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Abstract

Accurate and efficient triage is essential to optimize the allocation of limited medi-
cal resources in the emergency department (ED). Nevertheless, triage decisions are
inherently hard, requiring rapid but justifiable judgments under time constraints,
incomplete patient data, and uncertainty. In such circumstances, large language
models (LLMs) like GPT-4o introduce a new potential by leveraging their ad-
vanced capabilities. However, concerns about the transparency and reliability of
LLMs persist, particularly in high-stakes settings such as triage.

One promising direction is to constrain LLMs to use structured rule-based rea-
soning, ideally in a way that reflects how triagists reason. In triage, clinicians often
rely on default reasoning, which means that they rely on general assumptions un-
less contradicted by specific evidence. The BOID framework (Beliefs, Obligations,
Intentions, Desires) builds on this by representing different mental attitudes and
resolving conflicts between them through structured prioritization. Integrating
BOID into LLMs could potentially allow users to trace which default rules from
which mental attitudes were prioritized in particular triage decisions.

While this thesis does not implement a full BOID-LLM system, we take a first
step by focusing on the O-component. We treat triage decisions from our real-world
Korean Triage and Acuity Scale (KTAS) data as obligation-driven and explore
whether GPT-4o can simulate obligation-based reasoning, without the support of
retrieval mechanisms. We compare GPT-4o’s performance using multiple prompt
engineering techniques against classical machine learning (ML) models including
Decision Trees (DT), Random Forests (RF), and eXtreme Gradient Boosting (XG-
Boost). We further extract triage decision rules from GPT-4o and compare them
with feature importance insights from applying SHapley Additive exPlanations
(SHAP) on our best performing classical ML model. Finally, we reflect on ethical
concerns, including reliability, fairness, transparency, and data privacy.

Our results showed that RFs slightly outperformed DTs and XGBoost. Among
prompt engineering techniques, integrating SHAP-derived results from our best
performing classical ML model in the prompt improved GPT-4o’s performance.
However, even its best configuration (Weighted Kappa = 0.6186) fell short of
all classical ML models. Applying this to real-world triage would mean that a
significant proportion of patients would still be misprioritized. Furthermore, GPT-
4o seemed to rely on general medical knowledge rather than explicit instructions
in the prompt. In addition, GPT-4o showed inconsistencies in its extracted triage
rules and showed a gap between how it claims to reason and what it actually
predicts. These results raise ethical concerns when using LLMs like GPT-4o for
high-stakes clinical tasks such as triage decision making and emphasize the need
for a hybrid BOID-LLM system that combines the explainability and structure of
default logic with LLMs to support safe and reliable decision making in triage.
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1 Introduction

In this section, we present an overview of the main features of our research. We
start with background information on large language models (LLMs) and their pos-
sible applications in healthcare. The Problem Statement specifies the challenges in
using LLMs in this field and briefly mentions the role of default reasoning in triage
decision making. The Research Objectives specify the two-fold concentration of
the study: (1) a data-driven approach, where we evaluate the performance of clas-
sical machine learning (ML) models Decision Trees (DT), Random Forests (RF),
and eXtreme Gradient Boosting (XGBoost) in predicting Korean Triage and Acu-
ity Scale (KTAS) levels and (2) a prompt engineering approach, where we examine
the ability of GPT-4o to generate triage rules and to predict triage levels based on
various prompting techniques. We will present our main research questions along
with our subquestions that guide our investigation. The section concludes with an
overview of the research structure.

1.1 Background

The development of LLMs like BERT [32] and GPT [171] has driven significant
advancements in artificial intelligence (AI) in recent years. From text creation
and natural language comprehension to complex decision making challenges, these
models demonstrate impressive skills [83, 87, 146]. In healthcare, their potential ex-
tends in various applications, including medical education, text-based diagnostics,
genetic analysis, medical summary generation, patient management, and clinical
decision support [12, 93, 137, 168]. With their ability to process large volumes of
text and generate coherent, and contextually appropriate responses, LLMs offer
exciting promises to improve decision making in critical clinical settings.

A particularly high-stakes decision making scenario in healthcare is triage,
which involves prioritizing patients based on the urgency of their medical con-
ditions. Triage systems are widely implemented to optimize the emergency de-
partment (ED) workflow, allocate resources efficiently, and ensure timely medical
intervention [72, 119]. However, this process often presents ethical dilemmas, such
as respect for patient autonomy, nonmaleficence (“do no harm”), and justice (fair
allocation of decisions) [1]. In addition, triage decision are inherently hard, as
clinicians have to make rapid but justifiable decisions under time constraints, in-
complete patient data, and uncertainty. In such settings, decision support tools
that leverage AI could enhance accuracy and consistency in triage classifications.
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1.2 Problem Statement

The complexity in triage decisions makes it compelling to explore how LLMs can
support triage decisions. There are, nevertheless, severe uncertainties when us-
ing LLMs in such high-stakes environments. An important example is that LLMs
are black boxes. This makes their decision making process impenetrable and im-
possible to comprehend [130]. In emergency medicine, where accountability and
transparency are critical, the use of an AI system lacking explainability is unde-
sirable.

In addition, LLMs suffer from hallucinations and nonsensical reasoning [36,
170], raising concerns about their reliability in life-critical contexts. Furthermore,
studies investigating the performance of LLMs in triage have shown that they can
misdiagnose or overestimate severity, leading to incorrect prioritization of patients
[37, 95]. Also, LLMs cannot be expected to uphold all ethical principles and values
that guide medical providers, as they lack intrinsic understanding of human duties
and needs.

One promising direction to address these uncertainties is by integrating struc-
tured rule-based reasoning systems into LLMs, offering the potential to constrain
LLMs to reason within predefined reasoning frameworks. Ideally, we would con-
strain LLMs to reason within a structured rule-based reasoning system that reflects
how clinicians reason when making triage decisions.

In triage, clinicians often depend on default reasoning. This means that they
make assumptions based on common medical patterns unless they encounter ev-
idence that contradicts those assumptions. For example, a patient who arrives
with chest pain might be classified as urgent by default, unless additional infor-
mation indicates this patient can safely wait. This kind of reasoning is the basis
of the BOID framework (Beliefs, Obligations, Intentions, Desires) [15, 16], which
incorporates default logic and structured prioritization to manage uncertainty and
conflicting mental attitudes in decision making.

The BOID represents these different mental attitudes, and in triage, these can
be interpreted in the following way. Beliefs are default hypotheses that clinicians
hold based on typical medical presentations, which are revised as more patient in-
formation becomes available, obligations are clinical guidelines, standardized pro-
tocols, and ethical responsibilities that healthcare providers have to follow when
deciding how to prioritize patient care, and desires are the higher-level objectives
of clinicians, primarily optimal patient outcomes and efficient use of resources. In-
tentions are unique because they represent either past triage decisions or a planned
course of action, shaped by a balance of beliefs, obligations, and desires. These
components regulate decision making in situations of uncertainty where multiple
conflicting mental attitudes must be considered. By combining them into a hybrid
system, BOID leverages the potential to extract what default rules are being used
and how different mental attitudes are prioritized for a specific triage decision.
This could result in a more transparent, trustworthy, and manageable AI.

While the complete integration of the BOID into LLMs is a long-term goal,
this thesis takes a first step by focusing on the obligations (O) component. We
treat the triage decisions from our real-world triage data as obligation-driven and
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explore whether GPT-4o can simulate obligation-based reasoning, without relying
on information retrieval from the data. To evaluate GPT-4o’s capabilities, we
tested multiple prompting techniques and compared their performances against
classical machine learning (ML) models including Decision Trees (DT), Random
Forests (RF), and eXtreme Gradient Boosting (XGBoost).

1.3 Research Objectives

To investigate the predictive capabilities of classical ML models and GPT-4o in
classifying triage levels, we employ an open-source Korean Triage and Acuity Scale
(KTAS) dataset from Kaggle [182]. KTAS is a five-level triage system widely used
in EDs in South Korea. It is designed to categorize incoming patients into the
most suitable KTAS label based on the severity of the patient’s medical condition.
Patients are given a level of urgency ranging from 1, the most urgent patients,
where patients have to be treated immediately, to 5, the least urgent patients,
where patients can safely wait. The dataset consists of 16 variables, including de-
mographic and clinical data, and the chief complaint of the patient. Furthermore,
for each patient, the dataset includes two independent triage assignments: one
by registered nurses and another by triage experts. More details on this and a
particular classification example are provided in Section 3.2.

Figure 1.1: Schematic Overview of the Research

As illustrated in Figure 1.1, this thesis pursues two main research directions.
First, a data-driven approach, in which we evaluate the performance of classical
ML models DTs, RFs, and XGBoost in predicting KTAS triage levels, and second,
a prompt engineering approach, in which we examine the ability of GPT-4o to
generate explicit triage rules and to predict triage levels based on varied prompting
techniques.
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In the first direction, the data driven approach, we evaluate the performance of
DTs, RFs, and XGBoost in predicting KTAS levels assigned by either registered
nurses or triage experts. This unique feature in our dataset allows an exploration
of how different clinical perspectives inform triaging decisions. On the one hand,
registered nurses frequently use heuristic judgments and pattern recognition, devel-
oped through training and practical experience, to rapidly assess patient conditions
in high-pressure environments. On the other hand, triage experts, which we will
consider to assign the gold standard KTAS labels, may possess more specialized
knowledge when encountering familiar clinical scenarios, allowing them to make
swift decisions based on prior experience and recognized patterns. By analysing
the differences between KTAS assignments from registered nurses and experts, we
aim to quantify how well our classical ML models compare to these triage decision
makers. To evaluate this, we used key performance metrics to assess the effective-
ness of the models. An overview of the design of this specific part of the research
can be found in Figure 1.2. This figure will also be helpful for understanding the
methodology used, as detailed in Section 3.5. Additionally, we also apply SHAP
analysis on the best performing classical ML model to identify the most influential
features in this triage classification task.

Figure 1.2: Modeling Design Classical ML Approach for KTAS Prediction

The second direction investigates the ability of GPT-4o to predict KTAS ex-
pert triage levels. We start by analysing the rules extracted from GPT-4o when
prompted to generate KTAS triage decision rules, without providing any KTAS-
specific examples. However, we do explain to the model how our KTAS data is
built, providing all possible variables and corresponding values. The resulting rules
are then compared to the SHAP-extracted feature importance results from apply-
ing SHAP on the best performing ML model. The aim is to assess to what extent
the inferred triage rules of GPT-4o align with the gold standard expert KTAS
labels. Also, while the specific sources used to train GPT-4o are unknown [25],
we investigate whether GPT-4o, to some extent, can provide deeper insights into
specific combinations of patient values corresponding to particular KTAS levels
compared to SHAP’s ranking of feature importances. Next, we evaluate GPT-4o’s
ability to predict KTAS levels using a variety of prompting techniques, including
standard prompts, SHAP-informed prompts, various experimental prompts, and
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a prompt incorporating GPT-4o’s own extracted triage rules. This specific part of
the research, in which we let GPT-4o predict KTAS levels using various prompt-
ing techniques, can be found in Figure 1.3. The modeling design will be further
detailed and explained in Section 3.6. Finally, we discuss the ethical implications
of using GPT-4o in triage systems, addressing concerns that focus on reliability,
fairness, transparency, and data privacy.

Figure 1.3: Modeling Design GPT-4o Prompting Approach for KTAS Prediction

Together, these directions aim to answer the following main research questions.

To what extent can GPT-4o predict KTAS triage levels, and
how do different prompt engineering techniques affect its per-
formance compared to classical ML models?

To address this, we investigate the following four subquestions.

SRQ1. How do classical ML models, specifically DTs, RFs, and XGBoost, compare in
their ability to predict registered nurse-assigned and expert-assigned KTAS
levels?

We hypothesize that the XGBoost model will outperform both DT and RF
in predicting KTAS levels for both prediction tasks. This is expected because
XGBoost, in contrast to DT and RF, is able to handle imbalanced datasets
and capture more complex feature interactions [78]. We further hypothesize
that predicting expert KTAS would result in better performance than predict-
ing registered nurse KTAS, as we expect that decisions made by experts are
more consistent than decisions made by registered nurses because the former
group has longer clinical experience [135].

SRQ2. What are the most influential variables affecting KTAS predictions for the
best performing classical ML model?

We hypothesize that important influential variables will largely correspond to
common medical knowledge. For example, we expect that complaints such as
cardiac arrest and chest pain will indicate high urgency levels, while com-
plaints such as medication refill, procedures, and follow-ups will indicate
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lower urgency levels. Furthermore, we hypothesize that an unresponsive men-
tal status will significantly influence higher urgency levels, whereas being alert
will correspond to lower urgency levels. Additionally, we hypothesize that low
saturation values and arrival by ambulance will indicate higher urgency lev-
els, while high saturation values and arrival by private vehicle or by foot will
indicate lower urgency levels.

SRQ3. To what extent can GPT-4o generate clinically meaningful triage decision
rules, and how do these compare to the results of applying SHAP on classical
ML models?

We hypothesize that GPT-4o will generate triage rules that partially align
with the feature importance rankings derived from SHAP analysis of classical
ML models, particularly for clear high- and low-urgency indicators. While
GPT-4o is not given access to our KTAS dataset or exposed to any examples,
it is provided with a structured overview of the dataset variables, their possible
values, and their meanings. Based on this metadata and its general medical
knowledge from pretraining, we expect GPT-4o to associate features such as
unresponsiveness, cardiac arrest, and abnormal vital signs with high urgency,
and features like medication refill, follow-up visits, or stable vitals with low
urgency.

SRQ4. How does using various prompting techniques (namely, standard prompting,
SHAP-informed prompting, experimental prompting, and prompting with
GPT-4o’s own extracted triage rules) influence the performance of GPT-4o
to classify KTAS levels, and how does its performance compare to classical
ML models?

We hypothesize that the standard prompting techniques will improve GPT-
4o’s performance over zero-shot prompting, our baseline prompting method,
which does not provide any additional context besides the patient data. This is
expected because research has shown that these standard prompting techniques
enhance the reasoning capabilities of LLMs [70, 84, 149]. Furthermore, we
hypothesize that SHAP-informed prompting, which integrates key variables
derived from model interpretability, will also lead to improved performance
by guiding the model’s attention to clinically relevant features [105]. For
experimental prompting, we include emotionally framed prompts, contextual
constraints (e.g., variable limits), and contradictory instructions. We hypoth-
esize that incorporating emotional framing may slightly improve GPT-4o’s
performance [80], while we expect GPT-4o’s performance to decrease when
experimenting with cognitive noise or misalignment with medical logic. Also,
we hypothesize that prompting with GPT-4o’s own derived default rules will
at least achieve GPT-4o’s performance when using our baseline prompting.
We further hypothesize that, under optimized prompting, GPT-4o may out-
perform classical ML models in KTAS classification due to its broad medical
knowledge and flexible reasoning capabilities, which go beyond the pattern-
based limitations of our ML models trained solely on structured data.

