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Abstract

Machine learning (ML) and artificial intelligence are increasingly ubiquitous in
healthcare data analytics. To date, however, ML has been largely restricted to the
analysis of structured data. While natural language processing (NLP) is gaining
prominence in healthcare, substantial challenges remain in the generation and
analysis of unstructured data. Emergency departments, which are increasingly
under-resourced and overburdened, may benefit from the implementation of ML
techniques that incorporate NLP to support clinical decision-making and improve
patient care. Historically, regional and cultural variations have posed significant
challenges to the widespread application of ML algorithms beyond their original
training datasets. The rapidly increasing use of NLP within clinical note-taking
applications provides avenues to assist in standardizing unstructured data and
extracting meaningful insights to improve generalization and clinical translation.

Keywords: Natural language processing; Emergency department; Healthcare data;
Unstructured data; Triage text

1. Introduction

There is growing interest in the use of machine learning (ML) approaches within hospital
emergency departments (EDs). Rising demands on EDs, driven by increasing patient
volumes and the growing complexity of healthcare needs,'? present significant challenges
that necessitate improved efficiency without compromising the quality of healthcare
provision.’ In Australia, public hospital EDs recorded 9.1 million presentations in 2024-
25, an increase from 7.6 million in 2015-2016, and only 67% of patients were seen within
therecommended time for their triage category.* Natural language processing (NLP) offers
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a promising solution by enabling the extraction of relevant
and meaningful information from the growing volume
of free-text data generated by healthcare professionals.>®
This capability may assist time-critical tasks such as triage,
where timely and accurate decision-making is essential.
However, optimizing NLP for ED use requires managing
complex interactions among data generated by healthcare
providers, administrators, and, increasingly, other artificial
intelligence (AI) tools, including generative AI (GenAl)
and ML algorithms that analyze structured data. This
perspective explores the opportunities and challenges
associated with integrating NLP into ED workflows and
outlines the multifaceted considerations required for
successful implementation, with the aim of improving
clinician understanding and promoting collaboration and
innovation in NLP development and implementation.

2. Positioning of NLP within the ED’s
complex data environment

Healthcare professionals generate substantial quantities of
data in the form of patient notes and clinical reports, which
are time-consuming to record and difficult to interpret,
creating opportunities for the development of more efficient
and effective methods for generating and interpreting
clinical data. Data generated in EDs may include triage
notes that capture early clinical impressions, ongoing
nursing observations, radiology and laboratory reports,
decision-making notes, and discharge summaries. However,
due to the fast-paced and collaborative nature of ED care,
data collected are often recorded by multiple practitioners
and may include shorthand, abbreviations, and stylistic
variations.”® Walker et al.’ found that the introduction of
medical scribes increased the number of consultations by
doctors by 25.6%; however, access to scribes is limited by both
cost and labor availability. Furthermore, the use of scribes
increases reliance on clear and accurate communication of
clinical data. Breakdowns in this communication within the
busy, fast-paced ED environment—such as compromised
knowledge transfer during handovers and inconsistencies
in medical recordkeeping'>—have repeatedly been linked
to clinical errors and adverse patient outcomes.!" GenAl
software, which harnesses large language models, such as
Microsoft Dragon Copilot,'? Abridge AL" or Suki Assistant,**
may assist in overcoming these challenges by standardizing
free-text documentation, thereby enabling further analysis
and processing using NLP. The rise of GenAlI has also led
to applications specifically designed to reduce the medico-
legal documentation burden for healthcare professionals,
providing an opportunity to extend these benefits to nursing
and allied health staff. In practice, NLP tools can mitigate
ED documentation and decision-making challenges in a
number of ways. For example, triage classification systems

can use presenting complaints and triage narrative text to
generate a predicted acuity score or risk flag that supports
nurses triage decision-making and reduces variability in
urgency assignment.”*? Disposition and resource prediction
models can combine concepts extracted from free text with
structured variables (e.g., initial vital signs) to estimate
admission likelihood, the need for imaging, or short-term
deterioration risk, thereby supporting earlier downstream
coordination of beds, imaging, and escalation pathways in
crowded ED environments.'8*'

3. Review of the use of NLP within the ED
for clinical decision-making

NLP has been explored in EDs to support clinical decision-
making, particularly in triage. Stewart et al’s' recent
review of NLP use in EDs identified six studies that used a
combination of structured and unstructured data to assign
triage scores to presenting patients.>>'82° Of these, three
studies examined model performance and reported that
NLP models outperformed triage nurses.'>'*'® While these
results are promising, reported performance metrics should
be interpreted cautiously. Most ED NLP models have been
developed retrospectively using single-site datasets, which
may encode local documentation style, triage practices,
and resource-driven decision patterns. This can inflate
apparent performance and limit generalizability to other
ED settings without external validation.'”* Models may
alsolearn proxies for clinical decisions (e.g., local admission
thresholds or ordering practices within a specific setting)
rather than true underlying severity, and performance
can vary across patient subgroups if training data are
imbalanced or reflect existing care inequities.'**

