Gatto et al. (2025)d Questions: 36
Qin et al. (2025) R-1: 0.28; B-1: 0.44; Entity-F1: 0.25

Knowledge-grounded

Naseem et al. (2022) B-2: 0.15; Human eval.: 4.0
Lin et al. (2021)e BLEU avg.: 0.36; Entity-F1: 0.47
Jia et al. (2025) F1: 0.37
Xu et al. (2024b) B-4: 0.21; R-2: 0.13; Entity-F1: 0.24

Agent-based

Dou et al. (2024)f Symptoms 0.25; Tests 0.42; Dx 0.55
Chen et al. (2025a) Acc.: 0.34
Rose et al. (2025)g GTPA@1: 0.72; Avg. rank: 2.2
Ju and Lee (2025) Recall@1: 0.75; Recall@3: 0.97
Dou et al. (2023) R-L: 0.16; BERTScore: 0.61
He et al. (2024) B-4: 0.23; R-2: 0.22
Sun et al. (2025) B-4: 0.22; R-2: 0.13; Entity-F1: 0.22

Radiology report generation
Transfer learning Lovelace and Mortazavi (2020) B-4: 0.15; CIDEr: 0.31; R-L: 0.32

Supervised Nicolson et al. (2025) R-L: 0.26; B-4: 0.05; BERTScore: 0.25

Retrieval-augmented Xia et al. (2025)h R-L: 0.19; BLEU avg.: 0.23; METEOR: 0.27

Disposition prediction Supervised Fernandes et al. (2020) Recall: 0.82; AUROC: 0.91; AUPRC: 0.30
Ip et al. (2024) AUROC: 0.71; AUPRC: 0.64

Agent-based Sun et al. (2024) F1: 0.32; AUC: 0.77

Discharge instruction generation Knowledge-grounded Eremeev et al. (2023) BERTScore: 0.32; Concept-F1: 0.76; PPL: 6.96

Transfer learning Li et al. (2020) B-4: 0.60; METEOR: 0.76

Notes. Values are reported in the original scale used by each paper and are not directly comparable across rows because datasets,
label spaces, task formulations, and evaluation protocols differ. Where a paper reported results on multiple datasets, the table
reports the average value or the primary result emphasised by the paper. a Reports improvement over a baseline rather than an
absolute score. b Reports the average number of missed, incorrect, and irrelevant facts in generated summaries. c Evaluation uses
GPT-based scoring. d Reports the average number of follow-up questions. e BLEU avg. denotes the average of BLEU-1/2/3/4. f

Reports the probability of selecting the correct symptom, test, or diagnosis category. g GTPA@1 denotes the top-1 Ground-Truth
Path Accuracy. h BLEU avg. denotes the average of BLEU-1/2/4. Abbreviations: Acc. = accuracy; AUC = area under the ROC
curve; AUROC = area under the ROC curve; AUPRC = area under the precision-recall curve; MAE = mean absolute error;
R-1/R-2/R-L = ROUGE-1/2/L; B-1/B-2/B-4 = BLEU-1/2/4; CIDEr = Consensus-based Image Description Evaluation; PPL =
perplexity.

Table 4: Summary of reported performance across the reviewed clinical tasks. Methods are grouped by broad
modelling family, and metrics are reported as given in the original papers.

require multi-step reasoning, external knowledge,
or flexible generation, such as automatic diagnosis
and clinical interaction summarisation. Their grow-
ing presence points to methodological expansion
rather than convergence, while reinforcement learn-
ing remains more specialised and appears mainly
in diagnosis settings involving sequential decision-

making.

Overall, the table highlights the fragmented state
of evaluation in ED-focused NLP. Classification
tasks are usually assessed with metrics such as
accuracy, AUC, AUROC, and AUPRC, whereas
summarisation and generation tasks rely more on
ROUGE, BLEU, factuality, and concept-level mea-
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sures. The table should therefore be read as a com-
pact reference for the range of reported outcomes
in the literature rather than as evidence of a single
best-performing modelling strategy.
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