This thesis is relevant to the fields of explainable AI and clinical decision support
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systems. With these subquestions, we aim to contribute to the investigation of the
performance and ethical utility of using LLMs in triage. We explore the potential
of obligation-based reasoning through LLM prompting, offering an initial step to-
wards integrating default logic frameworks like BOID with LLMs.

1.4 Thesis Organization

Section 2 presents the necessary background information, starting with an overview
of triage systems and the KTAS. Then it delves into LLMs, in particular GPT-
4o, and their capabilities and limitations. This is followed by background on
enhancing their reasoning abilities through prompt engineering and integration of
external tools. Additionally, the classical ML models DTs, RFs, and XGBoost
will be introduced, along with a method for interpretability using SHAP analysis.
Finally, the BOID framework is presented, highlighting its relevance to triage
decision making.

Chapter 3 explains the methodology used for KTAS level prediction and triage
decision making analysis. It covers data preprocessing and class imbalance mit-
igation. It also outlines the methodologies used for DTs, RFs, and XGBoost, as
well as for the extraction of triage rules from GPT-4o and the various prompting
approaches to test GPT-4o’s performance in KTAS classification.

Section 4 presents the results, beginning with the performances of DT, RF, and
XGBoost. This will be followed by the results of applying SHAP values on the
best performing classical ML model to determine the most influential variables in
triage decision making. Then, the section delves into the results obtained from
extracting triage rules from GPT-4o and the results from applying the various
different prompting techniques on GPT-4o.

Section 5 provides a detailed discussion of the results and compares our findings
with existing research. It also explores the potential integration of the BOID
framework into LLMs as a possible approach to addressing the current challenges
of using LLMs such as GPT-4o in triage. Additionally, this section addresses the
ethical implications of LLM-driven triage systems and discusses how the results
from our prompt engineering techniques provide insight into these implications.
Lastly, we point out the limitations of the research.

Section 6 concludes the thesis by systematically addressing our research sub-
questions before synthesizing the findings to formulate a response to our main
research questions.
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2 Background

This section provides background on triage systems, LLMs, and classical ML mod-
els, setting the foundation for the research in this thesis. We begin with an overview
of triage systems, including KTAS, followed by an exploration of LLMs with, in
particular, GPT-4o, and methods for improving their reasoning capabilities. The
section also examines classical ML models DTs, RF, and XGBoost, and SHAP
values as an interpretability method for these models. Finally, we introduce the
BOID framework and illustrate its relevance to triage decision making. This final
section marks a conceptual shift, moving from data-driven learning to structured
decision making grounded in default logic.

2.1 Triage Systems and KTAS

Triage refers to the process of assessing the severity of the illness or injury of a
patient shortly after arrival at the ED, which serves as the critical interface between
emergency medical services and medical care [22]. It ensures that those in need of
urgent care receive timely treatment while optimizing resource allocation for less
critical cases. Triage systems vary from simple, experience-based classifications
(using the ‘best guess’) [24] to structured three-level systems (emergent, urgent,
non-urgent) [73], four-level systems [117] and five-level systems. However, five-level
triage systems provide better validity and reliability in emergency care [147]. Some
widely used five-level triage scales include the Australasian Triage Scale (ATS),
the Manchester Triage System (MTS), the Emergency Severity Index (ESI), and
the Canadian Triage and Acuity Scale (CTAS) [22].

In this study, we utilize the Korean Triage and Acuity Scale (KTAS), a five-level
triage scale implemented in 2012 and derived from CTAS [118]. The KTAS process,
as visualized in Figure 2.1, is designed to help emergency nurses assign a triage level
after conducting an initial critical assessment [63, 101, 131]. It assigns patients a
priority level based on clinical urgency, determining the maximum allowable wait
time before evaluation and ensuring that critical cases receive timely care [118].
The KTAS has also been shown to reduce length of stay and mortality in EDs [71].

Despite these systems, the quality of decisions made is subject to substantial
variation and have been shown to be affected by the personal characteristics of
the healthcare provider, such as their experience level and vulnerability to fatigue
during triaging [35, 175]. Furthermore, misclassification, over-triage, and under-
triage persist because of the inherent complexity and uncertainty of triage [21].
To address such issues, LLMs are becoming increasingly popular to enhance triage
precision and support clinical decision making.
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Figure 2.1: Process of the Korean Triage and Acuity Scale (KTAS) [101]

2.2 Large Language Models

LLMs like Bidirectional Encoder Representations from Transformers (BERT) [32]
and Generative Pre-trained Transformers (GPT) [171], have revolutionized the
field of natural language processing (NLP). The models are transformer-based
[67], originally introduced by Vaswani et al. [151] in “Attention Is All You Need.”
The architecture incorporates a multi-head self-attention mechanism, which allows
models to process multiple input segments in parallel. With the ability to han-
dle long-range dependencies in text and encode complex contextual relationships,
transformers have been found to possess superior capabilities in generating fluent
and coherent text. This enabled LLMs to show remarkable performance on tasks
ranging from text analysis to decision making support [13, 83, 87, 179, 180].

In healthcare, LLMs have the potential to transform numerous aspects, such as
diagnostics and clinical decision support [43, 144, 169]. By processing extensive
medical records and intricate clinical information, LLMs can assist users in pro-
ducing meaningful insights to support decision making and patient management
[52, 82, 138]. In addition, LLMs can integrate clinical knowledge with contextual
reasoning, which can enable them to replicate the thought processes that health-
care providers use during triage.

2.2.1 Generative Pre-trained Transformer 4o

One of the greatest breakthroughs achieved in NLP was the GPT [51]. The GPT
series was introduced by Radford et al. [121], and with each subsequent release,
scale and performance increased. Its decoder-only architecture allows them to gen-
erate coherent and contextually relevant text in an autoregressive manner, making
them particularly well suited for tasks such as text completion, content genera-
tion, and conversational AI. Furthermore, since they have been pre-trained on huge
quantities of unlabeled text data using self-supervised learning, they can generate
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text without supervision [122]. Over time, GPT-based models have found signif-
icant applications in various industries, including finance [76], customer service
[128], and healthcare [88], where their ability to process and generate language ef-
ficiently has proven to be highly valuable. Furthermore, the widespread adoption
of GPT-based models, particularly through applications like ChatGPT, has made
AI-driven interactions part of daily life.

The latest iteration of the GPT-series, GPT-4o, was introduced in May 2024
and, at the time of writing, is only accessible through a paid subscription for Chat-
GPT Plus users or a pay-per-use model when used with an API key. It is built as a
multimodal multilingual transformer [160, 161], which implies that it can combine
and handle various data types, such as text, images, audio, or video. Compared to
older models, GPT-4o offers massive efficiency improvements without compromis-
ing on accuracy and performance levels. These advancements offer faster response
times and reduced costs compared to GPT-4, while maintaining high accuracy and
performance, surpassing the improvements seen in GPT-3 and GPT-3.5 [59].

For those interested in learning more about GPT models, Qiu et al. [120] provide
a detailed description of their development, architectural innovations, and practical
applications.

2.3 Enhancing Reasoning Abilities in LLMs

While LLMs are promising, several studies indicate the need for further research
before using them in sensitive areas such as triage. For example, a comparison of
various LLMs such as ChatGPT revealed that while GPT-4-based ChatGPT was
nearly as good as the nonexpert doctors’ decisions, it had still not achieved the
accuracy of professional doctors [95]. In particular, LLMs tended to over-triage,
where the condition of a patient is improperly assessed to be more urgent than
it actually is, possibly leading to unnecessary prioritization and burden on the
emergency services. In other words, this study suggests that LLMs tend to be risk
averse. Conversely, nonspecialists often under-triage, assessing the conditions of
a patient to be less serious than they actually are, thereby postponing important
treatment and influencing outcomes for patients. This finding is further supported
by the research of Haim et al. [49], who compared the Emergency Severity Index
(ESI) score of GPT-4 with human evaluators.

In addition, a study that assessed the diagnostic accuracy of ChatGPT using
CTAS concluded that the model was accurate in just 47.5% of the cases and had
both high under-triage and over-triage rates [37]. An examination of the perfor-
mance of LLM in real-world ED chest pain triage in real life also demonstrated
inconsistency in the performance of the model with regard to accuracy and speed
when compared to human experts [96]. These findings indicate the limitations of
current LLMs in delivering accurate and reliable triage results, emphasizing the
need to improve their reasoning capabilities in critical medical scenarios.

To address the limitations of LLMs, efforts have been made to improve their
performance. Generally speaking, this research falls into (1) prompt engineering
and (2) tool-augmented approaches.
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2.3.1 Prompt Engineering Strategies

The first approach is prompt engineering, also referred to as prompt optimization.
In NLP, a prompt refers to the input or instruction given to an AI to specify the
task it should perform [122]. A prompt typically comprises several components
that guide the model’s response: a clear instruction specifying the task for the
model, additional information that helps steer the model toward a more accurate
or relevant response, a specific question or data for which a response is wanted, and
an indication of the desired structure of the response of the model [47]. Specifically
designing these inputs to guide the AI to achieve the most optimal and efficient
outputs, without altering the model’s parameters, is known as prompt engineering
[85, 159]. Prompt engineering has been intensively investigated in medicine as
a method to improve the performance of NLP applications in the medical sector
[154].

The simplest form of prompting an LLM is zero-shot prompting, in which the
model is expected to perform a task without any prior examples or additional
context [84]. With few-shot prompting, on the other hand, the model is provided
with a few examples of the desired outcome [84]. These are used to guide the
pre-trained model to perform particular tasks [86].

Several methods have been developed for optimizing these prompts [132]. One
of them is Chain-of-Thought (CoT) prompting. The CoT prompting method has
been shown to successfully improve LLM performance on complex reasoning tasks
by engaging their reasoning ability [155, 157, 158, 177, 178]. CoT prompting
can be categorized into two strategies: explicit prompting, where the problem is
decomposed directly within the prompt, and implicit prompting, where the general
reasoning cue “let’s think step-by-step,” is added to the end of the prompt to
encourage sequential reasoning, resulting in a more transparent reasoning process
[85, 149]. Furthermore, role prompting, where the LLM is assigned a specific
persona or identity, has been shown to act as an implicit CoT trigger, improving
reasoning performance by immersing the model in a task-specific context [70].

Some more examples are least-to-most prompting [181], which simplifies com-
plex problems by breaking them into smaller components, and OPRO, where LLMs
iteratively refine their solutions, leading to substantial improvements in task per-
formance, particularly in the area of prompt optimization [167].

In Section 5.2.2, we examine previous work in which prompt engineering meth-
ods are particularly used in triage tasks. We will also compare these with our
research.

2.3.2 Tool-Augmentation Strategies

The second approach to enhance the reasoning of LLMs involves integrating them
with external tools. These are resources the model can use during a task, but
were not part of its original training, such as knowledge bases or reasoning mod-
ules. This field has produced several notable frameworks that combine LLMs with
symbolic reasoning systems.

Integrating LLMs with external tools or symbolic systems enhances their rea-
soning capabilities by addressing their limitations in logic and decision making.
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Approaches such as LogicLM [115], which involves the combination of LLMs with
symbolic solvers for self-refinement, and LLM-ARC [64], which applies a neuro-
symbolic Actor-Critic framework for logical program refinement, exemplify this
method. Similarly, LINC Olausson et al. [110] uses LLMs as semantic parsers to
parse natural language to first-order logic for theorem proving, and Argumenta-
tive LLMs Freedman et al. [38] produce structured arguments and rebuttals that
facilitate transparency of complex decision-making tasks. This latter example is
particularly interesting when it comes to non-monotonic reasoning, such as default
reasoning.

In healthcare, tools such as In-Context Padding (ICP) [165] integrate clinical
knowledge to enhance LLM-based diagnostic reasoning. GeneGPT [62] integrates
LLMs with biomedical databases to improve question-answering accuracy. For
triage-specific applications, TriageAgent [89] incorporates confidence scoring and
early-stopping mechanisms, outperforming existing LLM-based triage frameworks.

The ultimate idea of creating a BOID-LLM, of which we will investigate an ini-
tial step, would use the second approach, since this integration lets LLMs use the
BOID architecture as an external tool, providing a structured mechanism to han-
dle competing priorities during triage. The BOID framework will be introduced
further in Section 2.5.

Rather than fully integrating BOID into GPT-4o as an external reasoning mod-
ule, we take a first step toward that vision by focusing on the obligation-component
of the BOID framework. Therefore, this work remains situated within the first ap-
proach, using prompt engineering alone to investigate whether GPT-4o can gen-
erate structured triage rules, by comparing them with SHAP analysis on the best
performing classical ML model. We also evaluate its prediction performance under
different prompting techniques and compare these results against the classical ML
models.

2.4 Classical ML Models

While LLMs offer a novel approach to automated decision making in triage, clas-
sical ML models such as DTs, RFs, and XGBoost remain widely used due to their
structured decision making processes, interpretability, and strong predictive per-
formance in healthcare applications [18, 30, 34, 42, 68]. These models provide a
valuable comparison point for evaluating LLM-driven triage through a direct com-
parison of predictive performance across multiple metrics, including class-specific
performance.

2.4.1 Decision Trees

DTs represent one of the most popular methods of classification and regression
problems in supervised ML [129]. They provide a comprehensible and interpretable
framework for decisions within a huge amount of complex data. DTs create par-
titions of the input space into regions defined by a set of hierarchical rules. Each
internal node tests a feature, while every leaf provides a classification or an esti-
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mated value. Their comprehensibility makes DTs particularly suitable for domains
that require transparency, such as healthcare.

DTs start at the root and divide the dataset into subsets based on the values of
their features. The choice of feature and split point is determined by criteria such
as Information Gain or Gini Impurity [27].

• Information Gain measures the entropy reduction achieved by partition-
ing a dataset based on a particular feature. Entropy measures the level of
disorder or impurity within a dataset. The values of entropy lie between zero
and one, with zero meaning that all samples in a dataset S belong to a single
class and one meaning that all samples belong to different classes. To con-
struct an optimal DT, the feature ai that minimizes entropy (or maximizes
Information Gain) is selected for splitting. Information Gain is calculated as
the difference in entropy before and after a split on a given feature:

InformationGain = Entropyparent − Entropychildren, (2.1)

with

Entropyx = −
n∑

i=1

pilogr(pi) (2.2)

The feature with the highest Information Gain provides the most effective
split, as it best separates the training data according to the target classifi-
cation.