Beyond triage, NLP has been used to predict whether
patients require admission for further treatment or can
be discharged.'®*'*%?7*° For instance, Tahayori et al?
showed that their model, benchmarked against emergency
physician decisions, achieved higher overall accuracy
but demonstrated higher specificity than sensitivity.
NLP models have also been applied to identify patients
at risk of critical illness, including those likely to require
ICU admission or experience death within 24 h of
discharge.?>** Joseph et al.”* found that supplementing
structured data with free-text data significantly improved
performance relative to the original model, surpassing
conventional abnormal vital-sign alerts.

In addition to triage and disposition prediction, NLP has
been used to assist clinical coding by identifying reasons for
presentation to the ED.*»* By extracting and interpreting
clinical concepts from free-text notes, NLP models can
retrospectively classify presenting complaints more
accurately than structured coding systems alone, which
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often rely on incomplete or inconsistent data entry. NLP
has also been used to retrospectively predict the need for
diagnostic imaging by analyzing presenting symptoms and
clinician documentation to determine whether advanced
imaging, such as computed tomography or magnetic
resonance imaging, is likely to be ordered.”* In real-world
ED settings, this approach may enable earlier referrals and
reduce time to imaging for high-acuity cases. For example,
studies have demonstrated that models incorporating both
structured data (e.g., vital signs) and unstructured data
(e.g., narrative descriptions of injury mechanisms) yield
higher predictive performance for imaging requirements.”*%
In retrospective analyses, NLP models have shown utility in
identifying infections such as sepsis earlier in the clinical
course, where early intervention is critical.**

Within Stewart et als' review, all but one’* of the
included studies developed models retrospectively, raising
concerns about their implementability and applicability
of these models when deployed prospectively in real-
world ED environments, which are often unpredictable
and chaotic. As a result, these models may perform
suboptimally when faced with real-time demands,
inconsistent data entry, or atypical cases. Study designs
and datasets also vary in ways that affect interpretability
and generalizability across ED contexts. Many models are
developed retrospectively within single health systems and
therefore reflect local documentation styles, abbreviations,
and operational practices, limiting transferability to other
sites.!>1*232732 Studies further differ in the extent to which
they combine unstructured text with structured variables
(e.g., demographics, vital signs, timestamps), making
direct comparisons regarding the contribution of free text
versus structured data challenging.”'**#%3* Likewise,
model outcomes also vary widely and may be influenced
by local policy and resourcing, reinforcing the importance
of external validation and prospective evaluation prior to
widespread clinical deployment.'>1921-27:30-32

Successful integration of NLP models into ED
workflows also presents challenges related to user interface
design, clinician trust, data privacy, and regulatory
approval. Moving forward, prospective validation and
real-time testing of NLP systems are critical to ensure
their robustness, reliability, and clinical utility. Embedding
these tools seamlessly into existing electronic health record
systems, with minimal disruption to clinician workflows,
will be essential for sustainable adoption in the high-
pressure ED environment.

4, Methods used for NLP in the ED

Achieving seamless integration into ED workflows
requires careful consideration of the NLP techniques used,

as the effectiveness of these systems depends not only on
preprocessing and data quality,® but also on the specific
clinical tasks they are built to support.** For example,
classification models can triage patients by urgency or risk
level,® while named entity recognition allows the extraction
of critical information such as symptoms, comorbidities,
and medications.” Early approaches to these tasks relied
heavily on rule-based or statistical methods, drawing on
features such as n-grams and classifiers, including support
vector machines or logistic regression.”” While these
approaches laid important groundwork for clinical text
analysis, they were limited in their ability to capture the
variability, ambiguity, and contextual complexity inherent
in ED documentation. More recently, deep learning
models, such as ClinicalBERT* have demonstrated
higher accuracy than statistical methods because they can
automatically identify patterns and meaning in clinical text
rather than depending on predefined rules determined by
researchers or domain experts.* In contrast to earlier rule-
based methods, which required extensive manual design
and struggled with variability, deep learning models adapt
more flexibly to the complexity of ED documentation.
Deep learning approaches are supported by systematic
reviews, which show strong performance in clinical text
classification and information extraction tasks, particularly
when pretrained language models are adapted to healthcare
text.*>* In ED contexts specifically, deep learning models
incorporating clinical narrative text have been used for
critical outcome prediction and triage risk stratification,
demonstrating the practical relevance of deep learning-
based NLP in acute care workflows.”*

Although unstructured, free-text data captures rich
contextual detail, many high-value ED indicators are
temporal. Vital signs (e.g., heart rate, blood pressure,
respiratory rate) and other continuously or repeatedly
measured parameters are best represented as time series,
where trends, variability, instability, and cyclical patterns
may carry more clinical signal than single time-point
measurements.” Future ED decision-support systems
are therefore likely to benefit from hybrid modelling
approaches that integrate NLP-derived representations (e.g.,
data derived from free-text clinical notes) with standard
time-series methods.*” These time-series features can be
combined with NLP outputs, enabling models to account
for both narrative context and physiological changes when
predicting acuity, deterioration risk, or disposition.*"*2

As NLP methods continue to evolve to account for
these complexities, there has also been increasing interest
in extending analysis beyond text to other modalities
(Figure 1).* For instance, Al tools are emerging to
analyse multimodal data such as imaging, video, and
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audio recordings.”*** These tools may be linked with
GenAl systems to enhance the accessibility of information
available to healthcare professionals and inform NLP-
driven insights.” To achieve optimal outcomes, such
outputs will likely need to be integrated into broader Al
models that also incorporate ML algorithms trained on
structured data (e.g., patient demographics, vital signs,
and temporal markers such as arrival date and time),
which are routinely collected and provide critical patient
information but are often underutilized.*** Ultimately, the
integration of sophisticated, multilayered Al systems, used
alongside existing clinical decision support systems and
expert clinical judgement, has the potential to improve the
efficiency and effectiveness of healthcare delivery.

5. Barriers and facilitators for
implementation

While the use of GenAl in ED documentation and decision
support is increasing, its implementation to date has been
fragmented. This transitional period presents challenges for
researchers, Al specialists, and clinicians seeking to develop
NLP tools for use in the ED context. Table 1 outlines
several barriers and facilitators to the implementation of
NLP models in the ED, based on the clinical expertise of
two authors (Adrian Goldsworthy and Oystein Tronstad).

~

ML voice
recognition

=

GenAl output

These factors were mapped to the capability, opportunity,
motivation, and behavior (COM-B) model and theoretical
domains framework (TDF), two widely used behavioral
science frameworks for understanding and supporting
implementation of change in healthcare settings.*** Barriers
and facilitators were first generated and refined through
iterative discussion, with duplicates removed and items
worded to reflect workflow and implementation issues.
Each item was then mapped to COM-B and corresponding
TDF domains using published definitions and guidance,
with the final mapping reviewed to ensure conceptual fit
and internal consistency across domains.**

Beyond behavioral determinants, successful adoption
in EDs depends on designing NLP tools that fit chaotic
workflows and demonstrating benefit under live conditions.
Early implementation should prioritise prospective, real-time
evaluation in the intended clinical environment. User-driven
design and usability testing are also critical to minimise
disruption (e.g., reducing clicks, aligning with ED task flow,
and ensuring outputs appear at the point of decision-making),
asworkflow-integration studies in ED clinical decision support
highlight that even effective tools may fail if they increase
cognitive load or interrupt clinical flow.* Actionable strategies
to build clinician trust and safe use include co-design with
ED clinicians, iterative usability testing, clear presentation of

7

ML (image
recognition)

—» ML (other) —» -4_

+

Healthcare
professional

Optimal
outcomes

Al -

Figure 1. Illustration of how NLP and GenAlI can interface with structured and multimodal data streams in the ED to support real-time decision-making.

Image created by the authors.

Abbreviations: AI: Artificial intelligence; GenAl: Generative artificial intelligence; ML: Machine learning; NLP: Natural language processing.
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Table 1. Barriers and facilitators to implementation of NLP models in the ED based on authors’ clinical expertise