• Gini Impurity also is an impurity-based criterion. It quantifies how often
a randomly chosen data point would be misclassified if it were labeled ac-
cording to the class distribution within the dataset. In essence, it measures
the divergence from a perfectly pure class distribution, using the following
formula:

Gain = 1−
j∑

i−1

P (i)2 (2.3)

Like entropy, the Gini Impurity equals zero for a pure set (i.e., when all data
points belong to a single class).

These methods aim to create subsets that are as pure as possible. The split-
ting process is applied recursively to each subset, resulting in a hierarchical tree
structure.

Some of the main reasons why DTs are popular include simplicity, interpretabil-
ity, and flexibility [129]. Furthermore, DTs intrinsically provide feature importance
that can be helpful to understand what variables are influencing the predictions.
Also, they are capable of handling datasets that may have missing values or errors.
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However, they do have some key weaknesses, such as overfitting to the underly-
ing data they were trained on, being sensitive to slight changes in the underlying
dataset, and having biases toward features with a greater number of levels. More-
over, DTs rely on a greedy splitting algorithm that may not always make optimal
choices. Their performance may be affected by noisy data or outliers.

2.4.2 Random Forests

RFs, therefore called a bagging method, resolve these issues by creating multiple
DTs on random subsets of the dataset, with the final prediction being the class
most commonly predicted by the individual trees [14]. By generating multiple
trees, RFs reduce overfitting and provide more stable predictions compared to
single DTs.

Compared to Decision Trees, RFs are less interpretable due to their nature
as an ensemble. But this also makes them less prone to overfitting and more
robust against outliers. Furthermore, while RFs need more computational power,
they generally provide greater accuracy than DTs, especially for large multivariate
datasets with many features [94].

2.4.3 Extreme Gradient Boosting

Like RFs, XGBoost is an ensemble method as well. But instead of voting over the
most predicted outcome, it builds trees sequentially, trying to gradually correct
the mistakes of the previous trees so that optimal performance is achieved [20].
The process is called gradient boosting, which minimizes a loss function using
the gradient to make better predictions at each step. In this way, if the model
struggles to classify certain samples, particularly from minority classes, subsequent
trees give special priority to these difficult cases by increasing their influence in
the learning process. By doing so, the model’s attention is drawn towards more
difficult-to-predict instances, helping to mitigate class imbalance [78].

One of XGBoost’s key innovations is the introduction of a regularized learning
objective, balancing predictive accuracy and model complexity. This is achieved
by minimizing the following objective:

L(ϕ) =
∑
i

l(ŷi, yi) +
∑
k

Ω(fk), (2.4)

where
Ω(f) = γT +

1

2
λ∥w∥2 (2.5)

Here, l(ŷi, yi) measures the difference between the prediction ŷi and the target yi,
while Ω(fk) penalizes model complexity through the number of tree leaves (T ) and
the leaf weights (w). This regularization reduces overfitting, which is a common
issue in both DTs and RFs.

XGBoost models are popular since they excel in performance, efficiency, and
versatility, handling various data types while preventing overfitting through built-
in regularization. Its parallel processing and memory optimizations enable fast
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training. However, applying XGBoost requires careful hyperparameter tuning and
its ensemble structure makes interpretation challenging compared to simpler mod-
els [164].

2.4.4 Interpretability through SHAP Analysis

The classical ML models used in this study, DTs, RFs, and XGBoost, are power-
ful but vary in interpretability. While DTs are relatively understandable because
of their hierarchical structure, RFs and XGBoost are complex ensemble methods
whose impact of individual features towards the prediction cannot be directly de-
termined. However, not having a clear understanding why the model predicts a
particular KTAS level for a patient raises ethical questions about using its pre-
dictions because triage decisions directly affect patient outcomes. Therefore, their
lack of interpretability is a barrier to AI implementation in high-stake clinical
settings.

A number of interpretability techniques are developed to offer explanations of
ML models. Partial Dependence Plots (PDPs) plot the marginal effect of one or
two features on the predicted target by averaging over all instances [39]. Indi-
vidual Conditional Expectation (ICE) extends PDPs by plotting how a feature
affects individual predictions, thus giving a more nuanced view of its influence as
opposed to averaging over the dataset [44]. Permutation Feature Importance quan-
tifies the global importance of a feature by randomly shuffling its values and mea-
suring the corresponding change in model performance [14]. Local Interpretable
Model-Agnostic Explanations (LIME) generates localized, sparse explanations by
approximating a black-box model with a simpler, interpretable surrogate model
[127].

SHapley Additive exPlanations (SHAP), rooted in cooperative game theory,
provides a strong and theoretically robust interpretability approach [90]. Whereas
LIME focuses on local explanation of particular instances, SHAP has both local
(instance-level) and global (dataset-level) interpretability. SHAP values are used
to interpret the output of the ML model by approximating the marginal contribu-
tion of every feature to the predictions of the model. At its core, SHAP distributes
a model’s output across its features based on their individual contributions. This
ensures consistency and accuracy in attributing importance [166], which is partic-
ularly crucial in high-stakes applications like triage. Additionally, SHAP offers a
variant specifically designed for tree-based models, TreeSHAP [91]. As DTs, RFs,
and XGBoost are examples of tree-based models, it is especially suitable for our
research.

The mathematical foundation of SHAP values is as follows. Consider a pre-
dictive model as a cooperative game, where the features of the dataset represent
the players. The SHAP value for a given feature i is calculated by averaging its
marginal contribution across all possible subsets of features S that do not include
i. Formally, the SHAP value ϕi for feature i is expressed as:

ϕi(v) =
∑

S⊆N\{i}

|S|!(|N | − |S| − 1)!

|N |!
·
(
v(S ∪ {i})− v(S)

)
, (2.6)
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where N is the set of all features and S is a subset of features N excluding i.
vx(S) represents the model’s predictive value when only the features in set S that
are marginalized over features that are not included in set S:

vx(S) =

∫
f̂(x1, . . . , xp)dPx/∈S − EX [f̂(X)] (2.7)

Furthermore, |S|!(|N |−|S|−1)!
|N |! is a combinatorial weight ensuring fair distribution of

contributions.
This formula satisfies several desirable properties, such as efficiency, symmetry,

and linearity, making it particularly suitable for feature attribution. When ap-
plied to classical ML models, SHAP values can provide detailed insights into the
importance of each feature.

For more information on SHAP values and how they are applied in ML, refer to
the work by Lundberg [90], which provide the theory and implementation details
needed to apply SHAP values to real-world data sets.

While classical ML models provide structured, rule-based decision making, they
lack the ability to handle uncertainty and conflicting information using default
logic, which is a crucial aspect of real-world triage. Therefore, a more flexible
reasoning system may be required: the BOID. As its reasoning process is funda-
mentally different from classical ML models, we want to warn the reader that the
following section marks a significant shift in concept.

2.5 The BOID Framework

The BOID framework is a decision making model that uses structured prioritiza-
tion to handle incomplete or conflicting mental attitudes. To do this, the BOID
uses default logic. This means that decisions are made based on reasonable as-
sumptions unless contradicted by new evidence [15], which is also how clinicians
reason when making triage decisions. In triage, each component plays a vital role:
beliefs ensure decisions are grounded in accurate, up-to-date information, obliga-
tions represent the established protocols and guidelines that healthcare providers
must follow, and desires capture the overarching goals and priorities of healthcare
providers, namely, those of patient outcomes. Intentions play a distinct role, as
they may reflect prior decisions or a default course of action formed through a
previous balance of desires, beliefs, and obligations.

The next section explores the principles of default reasoning, followed by a
discussion on its relevance in triage, illustrated through an example of BOID rea-
soning in an ED triaging scenario.

2.5.1 Principles of Default Reasoning

Although developing a full BOID-LLM is beyond the scope of this thesis, we aim
to lay the groundwork by exploring whether GPT-4o can infer default rules that
align with obligation-based default reasoning patterns found in clinical triage.
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Default logics [8] are a form of nonmonotonic reasoning systems [7] that were
originally introduced by Reiter [126] in 1980. In contrast to classical logic, where
conclusions necessarily follow from premises, default logic allows drawing a prelim-
inary conclusion if it is not identically contradicted by any evidence (“by default,
something is true”). This logic is fundamental in decision making under uncer-
tainty, especially in contexts such as clinical triage, where complete information is
often unavailable and where agents often have to act upon reasonable suppositions
or defaults until they are proven wrong.

The basic intuition of default logic is that agents may use default rules to fill in
gaps in their knowledge when making decisions. A typical default rule has three
parts:

1. Prerequisite: The condition for applying the rule.

2. Justification: The assumption that must hold unless proven false.

3. Consequence: The conclusion drawn if the justification remains unchal-
lenged.

The general form of a default rule is normally written as:

Prerequisite : Justification1, . . . , Justificationn

Consequense
(2.8)

where Prerequisite, Justification1, ..., Justificationn are closed predicate logic for-
mulae, and n > 0. Here, the antecedent is the condition that needs to be satisfied
for the rule to be applied, the justifications are presumed true unless it is proved
otherwise, and the consequences are the conclusions one would draw if no conflict
in evidence arises.

To illustrate these concepts, consider the classical example of the Tweety Trian-
gle. Here, we have initial information that “Tweety is a bird and by default, birds
fly” as well as conflicting information that “Tweety is a penguin and by default,
penguins do not fly”. In this example, we have the following default rule:

Bird(x) : ¬Penguin(x)
CanFly(x) (2.9)

where:

1. Prerequisite: Bird(x ) (If x is a bird ...)

2. Justification: ¬Penguin(x ) (and we can assume x is not a penguin ...)

3. Consequence: CanFly(x ) (then we can conclude x can fly.)

2.5.2 Relevance and Example in Triage Systems

In triage classification, clinicians have to make decisions based on validated proto-
cols until new information contradicts them. This aligns with default logic, which
allows medical professionals to assume certain symptoms indicate specific levels
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of urgency unless proven otherwise. Therefore, the BOID framework is highly
relevant to emergency triage systems, where immediate and high-stakes decisions
must be made despite uncertainty and incomplete information.

Triage decision making often involves conflicts between the different mental at-
titudes. These mental attitudes can be described using the four components of the
BOID framework. To demonstrate how beliefs, obligations, intentions, and desires
interact in a triage scenario, consider the following example where a clinician must
determine the appropriate KTAS level for a patient presenting with chest pain.
Note, however, that this example is a simplification of real-world triage processes,
as these often involve a greater number of conflicting rules, both within individual
components and across different components of the BOID framework.

A male patient arrives at the ED presenting with chest pain and stable vital signs.
The triage nurse must determine the appropriate KTAS classification based on
available information. However, conflicting mental attitudes influence the deci-
sion making process. From a belief-driven perspective, the nurse is aware that
resource constraints in the ED are currently high, and over-triaging stable patients
could compromise care for more urgent cases. Therefore, the patient should be clas-
sified as KTAS 3. According to established obligations, however, triage guidelines
dictate that any patient presenting with chest pain should be classified as KTAS 2,
ensuring rapid evaluation to rule out potentially life-threatening conditions. In-
tentions, informed by prior triage experience, indicate that many chest pain cases
are ultimately found to be non-cardiac in nature. This learned experience leads to a
tendency to assign KTAS 3 instead of KTAS 2, particularly when patients present
with stable vital signs. Finally, by coincidence, the patient is a family member of
the nurse that needs to make a triage classification. Therefore, this nurse has the
desire to ensure the best possible care for this patient, and would therefore lean
toward KTAS 2 instead of KTAS 3.

This decision conflict can be structured as follows:

B:
Chest Pain(x) : ¬Critical Vital Signs(x)

Classified as KTAS Level 3(x) (2.10)

O:
Chest Pain(x) : ¬Critical Vital Signs(x)

Classified as KTAS Level 2(x) (2.11)

I:
Chest Pain(x) : ¬Critical Vital Signs(x)

Classified as KTAS Level 3(x) (2.12)

D:
Chest Pain(x) : ¬Critical Vital Signs(x)

Classified as KTAS Level 2(x) (2.13)

To resolve this conflict, a BOID priority ordering is established. For example: O >
B > I > D. In this example, obligations take priority. Therefore, the final KTAS
classification is KTAS 2.
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However, our KTAS dataset only contains the final triage classifications from reg-
istered nurses and experts, without access to their internal decision making pro-
cesses. Although these classifications may have been influenced by reasoning pat-
terns involving conflicts between beliefs, obligations, intentions, and desires, such
cognitive processes are not explicitly recorded. As a result, it is not possible to
reconstruct how each BOID component contributed to their final decisions. To
address this limitation, we adopt a simplifying assumption: we treat the KTAS
classifications as primarily obligation-driven decisions. In other words, we assume
that the triage classifications are guided solely by standardized triage protocols
and clinical guidelines. Based on this assumption, the present study focuses ex-
clusively on evaluating the O-component of the BOID framework explore whether
GPT-4o can simulate obligation-based reasoning.

19



3 Methods

This section details the methodologies employed in this research. It starts with a
description of the original dataset from Kaggle [182]. Then, the data preprocessing
pipeline is described, showing the steps we have taken to form the final dataset
used for this research. Here, we also provide an overview of all elements in the data
as well as an example case. After this, we show how we addressed the inherent
class imbalance in the KTAS dataset.

The section proceeds with an overview of the feature descriptions and their
distributions. Next, the implementation of the classical ML models (DT, RF, and
XGBoost) is described, including hyperparameter tuning, cross-validation strate-
gies, and feature importance analysis using SHAP values.

Following, we will show the implementation of GPT-4o for KTAS-level predic-
tion. This section details the prompt to extract triage decision rules from GPT-4o
as well as the prompt engineering techniques employed to investigate the model’s
reasoning.

The section ends by defining the evaluation metrics used to compare model
performance.

3.1 Original Data Description

We used an open-source dataset from the Kaggle repository, which was contributed
in South Korea [182]. It consisted of 1540 systematically selected medical records
of adult patients admitted to two EDs, one local and one regional, between October
2016 and September 2017. After excluding the records with a triage duration of
more than 30 minutes, were canceled at reception before triage, and had incomplete
data to evaluate true triage, in total 1267 eligible medical records remained.

Each record contains 24 variables, including patient demographics and vital
signs, which were documented during the initial nursing assessment. However, not
all of these variables were retained in the final dataset. A full overview of the final
data structure, including the selected variables, as well as an example case, will be
provided in the next section, in which we detail the preprocessing steps.

Each patient was assigned two KTAS urgency scores: the first established by
registered emergency nurses and the second, which is considered the gold standard,
by three qualified triage experts: a certified emergency nurse, a KTAS provider and
instructor, and an experienced emergency nurse recognized for their competence.
This unique structure, which motivated our choice of this dataset, allows us to
explore how different clinical perspectives inform triaging decisions. The process
of assigning their KTAS labels is illustrated in Figure 2.1 in Section 2.1.
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3.2 Data Preprocessing

Data preprocessing is a fundamental step in the data analysis pipeline, as it ensures
that the data is clean, consistent, and ready to be used in ML models. For this
study, the preprocessing pipeline was designed to handle the challenges posed by
the KTAS dataset. Below is a detailed explanation of the preprocessing steps
carried out and the rationale behind them.

The preprocessing and analysis were conducted in a Python-based environment.
Details about the specific computational setup are provided in Appendix A.

Step 1: Mapping Free-Text Complaints to Standardized Categories
Patient complaints recorded as free text were mapped to predefined categories
from Aronsky et al. [11], using a regex-based dictionary. This approach allowed
the grouping of semantically similar complaints under standardized labels. For ex-
ample, terms like “abd pain,” “abdominal pain,” and “RLQ pain” were mapped to
the “Abdominal Pain” category. This transformation was critical to reduce dimen-
sionality and improving interpretability through structured labels. The mapping
function was applied to the Chief complain column, and the original column was
dropped after the transformation to avoid redundancy. The newly created column
reduced the original number of complaint types from 417 to 43.

Step 2: Handling Missing Values Columns SBP (Systolic Blood Pressure),
DBP (Diastolic Blood Pressure), HR (Heart Rate), RR (Respiratory Rate), BT (Blood
Temperature), and Saturation contained missing data. These were replaced with
NaN to ensure compatibility with Python’s data manipulation tools. Table 3.1
presents the number of missing values per column. We want to highlight that
more than half of the patient entries (54.91%) lacked a recorded Saturation value.
Despite this, we retained this feature due to its possible critical role in assessing
patient acuity, as oxygen saturation levels are, for example, essential indicators of
mortality during hospitalization [56] and the disease course of patients [17].

To address these missing values, we employed mode imputation, grouping by
expert KTAS categories to ensure that the imputed values align with typical vital
signs levels within each triage level. This approach follows the methodology pre-
sented in the Kaggle notebook “Triage Application with Machine Learning Models”
by Yıldız [174], which utilized the same dataset to predict the reason for mistriage
by registered nurses. However, while their method grouped by both expert KTAS
and mistriage, we grouped only by expert KTAS, as our study does not focus on
mistriage reasons.

Column Number of Missing Values (NaN) Percentage (%)
SBP 25 1.98%
DBP 29 2.29%
HR 20 1.58%
RR 22 1.74%
BT 18 1.42%
Saturation 694 54.91%

Table 3.1: Number of Missing Values
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Step 3: Removing Irrelevant Features Columns Error_group, Length
of stay_min, KTAS duration_min, mistriage, Disposition, and Diagnosis
in ED were considered irrelevant for the study’s objectives and dropped. The
Error_group column represents the overarching classifications of the underlying
causes for mismatched KTAS scores (e.g. inadequate application of the pain scale
to the KTAS algorithm), as determined by the triage experts. As we are not
analysing the reasons behind mistriage, but focusing on classifying patients based
on demographics and clinical variables to evaluate decision making frameworks,
we removed this column. Furthermore, the Length of stay_min column was re-
moved because it represents a post-triage outcome rather than an input variable
relevant to the decision making process at the time of triage. Including this column
could introduce data leakage, as it reflects information that would not be available
to registered nurses or triage experts when making the initial KTAS classification.
For the same reason, we also removed the KTAS duration_min column.

The mistriage column was removed as well, because these values reflect an
evaluation of the triage process rather than an independent variable available at
the time of triage. Specifically, this column indicates whether the triage decision
made by the registered nurses deviated from the experts’ assessment, effectively
serving as an outcome variable rather than an input. Including it could inadver-
tently introduce circular reasoning or bias into the analysis, as it would provide
a retrospective judgment of the triage classification. This is the same reason why
we exclude the Disposition and Diagnosis in ED columns.

Step 4: Resolving Data Inconsistencies To address formatting issues, com-
mas in numerical values were replaced with periods to align with Python’s numeric
parsing. Column names were cleaned by removing double quotes to ensure com-
patibility with Python’s syntax. These transformations ensured that the dataset
was free from formatting anomalies that could hinder downstream operations, such
as numerical computations or column indexing.

Step 5: Validating and Correcting Pain Columns We found that in-
stances with Pain == 0 always occured together with NRS pain == #BOÞ!, with
NRS (numerical rating scale) pain ranging from 0 to 10. Therefore, we replaced
these values with 0. Instances where Pain == 1 but NRS pain == 0 were removed,
as these are invalid combinations. This resulted in a total of 1264 data entries,
as was the case for three patients. This validation step ensured data integrity.
However, we kept the Pain column in our dataset, as its binary nature provides a
simple high-level indicator that can serve as a feature for rules or thresholds within
the model.

Step 6: Converting Numeric-Like Columns Columns SBP, DBP, HR, RR, BT,
Saturation, and NRS pain were converted to numeric types using pd.to_numeric,
ensuring proper handling of non-numeric placeholders. This step avoided potential
errors during statistical computations or model training.

Step 7: Transforming Categorical Variables Categorical variables Arrival
mode and Mental were mapped to descriptive labels using dictionaries. The
Mental column originally consisted of integer values, representing distinct cate-
gorical states (1: Alert, 2: Verbal Response, 3: Pain Response, 4: Unresponsive).
Allowing DT-based models to split on numeric thresholds like >1.5 would not
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have logical meaning, as integers do not have an ordinal relationship or numeri-
cal continuity. By mapping these values to descriptive strings, we clarified their
categorical nature, enabling the models to handle them correctly during training
through techniques such as one-hot encoding. Similarly, the Arrival mode column
was updated to replace integer codes with descriptive categories (1: Walking, 2:
Public Ambulance, 3: Private Vehicle, 4: Private Ambulance, 5: Other, 6: Other,
7: Other). Integers 5, 6, and 7 all corresponded with “other” modes of arrival, so
we grouped these together to the value ‘Other’. This transformation improved in-
terpretability by replacing numeric codes with human-readable labels and ensured
compatibility with downstream feature engineering.

Table 3.2 shows an overview of the description of the dataset before scaling
the numerical features. To provide an example, consider a 54-year-old alert female
patient who arrived at the regional ED via private ambulance. Her chief complaint
was fever. She reported no injury or pain, with a recorded pain level of 3 of out
10. Her vital signs were as follows: systolic blood pressure 140.0 mmHg, diastolic
blood pressure 90.0 mmHg, heart rate 94.0 bpm, respiratory rate 20.0 breaths per
minute, body temperature 38.1◦C, and oxygen saturation 98.0%. In the same hour
of her arrival, six other patients had also arrived. Using these variables, the most
appropriate KTAS level according to registered nurses was 3, while according to
experts, this patient better fits within the urgency level 4.

Step 8: Scaling Numerical Features We employed robust scaling [134] with
5th and 95th percentiles to preprocess numeric variables. It moves data towards
the median and scales based on the interquartile range (IQR). This makes it less
sensitive to outliers, while maintaining the natural relative relationships of data
points. By utilizing the 5th and 95th percentiles, we encompassed more of the
data so that the scaling was more appropriately calibrated to the variation of the
clinical measurements. We were subsequently able to maintain the integrity of the
key data points while not allowing the extreme outliers to dominate, and thus we
obtained a more stable and uniform model performance.

Step 9: Encoding Categorical Variables The transformed categorical columns
(Arrival mode, Mental, and complaint_category) were one-hot encoded. This
encoding method represented each category as a binary variable, ensuring com-
patibility with ML algorithms that require numeric input.

In summary, the preprocessing pipeline was designed to address the challenges of
the KTAS dataset. The structured and comprehensive approach allowed for the
creation of a clean, interpretable, and ready for analysis dataset.

3.3 Data Balancing

The KTAS dataset presents a notable class imbalance, particularly in the most
critical (KTAS 1) and least critical (KTAS 5) classes (see Tables 3.16 and 3.17).
This imbalance poses a risk of model bias towards the majority classes (KTAS 3 and
4), potentially reducing the model’s ability to accurately predict underrepresented
but clinically critical cases.
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Feature Name Data Type Possible Values (Mean ± SD) Percentage (%)

Sex Numerical 1: female 47.79%
2: male 52.22%

Age (Years) Numerical 54.36 ± 19.70 -
Group Numerical 1: local ED 54.19%

2: regional ED 45.81%
Patients number per hour Numerical 7.51 ± 3.16 -
Arrival mode Categorical 1: walking 6.25%

2: public ambulance 20.89%
3: private vehicle 59.49%
4: private ambulance 12.26%
5: other 1.11%

Injury Numerical 1: no 80.78%
2: yes 19.23%

Pain Numerical 0: no 43.75%
1: yes 56.25%

NRS pain (Numerical Rating Scale pain) Numerical 0 (no pain) 43.75%
1 0.16%
2 3.01%
3 21.99%
4 11.16%
5 10.76%
6 5.54%
7 2.61%
8 0.71%
9 0.08%
10 (max pain) 0.24%

Complaint category Categorical See Table 3.3 -
Mental status Categorical 1: alert 93.67%

2: verbal response 3.09%
3: pain response 2.22%
4: unresponsive 1.03%

SBP (Systolic Blood Pressure) in mmHg Float 132.82 ± 28.32 -
DBP (Diastolic Blood Pressure) in mmHg Float 79.36 ± 15.93 -
HR (Heart Rate) in bpm Float 84.05 ± 16.49 -
RR (Respiratory Rate) in breaths/min Float 19.51 ± 1.98 -
BT (Blood Temperature) in ◦C Float 36.57 ± 0.54 -
Saturation in % Float 97.51 ± 1.991 -
registered nurse KTAS Numerical 1 (most urgent) 1.42%

2 16.77%
3 35.29%
4 39.64%
5 (least urgent) 6.88%

expert KTAS Numerical 1 (most urgent) 1.98%
2 17.41%
3 38.37%
4 36.31%
5 (least urgent) 5.94%

Table 3.2: Description of the Dataset with n = 1264

To address this issue, we employed Adaptive Synthetic Sampling (ADASYN)
[53], an oversampling technique that generates synthetic samples based on the dis-
tribution density of minority class instances. We implemented ADASYN with the
imblearn.over_sampling.ADASYN function from the imbalanced-learn package
[77]. Unlike SMOTE (Synthetic Minority Over-sampling Technique) [19], which
generates synthetic samples uniformly, ADASYN prioritizes harder-to-classify in-
stances, adding more synthetic samples where the data is most sparse. This tar-
geted approach helps refine decision boundaries, ultimately enhancing the model’s
performance in recognizing rare but clinically significant cases.

In our study, ADASYN was implemented in the training set, replicating KTAS
1 and KTAS 5 to 150 instances each. This threshold was selected empirically
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through trying various resampling ratios and evaluation their influence on model
performance. By providing the model with an improved distribution of the extreme
triage levels, ADASYN reduces classification bias, causing the model to classify
life-threatening emergencies (KTAS 1) as well as non-emergency cases (KTAS 5)
more effectively.

3.4 Feature Description and Distribution

The dataset has a comprehensive set of variables. These variables play a crucial
role in understanding patient distribution and the association with urgency levels
as captured by the KTAS system.

Demographics The age distribution of the patients (Figure 3.1) ranges from
young adults to elderly patients. The average age is 54.36 (with SD 19.70), as can
be seen in Table 3.2. The sex distribution (Figure 3.2) is fairly balanced, with a
slight overrepresentation of men (660) compared to women (604).
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Figure 3.3: Distr. of Group

Vital Signs The distribution for the variables SBP (Systolic Blood Pressure),
DBP (Diastolic Blood Pressure), HR (Heart Rate), RR (Respiratory Rate), BT (Blood
Temperature), and Saturation are displayed before scaling the values according
to step 8 from the preprocessing pipeline to be able to give more understand-
able insights into the distribution of these variabeles. Figures 3.4, 3.5, and 3.6
show the distributions of SBP, DBP, and HR, and Figures 3.7, 3.8, and 3.9 show
the distributions of RR, BT, and Saturation. As shown in the plots, the vital
sign distributions vary in shape and spread, but they all exhibit relatively normal
distributions centered around typical physiological values [23].

Group The group distribution illustrates the proportion of patients categorized
into Local ED and Regional ED groups. As shown in Figure 3.3, there is a slightly
higher representation of Local ED cases.

Patients number per hour Figure 3.10 represents the number of patients who
arrive at the same hour as the corresponding patient. The distribution reveals that
most patients arrive during hours when five to nine other patients also present.
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Figure 3.4: Distr. of SBP
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Figure 3.5: Distr. of DBP
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Figure 3.6: Distr. of HR

10 15 20 25 30
0

200

400

600

800

RR

Fr
eq

ue
nc

y

Figure 3.7: Distr. of RR
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Figure 3.8: Distr. of BT
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Figure 3.9: Distr. of Satu-
ration
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Figure 3.10: Distribution of Patients Number per Hour

Arrival Mode Figure 3.11 provides information on the arrival mode of the
patient. Most of the patients (752) arrive by private vehicles, followed by public
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ambulances (264) and private ambulances (155). Patients who walk (79) and those
who arrive by other means (14) represent the minority.
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Figure 3.11: Distribution of Arrival Modes

Injury and Pain Figure 3.12 highlights that injuries are relatively rare, with
only 243 patients reporting injuries compared to 1,021 who did not. As illustrated
in Figure 3.13, most of the patients (711) reported experiencing pain, while 552
patients presented without pain.
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Figure 3.12: Distribution of Injury
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Figure 3.13: Distribution of Pain

NRS Pain Pain severity is measured using the NRS (Numerical Rating Scale),
which ranges from pain level 0 to 10, with Figure 3.14 showing a wide distribution
across the scale. The majority of patients (553) report no pain (NRS=0), while
278 report mild pain (NRS=3). Severe pain is less frequent. Summing all pain
scores with values greater than or equal to 1 reveals that 711 patients reported
experiencing pain, a finding consistent with the distribution shown in Figure 3.13.