COM-B domain TDF domain Barriers Facilitators
Capability Knowledge « Lack of knowledge about how NLP models are « Delivery of robust, multi-phased educational programs
developed and provide predictions
Skills « Lack of expertise in using AI/NLP tools « Practical, hands-on, mandatory workshops to use Al/
(e.g., entering data, interpreting outputs) NLP tools in a face-to-face format
o Generational differences in technological « Training platform with dummy data for clinicians to
abilities practice with until they feel confident
Memory, attention, and « Competing demands during ED shifts « NLP tools which are fast to run, simple to use, and
decision processes » Managing conflicting treatment options from  integrate well into the existing ED workflow
clinician’s judgement and NLP output
Behavioral regulation e Poor interface design preventing ease of use  « Interfaces co-designed end users to ensure suitability
for purpose
Motivation Beliefs about « Lack of confidence in using AI/NLP « Practical, hands-on workshops to demonstrate
capabilities « Lack of confidence in AI/NLP’s abilities proficiency and build confidence in capabilities
Social/professional role « Perceived loss of professional identity o Clear delineation of NLP as a support tool, not as a
identity replacement for clinicians
Beliefs about « Concerns for legal or ethical implications « Rigorous quality control and evaluation
consequences « Clear guidelines outlining ethical and legal
responsibilities
Emotions « Fear of unknown/change which may have « User engagement in design of AI/NLP interface
unintended consequences during the initial ~ « Ongoing quality improvement processes to address
implementation phase user feedback
« Frustration with new systems
Goals « Competing goals « Alignment of NLP model outcomes with clinical needs
Intentions « Lack of interest/perceived irrelevance of AI/  « Having additional NLP outputs explaining the
NLP reasoning behind clinical-related decisions or other
outputs
Reinforcement « Lack of time to engage in training due to « Formal recognition for continuing professional
competing priorities development
« Financial cost and time burden for providing e« Incentives to become Al trained (e.g., pin badges)
incentives
Optimism/pessimism  « Personal and peer burnout « Peer leader to champion integration of AI/NLP within
department
Opportunity Environmental context  Lack of technological infrastructure « Investment in infrastructure

and resources

« Future-proofing hospitals

Social influences
Al tools

« Negative societal attitudes and beliefs towards e« Positive societal attitudes and beliefs towards Al tools

o Lack of buy-in from key stakeholders

Abbreviations: Al: Artificial intelligence; COM-B: Capability, opportunity, motivation, and behavior; ED: Emergency department; NLP: Natural

language processing; TDF: Theoretical domains framework.

model scope and limitations, interpretable outputs that align
with clinical reasoning, continuous performance monitoring
post-implementation, and explicit ethical governance
covering privacy, accountability, and transparency.

While some EDs may be nearing readiness for
Al implementation, many healthcare systems and/or
hospitals, even in high-income countries such as Australia,
continue to rely on paper-based medical records and lack
the physical and technological infrastructure, workforce
capacity, and Al literacy needed to support the deployment
of multiple Al systems.

The implementation of Al and NLP in clinical settings
must also account for ethical and legal considerations,
particularly given the use of sensitive patient data, often
accessed under a waiver of consent and without the
patient’s knowledge. This necessitates robust protocols for
data storage, access, and governance to ensure privacy and
security, requiring unprecedented cooperation between
healthcare sectors and departments, as well as coordination
across state and national government levels.

Although AI and NLP models have the potential
to mitigate bias by reducing the influence of subjective
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human decision-making, this benefit is contingent on
the quality and representativeness of the training data.
If underlying datasets are biased by gender, race, or
other sociodemographic factors, the models are likely to
perpetuate or even exacerbate existing inequities in care.
The adoption and acceptability of integrating NLP models
into healthcare will largely be guided by societal attitudes
toward these innovations. Alongside healthcare providers’
trust, public confidence in these technologies depends not
only on demonstrated accuracy and utility, but also on
transparency, ethical use of data, and perceived fairness.

6. Conclusion

Looking ahead, as the use of Al in healthcare continues to
expand rapidly, the future of NLP in emergency care lies in
the development of adaptive, generalizable, user-friendly,
and ethically grounded systems that function reliably
across diverse clinical environments. As Al capabilities
continue to evolve, the infrastructure, workforce capacity,
and governance mechanisms (e.g., patient consent, data
sharing frameworks) must also evolve to support their safe
and effective integration. NLP models should be trained on
large-scale, representative datasets that integrate existing
structured and unstructured data sources and should undergo
prospective validation within real-time ED workflows to
ensure they reflect the complexity and diversity of real-world
practice. Crucially, future systems should not replace clinical
judgement but should enhance it by supporting healthcare
professionals with timely insights that improve efficiency,
reduce diagnostic error, and promote equitable patient care.
Integration with generative AI, multimodal data sources, and
structured data fields will further strengthen NLP’s potential
to transform triage, diagnosis, and disposition planning.
NLP has the potential to become an integral component
of evolving healthcare systems, enabling them to adapt,
improve, and respond to patient needs. While challenges
remain and will take time to overcome, when integrated into
routine clinical practice, NLP is unlikely to replace clinical
judgement; instead, it can sharpen and improve clinical
decision-making and support clinicians in delivering faster,
smarter, and fairer emergency care.
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