Complaint Category Table 3.3 shows that the newly created complaint
category column holds the standardized category name for each patient com-
plaint, with “Abdominal Pain” and “Chest Pain” being the most common com-
plaints.
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Figure 3.14: Distribution of NRS pain

Complaint Category Freq. Complaint Category Freq.

Abdominal Pain 185 Back Pain 18
Chest Pain 98 Ear/Nose/Throat Problems 16
Traumatic Injuries Specific (FT) 73 Convulsions; Seizures 15
Dizzy 69 Procedure 14
Respiratory Problems 66 Fainting/Syncope 12
Hemorrhage 62 Dental; Toothache 9
Weakness 61 Foreign Body 8
Fever 58 Unconsciousness 8
Abdominal Problems 49 Substrance Abuse 6
Psychiatric/Social Problems 48 Body Aches 6
Headache 48 Follow-Up 6
Eye Problem 40 Burns 5
Peripheral Vascular/Leg Pain 38 Neck Pain 5
Flank Pain 33 Diabetic Problems 5
Neurological Complaint 33 (Specific) diagnosis (FT) 4
Laceration 27 Medication refill 4
Skin Complaint/Trauma 23 Assault/Rape 4
Unknown Problem 21 Cardiac Arrest 4
Genito-Urinary Problem 21 Allergies/Hives/Med Reaction/Sting 3
Orthopedic Injury 20 Obstetrical Problem 1
Fluid/Nutrition Alternation 19 Gynecological Problem 1
Cardio-Vascular Complaint 18

Table 3.3: Categories and Their Frequencies

Mental Status Figure 3.15 highlights the predominance of patients presenting
as alert (1,184), with smaller subsets exhibiting responses to pain (28), being
unresponsive (13), or showing verbal responses (39).

KTAS Registered Nurse vs. Expert The KTAS distributions for both
registered nurses and experts evaluations (Figures 3.16 and 3.17) demonstrate a
notable similarity, with the majority of patients classified as KTAS levels 3 and 4.
Level 3 is the most common, encompassing 501 cases by registered nurses and 485
by experts. Levels 1 and 5 are less frequent, with 18 and 87 cases respectively for
nurses, compared to 25 and 75 for experts.

The confusion matrix in Table 3.18 illustrates the agreement between registered
nurses and experts KTAS assignments, showing a high concentration of cases along
the diagonal. We see general alignment between the two classifications. However,
discrepancies are evident, suggesting differences in interpretation or assessment
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criteria. This is particularly relevant to our research question, as we aim to inves-
tigate whether ML models align more with registered nurses-assigned KTAS levels
or expert-assigned KTAS levels.
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Figure 3.16: Distr. of RN KTAS
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Figure 3.17: Distr. of Expert KTAS
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To further understand the dataset, exploratory data analysis (EDA) was con-
ducted. Since EDA was not directly used for feature selection or model modifica-
tions, detailed results are provided in Appendix B.

3.5 Implementation of Classical ML Models

To ensure a reliable evaluation of model performance, we divided the dataset into
a training set and a test set using a 75/25 split. This resulted in 948 patients
used for training and 316 patients used for final testing. The test set was held out
throughout the training process and only used for evaluating the generalization
performance of the final models. You can reach out to Figure 1.2 for the total
modeling design for KTAS prediction task for classical ML models. As also illus-
trated, each model was trained and tested on either the expert-assigned KTAS
labels or the registered nurse-assigned KTAS labels.

3.5.1 Hyperparameter Tuning and Cross-Validation

To optimize the DT, RF, and XGBoost models, we employed GridSearchCV [74],
that systematically searches a predefined hyperparameter spaces to identify the
best performing configurations. After trial and error, we established the hyper-
parameter spaces. They are displayed in Table 3.4. Key parameters such as tree
depth, split criteria, number of estimators, and learning rate were fine-tuned to
enhance predictive performance.

While the default scoring metric in GridSearchCV is accuracy, accuracy can be
misleading in imbalanced datasets [41]. In such cases, a model may achieve high
accuracy by simply predicting the majority class. With our dataset, this would
result in models to predict KTAS levels 3 and 4 more often than the most or
least urgent KTAS levels 1 and 5 (see Figures 3.16 and 3.17), while these minority
classes are of great importance. Therefore, we selected the weighted F1 score as
the scoring metric. This metric provides a balanced measure of precision and recall
across all KTAS levels and ensures that model performance reflects the imbalanced
distribution of urgency classes [60].

To further address class imbalance, we used StratifiedKFold cross-validation
[75], which maintains the original class distribution in each fold. This prevents the
model from being trained on unrepresentative data subsets. We selected 5-folds to
balance between computational efficiency and reliable evaluation.

3.5.2 Interpretability through SHAP Analysis

Since we are investigating the performance of DTs, RFs, and XGBoost, we im-
plement TreeSHAP by calling the shap.TreeExplainer function from the SHAP
library [91]. This is an optimized variant of SHAP specifically designed for tree-
based models [92]. TreeSHAP computes SHAP values in polynomial time in an
efficient manner, making it considerably faster and scalable than standard SHAP
implementations. By applying TreeSHAP to our models, we aim to understand
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Model Hyperparameters Selected for Training

Decision Tree Criterion: Gini, Entropy
Maximum Depth of Tree: [5, 10, 15, 20, 25, 30, 35, 40].
Minimal Samples Leaf of Tree: [1, 2, 4, 6, 8, 10].
Minimal Samples Split of Tree: [2, 5, 10, 15, 20, 25, 30].

Random Forests Criterion: Gini, Entropy.
Amount of Estimators: [50, 250, 500].
Maximum Depth of Tree: [1, 3, 5, 7, 9, 11, 13, 15].
Minimal Samples Leaf of Tree: [1, 2, 4, 6, 8, 10, 12].
Minimal Samples Split of Tree: [2, 4, 6, 8, 10, 12].

XGBoost Amount of Estimators: [50, 250, 500, 1000].
Maximum Depth of Tree: [1, 5, 10, 15, 20, 25, 30].
Minimum Weight of Child: [1, 3, 5, 7].
Learning Rate: [0.01, 0.05, 0.1, 1, 10].
Gamma: [0, 0.1].

Table 3.4: Set of Hyperparameters for each Classical ML Model

how clinical features influence the model’s assignment of KTAS levels, either in-
creasing or decreasing their contribution to a particular prediction. To visualize
the results, we generated SHAP summary plots.

3.6 Implementation of GPT-4o

GPT-4o was accessed via the OpenAI API, using the chat.completions.create
function [113]. The temperature parameter controls the amount of randomness in
the output of the model, of which the value may range between 0 and 2. Lower
values make responses more deterministic, and higher values introduce more vari-
ability [28]. Given the need for reliable and reproducible predictions in triage
scenarios, a temperature of 0 was chosen, minimizing response variability and en-
suring consistent responses of GPT-4o.

The design for the KTAS prediction task for GPT-4o using the various prompt-
ing techniques can be found in Figure 1.3. As you can see, GPT-4o received no
direct access to the KTAS dataset during inference. Instead, predictions were gen-
erated based solely on the patient information provided in the prompt, combined
with the model’s pretrained knowledge. The resulting KTAS level predictions were
evaluated against the expert KTAS labels, which serves as the gold standard.

3.6.1 Triage Rule Extraction

To evaluate the ability of GPT-4o to generate clinically meaningful triage rules,
we used trial and error. The final prompt can be found in Appendix C.1. We
prompted the model to produce a comprehensive, hierarchical, and logically con-
sistent set of KTAS rules. The steps in this prompts emphasized mutual exclusiv-
ity, collective exhaustiveness, prioritization of higher-acuity cases, and inclusion of
multiple clinical conditions per rule to reflect real-world complexity. Besides, the
model was also instructed to allow exceptions to capture the default-based rea-
soning performed by clinicians when using decisions. Furthermore, GPT-4o was
prompted to assume that it was an AI expert in emergency medicine that should
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generate structured IF-THEN rules, explicitly defining the classification criteria for
each KTAS level. Also, we instructed the model to output only the list of rules,
maintaining a clear output.

For generating the rules, we explained how our KTAS dataset is built, providing
explanations about all variables and their possible values. However, we did not
provide any KTAS-specific examples or access to external tools, as we wanted
to assess to what extent the inferred triage rules of GPT-4o align with the gold
standard expert KTAS labels, solely relying on its internal knowledge.

3.6.2 Prompt Engineering Techniques

For each prompting technique, we followed a general workflow (see Algorithm 1),
ensuring consistency between experiments. To prevent context length from becom-
ing too large, which could lead to information loss or reduce prediction accuracy
[79, 81, 136], we chose to divide patient data into batches of 10. By generating
predictions for groups of 10 patients instead of tackling each one separately, we
were able to manage costs effectively.

In our experiments, we used of both system and user prompts to guide GPT-4o’s
responses. The system prompt acts as the main instruction, outlining the model’s
role, context, and the output standards [133]. Meanwhile, the user prompt includes
task-specific input, incorporating structured patient data [133]. For almost every
prompt, the user prompt was a list formatted in JSON, but for the fluent style
prompt, we presented the patient information in a more natural, conversational
text to investigate how this would influence GPT-4o’s predictions. Despite this
variation, everything else remained unchanged. We prompted the model to return
a JSON list containing the KTAS predictions for each patient in the batch. The
full code for the general workflow can be seen in Appendix C.2.

Algorithm 1 GPT-4o General Workflow
1: Input: Patient dataset test set
2: Define system_prompt as predefined system message (see Appendix C.3)
3: for each batch of 10 patients in patient dataset do
4: Extract batch from dataset
5: Format user_prompt as JSON string with patient data

# user_prompt is different for fluent style prompting, see Appendix C.7
6: Call GPT-4o API with:
7: - system_prompt
8: - user_prompt
9: Extract model response

10: end for
11: Output: GPT-4o predictions for each batch

The diversity of prompt formulations allowed us to investigate how prompts
affect GPT-4o’s predictive performance in our triage classification task.
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3.6.2.1 Standard Prompting

We employed the zero-shot prompting technique as baseline to evaluate GPT-4o’s
KTAS classification performance [84]. It leverages the model’s pre-trained knowl-
edge without providing examples but asked the model to deduce classifications
based only on the provided patient data. The few-shot prompt augmented this
by including two example cases along with corresponding KTAS classifications,
demonstrating correct labeling before processing new patient data. To give an
unbiased assessment, these instances were sampled from the training data used to
train the classical ML models. Importantly, these training data were not part of
the test set that was used to predict using the predictions of GPT-4o, as detailed
in Section 3.7, thereby preventing data leakage. Role prompting directed GPT-4o
to perform as a head ED triage nurse with more than twenty years of experience
using the KTAS to assess whether domain-specific identity improves prediction
accuracy. Role prompting has been shown to improve performance [70]. Fur-
thermore, implicit-CoT prompting, which has also been shown to enhance LLMs’
predictive abilities [132], encouraged the model to reason step-by-step about each
patient’s medical condition before classifying urgency levels. Finally, we explored
fluent style prompting, which reformatted patient data into a natural, free-flowing
text rather than a structured JSON list. This technique was employed in an
attempt to see if showing patient data presented in a conversation style would
enhance the performance of GPT-4o. Full prompts for these standard prompting
techniques are provided in Appendix C.3.1.

3.6.2.2 SHAP-Informed Prompting

To investigate whether feature importance insights could enhance model predic-
tions, we used three variants of SHAP-informed prompting, which emphasized in-
fluential variables governing KTAS classifications. This has also been investigated
by Nazary et al. [105], that showed that incorporating SHAP-based knowledge in
the prompt outperformed zero-shot and few-shot prompting.

In the first prompt we only listed the most influential features for each KTAS
level. This information was derived from SHAP values computed on the best
performing classical ML model. The second variant allowed the model to make
exceptions from the SHAP-based information if it determined a different classi-
fication was more appropriate. And the third variant additionally prompted to
think step-by-step before classifying the patients, and provided patient informa-
tion in a more narrative-driven manner. These methods aimed to assess whether
feature importance explanations improved model consistency and interpretabil-
ity. Full prompts from the SHAP-informed prompting techniques are provided in
Appendix C.3.2.

3.6.2.3 Experimental Prompting

Alongside the standard and SHAP-informed prompts, we also explored a variety of
experimental prompting techniques. We added a few prompts to assess if eliciting
an emotional response can enhance the model’s performance, which has been shown
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to improve the accuracy and relevance of LLM outputs [80]. Furthermore, we were
also interested to see what happens to the prediction of the model if we prompted it
with particular constraints. The techniques with their corresponding descriptions
can be seen in Table 3.5.

Experimental Prompting Technique Description
Emotional-based prompting “You are the only one who can do this. The fate of the

world depends on it.”
Reward-based prompting “Every correct classification means one extra cookie for

you.”
Nonsensical-based prompting “Pretend you’re a potato.”
Variable constraint – exclude complaint category “Classify the KTAS level of this patient **without**

considering their complaint category.”
Variable constraint – use only complaint category “Classify the KTAS level of these patients **only** con-

sidering their complaint category.”
Time constraint prompting “You must classify this patient within 1 second. Provide

the most likely KTAS level **immediately**.”
Math puzzle prompting “Before answering, solve this math problem: 738 * 482.”
No prior knowledge prompting “You have no prior knowledge of triaging patients in the

emergency department.”
Adversarial information prompting “Predict the urgency level (1 = lowest urgency, 5 = high-

est urgency) for each patient based on their variables
using the Korean Triage and Acuity Scale (KTAS).”

Table 3.5: Descriptions of Experimental Prompting Techniques.

The goal of these experimental prompts was to evaluate how the model reacts
to various framing methods, outside influences, and contextual limitations. For a
complete look at the prompts, see Appendix C.3.3.

3.6.2.4 GPT-4o’s Extracted Triage Rules Prompting

A key component of our study involves extracting explicit triage classification
rules from GPT-4o to investigate how well it could create understandable decision
making guidelines and to investigate to what extent GPT-4o is able to encode
its own reasoning into explicit logical rules. This way, our objective is to assess
the interpretability of the model, evaluating whether its decision making process
can be transparently represented through structured heuristics. To do this, after
GPT-4o produced these rules, we incorporated them into a follow-up prompt. The
complete prompt we used for this can be found in Appendix C.3.4.

3.7 Evaluation Metrics

The task in this study is to classify patients into one of five levels of the KTAS,
making this a classification problem. Because of this, we use established evalu-
ation metrics for classification tasks, specifically accuracy and F1 score, as these
are widely accepted in classification performance assessment [58]. The first eval-
uation metric is accuracy. This measures the total correctness of the predictions
of the trained ML model on the test data. The F1 score provides us with the
recall-precision balance since it measures the harmonic mean of the two. This is
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most valuable in imbalanced class distribution cases, providing a more accurate
evaluation than accuracy measures alone [4].

However, KTAS is not just any classification task, since it is an ordinal classi-
fication problem, where the class labels are ordered in terms of clinical urgency.
This ordinal nature, combined with class imbalance in the data, makes it help-
ful to complement traditional metrics with additional ones, such that we capture
a holistic understanding of the performance of our models. Therefore, we also
used Cohen’s Kappa and Cohen’s Weighted Kappa. Cohen’s Kappa evaluates
the agreement between predicted and actual classifications, adjusting for chance
agreement. The weighted version is an extension of this, with allowance for the
extent of disagreement, especially relevant for ordinal classification tasks like ours
[150]. For example, in the KTAS system, misclassifying a patient with a critical
KTAS level 1 as level 2 is less severe than misclassifying them as level 5, and
weighted Cohen’s Kappa accounts for this ordinal severity by penalizing larger
misclassifications more heavily. So, these metrics provide insight into the model’s
reliability and its ability to make correct predictions. Besides these, we also se-
lected the AUC metric, which measures a model’s ability to distinguish between
classes across various threshold settings, with an AUC value closer to 1 indicating
superior discriminative performance. This metric is crucial to assess how well the
model can separate different classes, which is essential in our KTAS classification
task [4].

Furthermore, to ensure a fair comparison between our classical ML models and
GPT-4o, all models were evaluated using the same test dataset, consisting of 316
patients. This dataset remained unchanged in all tests. Additionally, when using
few-shot prompting in GPT-4o, the two example cases were extracted from the
training data to ensure that they were not present in the test dataset. These
precautions prevented inconsistency and data leakage.
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4 Results

This section presents the findings from our experiments, covering both classical
ML models and GPT-4o’s performance in KTAS classification. We begin with the
performance of DT, RF, and XGBoost, assessing their ability to predict KTAS
levels assigned by both registered nurses and triage experts. Following this, we
display the performance of GPT-4o, showing how different prompt engineering
techniques impact its ability to classify KTAS levels and whether the model can
extract and apply its own triage rules.

4.1 Results of Classical ML Models

This section presents the performance of our DT, RF, and XGBoost models in
predicting KTAS assignments assigned by registered nurses and triage experts and
shows how model performance varies between different KTAS levels between these
two groups. An interpretation on these results is provided in Section 5.1.1, that
discusses the results. Refer to Table 4.1 for an overview of the performance of all
models in predicting registered nurse KTAS and expert KTAS. Furthermore, Table
4.2 displays the optimal hyperparameters for predicting registered nurse KTAS,
while Table 4.3 details the best hyperparameters for predicting expert KTAS, both
across all models. The best value for each evaluation metric is shown in bold.

Task Model Accuracy Cohen’s Kappa Weighted Kappa AUC

Registered nurse KTAS
DT 0.6108 0.4403 0.5091 0.7730
RF 0.6487 0.4680 0.6020 0.8799
XGBoost 0.6361 0.4550 0.5850 0.8444

Expert KTAS
DT 0.6551 0.4846 0.6328 0.7963
RF 0.6994 0.5448 0.6538 0.8941
XGBoost 0.6930 0.5410 0.6884 0.8819

Table 4.1: Performance Classical ML models for Registered Nurse KTAS and
Expert KTAS Predictions
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Model Best Hyperparameters for predicting registered nurse KTAS

Decision Trees Criterion: Gini.
Maximum Depth of Tree: 20.
Minimal Samples Leaf of Tree: 1.
Minimal Samples Split of Tree: 30.

Random Forests Criterion: Gini.
Amount of Estimators: 250
Maximum Depth of Tree: 20.
Minimal Samples Leaf of Tree: 1.
Minimal Samples Split of Tree: 5.

XGBoost Amount of Estimators: 250.
Maximum Depth of Tree: 15.
Minimum Weight of Child: 1.
Learning Rate: 0.1.
Gamma: 0.1.

Table 4.2: The best hyperparameters for predicting registered nurse KTAS for
each model

Model Best Hyperparameters for predicting expert KTAS

Decision Trees Criterion: Gini.
Maximum Depth of Tree: 15.
Minimal Samples Leaf of Tree: 1.
Minimal Samples Split of Tree: 30.

Random Forests Criterion: Gini.
Amount of Estimators: 500.
Maximum Depth of Tree: 15.
Minimal Samples Leaf of Tree: 1.
Minimal Samples Split of Tree: 2.

XGBoost Amount of Estimators: 50.
Maximum Depth of Tree: 1.
Minimum Weight of Child: 3.
Learning Rate: 1.
Gamma: 0.

Table 4.3: The best hyperparameters for predicting expert KTAS for each model

Additionally, a feature importance analysis using SHAP is conducted on the
best performing model to get insights into the key variables that influence the
KTAS predictions.

4.1.1 Decision Tree

The DT model demonstrated varying levels of performance when predicting reg-
istered nurse KTAS and expert KTAS, reflecting differences in complexity and
consistency between the two classification tasks. For registered nurse KTAS (Ta-
ble 4.2), the best performing model used the Gini criterion, a maximum tree depth
of 20, minimum samples per leaf of 1, and minimum samples per split of 30. In con-
trast, the DT model that predicted expert KTAS levels (Table 4.3) had a slightly
shallower maximum depth of 15 while maintaining the same values for the Gini
criterion, minimum leaf samples, and minimum split samples. The deeper tree
for registered nurse KTAS suggests that additional depth was beneficial in cap-
turing the nuances of registered nurse-assigned triage decisions, whereas a slightly
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shallower tree was sufficient for expert KTAS.
Furthermore, as can be seen in Table 4.1, the DT model performed better in pre-

dicting expert KTAS than in predicting registered nurse KTAS. The accuracy for
expert KTAS was 65.51%, compared to 61.08% for registered nurse KTAS. Also,
Cohen’s Kappa for expert KTAS (0.4846) was also higher than for registered nurse
KTAS (0.4403), highlighting better agreement between predictions and expert la-
bels beyond random chance. The Weighted Kappa, which accounts for the ordinal
nature of KTAS levels, was higher for expert KTAS (0.6328 vs. 0.5091) as well,
reflecting in what extent the model is able to penalize large misclassifications. Ad-
ditionally, the AUC for expert KTAS (0.7963) also surpassed that for registered
nurse KTAS (0.7730). These results indicate that expert KTAS prediction was
easier and discriminated better between urgency levels.

Table 4.4: Classification Report for Registered Nurse KTAS Predictions by DT

Class Precision Recall F1 Score Support

1 1.00 0.67 0.80 3
2 0.61 0.55 0.58 55
3 0.62 0.60 0.61 114
4 0.67 0.71 0.69 117
5 0.30 0.37 0.33 27

Weighted Avg 0.62 0.61 0.61 316

Table 4.5: Classification Report for Expert KTAS Predictions by DT

Class Precision Recall F1 Score Support

1 1.00 0.67 0.80 3
2 0.65 0.43 0.51 55
3 0.62 0.72 0.67 114
4 0.73 0.75 0.74 117
5 0.41 0.39 0.40 27

Weighted Avg 0.66 0.66 0.65 316

Tables 4.4 and 4.5 show that the F1 scores for registered nurse KTAS and ex-
pert KTAS predictions reveal notable differences in the model’s ability to balance
precision and recall across the five urgency levels. For registered nurse KTAS, the
weighted average F1 score was 0.61, with a stronger performance in predicting
KTAS 1 (F1 = 0.80) and KTAS 4 (F1 = 0.69), but considerably lower perfor-
mance for KTAS 2 (F1 = 0.58) and KTAS 5 (F1 = 0.33). This disparity suggests
that, even though registered nurse KTAS Level 1 has only three data points, the
features associated with it are highly distinctive, enabling the model to effectively
differentiate these cases. Conversely, the lower performance for KTAS 2 and KTAS
5 highlights potential feature overlap and challenges in distinguishing these levels
from adjacent classes, emphasizing the complexity of accurately predicting these
levels. The F1 scores for expert KTAS predictions were generally higher, with a
weighted average of 0.65 and improved F1 scores for KTAS 2, 3, 4, and 5. The
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higher weighted F1 score for expert KTAS indicates better overall balance in pre-
dicting both frequent and less frequent classes.

4.1.2 Random Forest

The best configuration for the RF model when predicting registered nurse KTAS
included the Gini criterion, 250 estimators, a maximum tree depth of 20, minimum
samples per leaf of 1, and minimum samples per split of 5 (Table 4.2). In contrast,
the expert KTAS model performed best with 500 estimators, a shallower maximum
depth of 15, minimum samples per leaf of 1, and a minimum split of 2 (Table 4.3).
The increase in estimators and lower split threshold for expert KTAS suggests that
the model benefited from more ensemble averaging and finer decision boundaries.

The RF model demonstrated improved performance compared to the DT model
in predicting both registered nurse KTAS and expert KTAS, benefiting from its
ensemble-based approach. This can be seen in Table 4.1. For example, the RF
model achieved an accuracy of 64.87% when predicting registered nurse KTAS and
69.94% for expert KTAS, reflecting better overall classification compared to the
DT model.

Furthermore, the Cohen’s Kappa value when predicting registered nurse KTAS
was 0.4680, while for expert KTAS it increased to 0.5448. This indicates that the
RF model can more easily approximate expert decision making, possibly due to
reduced variability in expert labeling. The Weighted Kappa showed similar trends,
increasing from 0.6020 for registered nurse KTAS to 0.6538 for expert KTAS. This
improvement shows that the RF can better account for the ordinal nature of the
KTAS scale than the DT model. Additionally, with an AUC value of 0.5 indicating
random guessing, the AUC for registered nurse KTAS (0.8799) and expert KTAS
(0.8941) emphasize the RF’s moderate capability in ranking and discriminating
between urgency levels.

Table 4.6: Classification Report for Registered Nurse KTAS Predictions by RF

Class Precision Recall F1 Score Support

1 1.00 0.67 0.80 3
2 0.79 0.42 0.55 55
3 0.61 0.70 0.65 114
4 0.66 0.82 0.73 117
5 0.57 0.15 0.24 27

Weighted Avg 0.66 0.65 0.63 316

For RF, the F1 scores followed the same trend as observed for DT (Figures
4.6 and 4.7). For registered nurse KTAS, the weighted average F1 score was 0.63,
with the highest performance observed for KTAS 1 (F1 = 0.80) and KTAS 4 (F1
= 0.73). However, the model struggled with KTAS 5 (F1 = 0.24), a recurring
challenge. In contrast, the weighted average F1 score for expert KTAS was higher
at 0.69, with improvements for all KTAS levels. Notably, KTAS level 1 obtained
an F1 score of 1.00, meaning the model achieved perfect precision and recall for
this class, likely due to the distinctiveness and severity of KTAS level 1 cases.
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Table 4.7: Classification Report for Expert KTAS Predictions by RF

Class Precision Recall F1 Score Support

1 1.00 1.00 1.00 3
2 0.88 0.46 0.60 61
3 0.66 0.77 0.71 124
4 0.70 0.79 0.74 110
5 0.64 0.39 0.48 18

Weighted Avg 0.72 0.70 0.69 316

4.1.3 XGBoost

The XGBoost model performed approximately equal to the RF model in the pre-
diction of expert KTAS and registered nurse KTAS (Table 4.1). In the prediction
of registered nurse KTAS, the accuracy of XGBoost was 63.61%, which slightly
outperformed the DT model (61.08%) but was lower than RF (64.87%). The
weighted average F1 score was 0.62, which outperformed the DT model (0.61) but
was lower than RF (0.63).

For expert KTAS predictions, XGBoost achieved an accuracy of 69.30%, which
is higher than the accuracy of the DT model (65.51%) and approaches the RF
model (69.94%). The weighted average F1 score was 0.69, on par with RF (0.69)
and higher than DT (0.65). Cohen’s Kappa values further highlight the compar-
ative performance of XGBoost. For registered nurse KTAS predictions, Cohen’s
Kappa was 0.4550, higher than DT (0.4403) but slightly lower than RF (0.4680).
The Weighted Kappa for registered nurse KTAS was 0.5850, again surpassing DT
(0.5091) and again falling short of RF (0.6020). For expert KTAS predictions,
Cohen’s Kappa increased to 0.5410, close to RF (0.5448) and significantly higher
than DT (0.4846). The Weighted Kappa for expert KTAS predictions was 0.6884,
the highest among the models.

For AUC, XGBoost achieved an AUC value of 0.8444 for registered nurse KTAS
and 0.8819 for expert KTAS. These results were better than DT (0.7730 and
0.7963) but slightly lower than RF (0.8799 and 0.8941).

Tables 4.8 and 4.9 display the classification reports for registered nurse KTAS
and expert KTAS predictions, respectively. The XGBoost model resulted in the
strongest performance for KTAS 1 (F1 = 0.67) and KTAS 4 (F1 = 0.72), but
it struggled with KTAS 5 (F1 = 0.27). This seems to be a consistent challenge
across all models. However, KTAS 1 predictions showed a significant lower F1
score (0.57) compared to RF (1.00). This is a crucial finding because KTAS 1
represents the most urgent cases, where accurate classification is essential.

This discrepancy in KTAS 1 predictions may be attributed to the unconven-
tional hyperparameters identified for XGBoost during tuning. Notably, the best-
performing configuration for expert KTAS predictions included a gamma value of
0, a learning rate of 1, a maximum tree depth of only 1, a minimum child weight
of 3, and just 50 estimators (Table 4.3). These settings contrast with typical XG-
Boost expectations, which often favor deeper trees, more estimators, and lower
learning rates to capture complex patterns effectively [65]. Instead, this configura-
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tion suggests that the model prioritized simplicity, relying on shallow trees and a
limited number of estimators to prevent overfitting. This may have led to a loss of
critical decision making depth, impacting the model’s ability to distinguish KTAS
1 patients effectively.

Table 4.8: Classification Report for Registered Nurse KTAS Predictions by XG-
Boost

Class Precision Recall F1 Score Support

1 0.67 0.67 0.67 3
2 0.69 0.44 0.53 55
3 0.61 0.68 0.64 114
4 0.66 0.79 0.72 117
5 0.50 0.19 0.27 27

Weighted Avg 0.63 0.64 0.62 316

Table 4.9: Classification Report for Expert KTAS Predictions by XGBoost

Class Precision Recall F1 Score Support

1 0.50 0.67 0.57 3
2 0.79 0.49 0.61 61
3 0.70 0.76 0.73 124
4 0.69 0.78 0.73 110
5 0.50 0.39 0.44 18

Weighted Avg 0.70 0.69 0.69 316

Given these findings, we chose to apply SHAP analysis to the RF model instead
of XGBoost for three key reasons. First, RF outperformed, although slightly,
XGBoost across all evaluation metrics with the only exception of Weighted Kappa
in expert KTAS prediction, where XGBoost had a slight advantage. Second, RF
demonstrated superior performance in identifying KTAS 1 cases, achieving an
F1 score of 1.00, where XGBoost only achieved an F1 score of 0.57 for these
most urgent cases. Third, XGBoost’s poor KTAS 1 performance may stem from
its unusually optimal hyperparameter settings and its overly simplistic structure
limits its ability to capture complex patterns, making SHAP analysis on it less
meaningful.

4.2 Results of SHAP Analysis

This section presents the results of the SHAP analysis conducted on the best per-
forming model, the RF model, in predicting expert-assigned KTAS levels. The
SHAP analysis provides insights into the key predictive variables influencing each
KTAS level and allows an interpretation of the decision making process of the
model. The complete rankings of the results of applying SHAP on the RF model
can be found in Appendix D. These results should be interpreted as follows. When
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looking at for example the results on KTAS level 1, each point represents a pa-
tient, and features are ranked by importance. The horizontal spread indicates
the magnitude of a feature’s impact on the model’s prediction, while color shows
the feature value (red = high, blue = low). For example, mental status (Men-
tal_Unresponsive) and low saturation are among the top predictors, with lower
saturation values (blue dots to the right) strongly pushing predictions toward
KTAS level 1. We will now look at the results of our SHAP analysis for each
KTAS level individually.

For KTAS level 1, the results indicate a strong association with markers of
severe physiological instability and critical medical conditions. Patients assigned
to KTAS 1 frequently present with begin unresponsive, low oxygen saturation,
and hypotension, as reflected in reduced systolic and diastolic blood pressure. An
increased heart rate further positively influenced KTAS 1 prediction. Also, some
chief complaints, such as psychiatric or social emergencies, cardiac arrest, and
respiratory disorders, are often assigned to KTAS 1. The mode of arrival is also a
significant variable, with patients arrived by private or public ambulance having
a greater chance of being classified as KTAS 1, and those arrived by private car
having less chance of being classified in this category. Furthermore, older patient
age and lower NRS scores have high influence on level 1 prediction, and low patient
arrivals per hour appear to increase the likelihood of the KTAS 1 classification.
Surprisingly, female patients reveal a slightly raised tendency for sorting into the
most severe triage category compared with male patients.

For KTAS level 2, SHAP analysis indicates complaints such as chest pain,
psychiatric or social emergencies, weakness, and hemorrhage to have a positive in-
fluence on this KTAS level. Extremely low or very high pain intensity significantly
affects KTAS 2 classification as well. Patients who are older and have a lower
heart rate are also shown to be classified under this level. Moreover, mode of ar-
rival influences KTAS 2 assignment, with private vehicle arrival having a negative
correlation with this level and private ambulance arrival having a positive corre-
lation. Unresponsive and fully alert patients both have a negative effect on KTAS
2 classification. In addition, abdominal pain negatively impacts KTAS 2 classifi-
cation. Contrary to KTAS 1 findings, male patients are classified more frequently
at this level than female patients.

Patients classified as KTAS level 3 exhibit moderate urgency, requiring timely
but not immediate intervention. SHAP analysis reveals pain level, either extremely
low or high, as the most influential variable for triage as KTAS 3. No pain and no
injury are positively correlated with this level as well. Some complaints, includ-
ing abdominal pain, dizziness, hemorrhage, and neurological symptoms, strongly
influence KTAS 3 triage. Besides, elevated systolic and diastolic blood pressure
are also positive indicators. Signs of mental status show that KTAS 3 patients
are generally alert and responsive, as opposed to the more impaired mental status
for KTAS 1 and 2. Physiological measures, such as oxygen saturation and res-
piratory rate, remain within elevated parameters. Also, female patients seem to
get classified more frequently in KTAS 3 than male patients. Additionally, the ab-
sence of certain complaints, such as chest pain and psychiatric illness, distinguishes
KTAS 3 from more acute levels, while the absence of skin complaints, peripheral
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vascular/leg pain, and procedural needs distinguishes it from less acute levels.
For KTAS level 4, the most important feature revealed by SHAP values is the

binary marker of pain, where patients arriving with pain have a positive influence
on the prediction of this KTAS level. The NRS score for pain, which resulted in
the second highest importance, shows that patients with moderate pain are likely
to fall under KTAS 4. Secondly, the presence of injuries, particularly laceration
injuries and trauma injuries, is a deciding predictor. Physiologic signs such as
increased oxygen saturation, normal to high systolic and diastolic blood pressure,
reduced respiratory rates, and increased blood temperature also correlate in a
positive way with KTAS 4 classification. The absence of complaints such as chest
pain, dizziness, psychiatric disorder, and dyspnea further distinguishes KTAS 4
from other triage categories. Mode of arrival is another key factor, where patients
arriving by public or private ambulance are less likely to be assigned to this level,
while patients arriving by private vehicle have a greater change to be assigned to
KTAS 4.

KTAS level 5 are the least urgent cases. The most predictive factors for this
category are the absence of pain and the presence of complaint categories such as
skin-related issues, peripheral vascular/leg pain, abdominal problems, medication
refills, eye-related concerns, and routine follow-ups. These patients are typically
those who walk in or arrive by private vehicle, which is consistent with the fact
that their conditions are non-emergency. Physiological indicators of high oxygen
saturation and low body temperature are also associated with KTAS 5 classifica-
tion. SHAP analysis also shows that younger patients contribute to classification
at this non-urgent triage level.

4.3 Results of GPT-4o

This section presents the findings from GPT-4o’s KTAS classification. First, we
will focus on the triage rules extracted from the GPT-4o model. Second, we will
show the results of applying various prompting techniques on GPT-4o, including
these extracted triage rules. We interpret and discuss the results in Section 5.1.2.

4.3.1 Triage Rule Extraction

To assess whether GPT-4o can generate triage rules, we prompted the model to
output IF-THEN decision rules for KTAS classification. The extracted rules define
specific thresholds for specific variables, aiming to categorize patients into KTAS
levels from 1 to 5.

In Listing 4.1, we present the complete set of GPT-4o-extracted rules for each
KTAS level. While important features for each KTAS level according to GPT-4o
are displayed in the listing, we want to highlight that the logical structure of the
rules for KTAS Levels 1 through 3 primarily relied on OR conditions. In contrast,
the rules for KTAS Levels 4 and 5 were characterized by multiple AND conditions.
A discussion on these results can be read in Section 5.1.2.

Since it remains unclear how well these rules align with expert KTAS guide-
lines, we further investigated this by incorporating them into a secondary prompt
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to GPT-4o. This way, we can assess whether GPT-4o could improve its own con-
sistency when following its own self-derived rules. This evaluation is detailed in
the following section, Section 4.3.2.

1 # Rules for KTAS Level 1:
2 IF Mental == Unresponsive OR (Complaint_category == Cardiac Arrest

) OR (Saturation < 85) OR (HR > 150 OR HR < 40) OR (SBP < 80)
OR (RR > 35 OR RR < 8) OR (BT > 41 OR BT < 32) THEN 1

4 # Rules for KTAS Level 2:
5 IF (Mental == Verbal Response) OR (Complaint_category == Chest

Pain AND (Saturation < 90 OR HR > 130 OR SBP < 90)) OR (
Complaint_category == Convulsions; Seizures) OR (NRS_pain >= 8)
OR (BT >= 39 AND BT < 41) OR (Saturation >= 85 AND Saturation

< 90) THEN 2

7 # Rules for KTAS Level 3:
8 IF (Mental == Pain Response) OR (Complaint_category == Abdominal

Pain AND NRS_pain >= 6) OR (Complaint_category == Respiratory
Problems AND (Saturation >= 90 AND Saturation < 94)) OR (HR >=
110 AND HR <= 130) OR (SBP >= 90 AND SBP < 100) OR (BT >= 38
AND BT < 39) OR (NRS_pain >= 4 AND NRS_pain < 8) THEN 3

10 # Rules for KTAS Level 4:
11 IF (Mental == Alert) AND (Complaint_category == Back Pain OR

Complaint_category == Ear/Nose/Throat Problems OR
Complaint_category == Dental; Toothache OR Complaint_category
== Skin Complaint/Trauma) AND (NRS_pain >= 2 AND NRS_pain < 4)
AND (SBP >= 100 AND SBP < 120) AND (HR >= 60 AND HR < 110) AND
(RR >= 12 AND RR < 20) AND (BT >= 36 AND BT < 38) THEN 4

13 # Rules for KTAS Level 5:
14 IF (Mental == Alert) AND (Complaint_category == Follow -Up OR

Complaint_category == Medication Refill OR Complaint_category
== Unknown Problem) AND (NRS_pain < 2) AND (SBP >= 120 AND SBP
<= 140) AND (HR >= 60 AND HR <= 100) AND (RR >= 12 AND RR <=
20) AND (BT >= 36 AND BT <= 37.5) THEN 5

Listing 4.1: GPT-4o’s Extracted Rules for each KTAS Level

4.3.2 Prompt Engineering Techniques

This section shows the results of various prompt engineering techniques that have
been tested to improve the classification performance of GPT-4o in KTAS level
prediction. All prompting techniques were evaluated against the expert-assigned
KTAS labels, which serve as the gold standard for this study. The evaluation met-
rics are accuracy, weighted F1-score, Cohen’s Kappa, Weighted Kappa, and AUC.
The Weighted Kappa metric is emphasized, as it measures agreement between
GPT-4o and expert-assigned KTAS levels considering ordinal classification errors.
The results are categorized into four groups: (1) standard prompting techniques,
(2) SHAP-informed prompting techniques, (3) experimental prompting techniques,
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and (4) a prompt with the triage rules extracted from the GPT-4o model itself.
Table 4.10 displays the results of these experiments, with the zero-shot prompt

as the baseline. A performance measure that is higher than the corresponding value
of the zero-shot prompt is highlighted in bold. In addition, prompting techniques
that outperform the baseline across all five metrics are fully bolded for emphasis.

To investigate the classification behavior across the KTAS levels, Table 4.11
presents the F1 scores per KTAS level. The bold values represent the KTAS level
with the highest F1 score for each prompting technique.

Prompting Technique Accuracy F1-Score Cohen’s Kappa Weighted Kappa AUC
Zero-shot (baseline) 0.4873 0.4799 0.2350 0.4374 0.6126
Few-shot 0.5063 0.4960 0.2572 0.4136 0.6222
Role 0.4810 0.4724 0.2249 0.4315 0.6078
Implicit-CoT 0.5032 0.4972 0.2662 0.4515 0.6303
Fluent style 0.5000 0.4946 0.2633 0.4722 0.6282
SHAP-informed 0.5411 0.5628 0.3722 0.5552 0.6956
SHAP + exceptions 0.5728 0.5874 0.4015 0.5526 0.7072
SHAP + exceptions + implicit-CoT + fluent 0.6044 0.6100 0.4302 0.6186 0.7172
Emotional-based 0.4715 0.4655 0.2174 0.4264 0.6041
Reward-based 0.4652 0.4587 0.2061 0.4171 0.5982
Nonsensical-based 0.4905 0.4797 0.2341 0.4269 0.6125
Constraint - use everything but complaint 0.5032 0.4915 0.2556 0.4704 0.6244
Constraint - use only complaint 0.5222 0.5140 0.2912 0.5352 0.6415
Time constraint 0.5000 0.4939 0.2616 0.4851 0.6272
Math puzzle 0.4968 0.4900 0.2543 0.5173 0.6227
No prior knowledge 0.5000 0.4932 0.2629 0.4853 0.6267
Adversarial information 0.4778 0.4663 0.2127 0.4565 0.6017
Extracted rules by GPT-4o 0.4873 0.4756 0.2491 0.2841 0.6277

Table 4.10: Performance Prompting Techniques

Prompting Technique KTAS 1 KTAS 2 KTAS 3 KTAS 4 KTAS 5
Zero-shot (baseline) 0.6667 0.3964 0.4981 0.5398 0.2400
Few shot 0.7500 0.4696 0.5401 0.5023 0.2000
Role 0.7500 0.3738 0.4844 0.5470 0.2222
Implicit-CoT 0.6667 0.4426 0.5323 0.5403 0.1481
Fluent style 0.5455 0.4394 0.5038 0.5631 0.1905
SHAP-informed 0.4615 0.5932 0.6320 0.5208 0.2564
SHAP + exceptions 0.5455 0.6050 0.6356 0.5784 0.2581
SHAP + exceptions + implicit-CoT + fluent 0.6000 0.6261 0.6586 0.6038 0.2609
Emotional-based 0.5455 0.3932 0.4724 0.5310 0.2500
Reward-based 0.6000 0.3793 0.4646 0.5263 0.2500
Nonsensical-based 0.7500 0.3818 0.5132 0.5374 0.1818
Constraint - use everything but complaint 0.5455 0.4800 0.5481 0.5463 0.1905
Constraint - use only complaint 0.7500 0.3604 0.5019 0.5974 0.1739
Time constraint 0.6000 0.4409 0.5057 0.5592 0.1739
Math puzzle 0.6667 0.4553 0.5095 0.5352 0.1667
No prior knowledge 0.5455 0.4769 0.4961 0.5472 0.1905
Adversarial information 0.7500 0.3590 0.5000 0.5392 0.1053
Extracted rules by GPT-4o 0.6667 0.1579 0.5705 0.5914 0.1587

Table 4.11: F1 Scores across all Prompting Techniques for each KTAS Level

4.4.2.1 Standard Prompting

The zero-shot prompt achieved a Weighted Kappa of 0.4374, which we used as a
benchmark for later comparisons. Few-shot prompting improved in most metrics
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compared to zero-shot, although its Weighted Kappa (0.4136) was slightly lower.
Role prompting obtained a Weighted Kappa of 0.4315, similar to zero-shot but
lower than Implicit-CoT and fluent style prompting, that resulted in Weighted
Kappa values of 0.4515 and 0.4722, respectively. Both techniques outperformed
zero-shot prompting in all performance metrics.

When looking at the performance for each KTAS level (Table 4.11), we see that
zero-shot prompting, role prompting, and implicit-CoT prompting all achieved
the highest F1-score for KTAS level 1 (0.6667, 0.7500, 0.7500, 0.667, respectively).
However, fluent style prompting achieved a slightly higher F1 score for KTAS level
4 (0.5631). All prompting techniques performed the worst when predicting KTAS
level 5.

4.4.2.2 SHAP-Informed Prompting

The prompts in this group explicitly incorporates feature importance derived from
SHAP applied to the best performing classical AI model, the RF.

Basic SHAP-informed prompting achieved a Weighted Kappa of 0.5552, an
improvement over the best performing standard prompting method (fluent style
at 0.4722). Allowing GPT-4o to make exceptions to the SHAP-informed prompt
further boosted performance. This prompt resulted in a Weighted Kappa of 0.5526,
with a notable AUC of 0.7072, the highest observed thus far.

The most comprehensive method turned out to be SHAP-informed + Excep-
tions + Implicit-CoT + Fluent. With a Weighted Kappa of 0.6186, it outperformed
all other methods, showing that combining data-driven insights from SHAP, al-
lowing for exceptions, suggesting to reason step-by-step before classifying, and
giving patient data in a fluent style results in the best predictions. The AUC of
0.7172 further corroborates the robustness of this approach compared to the other
prompting techniques.

Table 4.11 shows that all SHAP-informed prompting techniques achieved the
highest F1 scores (0.6320, 0.6356, and 0.6586) for KTAS level 3 and the lowest F1
scores (0.2564, 0.2581, and 0.2609) for KTAS level 5.

4.4.2.3 Experimental Prompting

The techniques in this approach were designed to explore how alternative framing
strategies influence the classification performance of GPT-4o.

Emotional-based, reward-based, and nonsensical-based prompting resulted in
lower performance across all metrics compared to zero-shot prompting. However,
providing GPT-4o with adversarial information by misleadingly stating that a
KTAS value of 1 indicates the lowest urgency and 5 the highest, while the oppo-
site is true, unexpectedly led to a higher Weighted Kappa than zero-shot prompt-
ing. However, all other performance metrics showed lower scores, although the
differences were not significant.

In contrast, all other prompting techniques in this group, except for the adver-
sarial information prompt, outperformed zero-shot prompting across all evaluation
metrics. For the adversarial information prompt, in which we prompted that KTAS
1 corresponds to the least urgent level and KTAS 5 to the most urgent level, while
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the opposite is true, surprisingly led to an increased Weighted Kappa compared
to zero-shot. These outcomes are both intriguing and unexpected, which we will
further discuss in Section 5.1.2.

When looking at the F1 scores for the experimental prompting techniques (Ta-
ble 4.11), we see that all prompting techniques, except the prompt with the con-
straint to use every variable except for the complaint and the no prior knowledge
prompt, which achieved the highest F1 scores for KTAS level 4, obtained the
highest F1 scores for KTAS level 1. Again, all prompting techniques obtained the
lowest F1 score for KTAS level 5.

4.4.2.4 Self-Extracted Rule Prompting

When prompted with its own extracted triage rules, GPT-4o achieved a Weighted
Kappa of 0.2841, which was lower than the zero-shot baseline (0.4374) and all other
evaluated prompting techniques. The accuracy (0.4873), F1-score (0.4756), and
Cohen’s Kappa (0.2491) were also lower than most other methods. However, the
AUC (0.6277) was slightly higher than the zero-shot baseline (0.6126). A detailed
discussion of these results is provided in Section 5.1.2.

Despite its lower overall performance, the extracted rule prompt yielded moder-
ately strong F1 scores (Table 4.11) for KTAS levels 3 (0.5705) and 4 (0.5914). This
prompting technique performed particularly bad when predicting KTAS levels 2
and 5 (0.1579 and 0.1587, respectively).
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5 Discussion

In this discussion, we examine the performance of classical ML models and GPT-
4o in KTAS classification. We compare DT, RF, and XGBoost predictions for
registered nurses and experts, and analyse feature importances using SHAP on
our RF model. We review triage rules generated by GPT-4o, comparing them
with SHAP-based insights, and assess the impact of different prompt engineering
techniques on GPT-4o’s classification performance. Additionally, we compare our
research with previous research and discuss the ethical implications of using LLMs
for triaging patients.

5.1 Interpretation of Results

This section discusses the results of DT, RF, and XGBoost when predicting KTAS
levels assigned by both registered nurses and experts as well as the results of
GPT-4o’s extracted triage rules and the impact of different prompt engineering
techniques on its KTAS classification performance.

5.1.1 Discussion Classical ML Models

First, we examine the performance of DT, RF, and XGBoost in predicting ei-
ther registered nurse KTAS or expert KTAS. We will also discuss the findings of
applying SHAP analysis on our best performing classical ML model.

5.1.1.1 Performance Classical ML Models

The performance analysis of our classical ML models shows that while XGBoost
achieves a better Weighted Kappa value when predicting expert KTAS labels,
RF achieves the highest results in both KTAS classification tasks for every other
prediction task. These findings slightly contradict our initial hypothesis, as we
expected XGBoost to outperform both RF and DT due to its ability to handle
imbalanced datasets and capture complex feature interactions [78].

This contradiction with our hypothesis may be explained by the hyperparame-
ters that optimized the performance of XGBoost for expert KTAS. We found that
optimal performance was reached with a maximum tree depth of 1, a learning
rate of 1, and just 50 estimators. This is unusual, as XGBoost generally relies
on deeper trees and lower learning rates to improve its performance [65]. That
such a shallow tree structure performed optimally suggests that expert KTAS lev-
els have a relatively simple decision boundary that can be effectively modeled by
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weak learners (decision stumps). However, that also suggests XGBoost’s decision
making process is shallow and does not rely on feature interactions as much as
RF. Because SHAP analysis is applied to account for model prediction making,
applying it to XGBoost in this case would yield limited insights, as the model
exploits simple decision rules and not intricate dependency among features.

In comparison, RF needed deeper trees and more estimators to obtain optimal
performance. This shows that RF is able to capture more complex relationships
between variables compared to the shallow tree from XGBoost, making it a better
choice for SHAP analysis, as it gives a more comprehensive and insightful under-
standing of feature importance. However, we must note that while RF achieved
a perfect F1 score for KTAS 1, these results are based on a very small support
size of n = 3 (Table 4.7). With such a small support size, the results should be
interpreted with caution, as the high performance could partly be due to random
chance rather than true predictive power.

Interestingly, every model faces challenges when it comes to predicting KTAS
5 in both classification tasks. The F1 scores for KTAS 5 are consistently the
lowest, especially for registered nurse KTAS (DT: 0.33, RF: 0.24, XGBoost: 0.27).
This could be attributed to the limited number of KTAS 5 cases in the dataset,
and therefore also in the training set, which makes it difficult for the models to
effectively differentiate these cases. Moreover, KTAS 5 cases may exhibit feature
overlap with KTAS 4, further complicating classification.

To continue, in all the models we have examined, expert KTAS predictions out-
perform those of registered nurse KTAS, confirming our hypothesis that decisions
made by experts are more consistent and thus easier for ML models to learn. This
could be because expert clinicians have a tendency to employ more consistent and
standard triage criteria, which would lead to a more formalized decision making
process. On the other hand, registered nurses can use more subjective judgment
and variation in their assessments, and therefore their assignments to KTAS will
be less deterministic for the ML models. This is in line with previous research that
suggests clinical expertise reduces variation in decision making [176], explaining
why our classical ML models may have performed better in KTAS expert classifi-
cation than in registered nurse classification.

These results highlight some key points about using ML models in ED triage.
While the Weighted Kappa values for RF and XGBoost show a fair amount of
agreement with expert assessments, they are not high enough to rely on these
models completely in real-life emergency settings. In these high-stakes clinical
environments, even minor classification errors can have significant consequences.
The comparatively modest Weighted Kappa scores, even for the best performing
RF model, indicate that ML models remain far from expert-level performance and
require additional improvements to use them in actual triage practice.

To conclude, RF turned out to be the best performing model in KTAS assign-
ment prediction, closely followed by XGBoost. DT fails to capture the intricateness
of the triage decision making process as good as RF and XGBoost. RF was used
for SHAP analysis because it performed better than the other models in most
evaluation metrics and was able to capture deeper feature interactions that en-
sure greater interpretability of the results. The differences between expert and
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registered nurse KTAS predictions suggest that the expert classifications are more
structured and thus easier to model. Future research must examine how to improve
predictions for minority classes, particularly KTAS 5.

5.1.1.2 Feature Importance Analysis of Best Performing Classical ML
Model

SHAP analysis provides an explanation of the driving forces behind KTAS clas-
sification, revealing expected and unexpected correlations within the data. The
implications of these findings are discussed here, comparing their alignment with
our expectations.

One notable discovery is the gradual change in physiological instability as we
move from KTAS 1 to KTAS 5. For KTAS 1, severe abnormalities in vital signs,
unresponsiveness, low blood pressure, low oxygen levels, and rapid heart rate, are
strong indicators for classification, reinforcing the idea that extreme physiological
distress is a crucial factor for immediate intervention. On the other hand, KTAS 5
patients show stable physiological signs, characterized by high oxygen saturation,
low body temperature, and no urgent complaints. This aligns with common clinical
knowledge, as triage systems are meant to prioritize life-threatening conditions
based on visible physiological changes.

However, KTAS 2 and KTAS 3 present intriguing overlaps and divergences.
While KTAS 2 is characterized by urgent conditions like chest pain and hemor-
rhage, it does not consistently feature severe physiological instability. This sug-
gests that while life-threatening conditions are likely, they are often in an early
or moderate state of progression. KTAS 3, on the other hand, exhibits a broad
spectrum of conditions with moderate urgency, where pain (either extremely high
or low) serves as a dominant predictor. The role of blood pressure is particularly
notable here, as hypertension becomes more relevant at this level. This shift from
the acute instability seen in KTAS 1-2 to a more moderate instability in KTAS 3
highlights a more sophisticated classification system.

Pain emerges as a complex variable across KTAS levels. Patients who are
classified as KTAS 1 typically have lower NRS pain scores, possibly due to uncon-
sciousness or severe physiologic compromise precluding subjective pain perception.
In contrast, KTAS 4 is positively influenced by the presence of pain, particularly
moderate pain. KTAS 5, on the other hand, is strongly associated with the absence
of pain. The complexity of interpreting the pain scale variable accurately is also
highlighted by Moon et al. [101], showing that pain alone is not always a reliable de-
terminant of acuity and can contribute to triage misclassification when assessed in
isolation. This may suggest that pain serves as a secondary rather than a primary
determinant in triage classification, with its influence being context-dependent
rather than absolute.

To continue, the mode of arrival serves as an implicit indicator of patient sever-
ity, which follows an expected pattern in triage. Patients who need urgent medical
care are typically arriving via private or public ambulance, as their situations of-
ten require immediate attention. Moreover, those who are seriously ill or injured
usually do not have the strength or time to walk to the ED or arrange for a ride.
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On the other hand, patients with less severe conditions are more likely to arrive
by private vehicle or even on foot, indicating that their health is more stable and
they do not need urgent care.

Furthermore, our SHAP analysis showed that female patients were more likely
to be classified as KTAS 1 and 3, while male patients were more likely to be
classified as KTAS 2. Although these differences may reflect actual patterns in our
dataset, we should still be cautious. Gender-based variation in triage classification
could indicate underlying bias in how decisions are made, either by the model
or in the original labeling. Since triage levels directly impact patient treatment
and priority, even small gender-related differences should be carefully examined to
ensure decisions are fair and clinically justified.

Another insight from the SHAP analysis is that a lower number of patient ar-
rivals at the same hour as the patient itself arrived was linked to a higher chance
of receiving a Level 1 classification. This indicates that when the ED was less
crowded, with just a few patients showing up, those patients were more likely to
be triaged as Level 1. This was also stated in the Emergency Severity Index Hand-
book [100], that showed that triage decisions can be inappropriately used due to
the capacity and bed availability of the ED.

To sum up, the SHAP analysis largely aligns with what we hypothesized. It under-
scores the strong links between higher triage levels and urgent complaint categories,
including psychiatric or social issues, cardiac arrest, chest pain, unresponsive men-
tal states, and patients arriving by either private or public ambulance. Conversely,
lower levels of urgency were typically found among alert patients who arrived by
private transport or on foot and with less severe complaints such as follow-ups,
procedures, and normal physiological results. Interestingly, our SHAP analysis
revealed that female patients were more associated with KTAS 1 and 3, while
male patients were more associated with KTAS 2. This highlights the need for
further investigation into potential genderbias in triage classification. Addition-
ally, the complex pattern of pain levels indicates that pain is not a straightforward
measure of medical urgency and should be interpreted together with other factors
such as chief complaints and vital signs. Furthermore, the analysis showed that
a lower number of patient arrivals per hour was a positive predictor for KTAS 1
classification, implying that during less busy periods, triage staff may have more
capacity to accurately identify and classify critically ill patients.

5.1.2 Discussion GPT-4o

Next, we will discuss the behavior of GPT-4o under different prompt engineering
strategies for the prediction of KTAS levels. We will first examine the triage
rules extracted from GPT-4o and then continue to explore the various prompt
engineering strategies.

5.1.2.1 Extracted Rules from GPT-4o

Both GPT-4o and SHAP have showed variables such as unresponsiveness, cardiac
arrest, low saturation, and low SBP to be positive indicators for KTAS level 1. This
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strongly aligns with established triage systems, and thus our hypothesis, that both
methods would identify critical factors as immediate life threats requiring urgent
resuscitation. For example, the CTAS categorizes cardiac arrest, respiratory arrest,
and altered levels of consciousness as Level 1 emergencies [99]. So, it is reassuring
to see that both SHAP analysis and GPT-4o highlight these critical factors for
KTAS Level 1.

These models also agree that chest pain is a significant feature for KTAS Level 2.
In emergency triage, chest pain is indeed a classic high-priority complaint because
it could represent life-threatening condition [99]. The SHAP analysis highlighted
chest pain as a vital predictor for Level 2, and GPT-4o similarly included it in
its guidelines for Level 2. This agreement emphasizes that both approaches ac-
knowledge that a patient with chest pain should be considered urgent, which again
supports our hypothesis.

A notable difference, however, is that the extracted triage rules from GPT-4o
did not treat all chest pain equally, as it added extra conditions under which chest
pain leads to Level 2. For instance, GPT-4o suggests that chest pain should occur
in combination with a saturation lower than 90, a heart rate above 130, or a SBP-
level lower than 90. This indicates that GPT-4o was trying to mirror the way
human triage nurses use modifiers or context for chest pain. These nuances were
also shown by the Ministry of Health and Long-Term Care [99], which classifies
patients with chest pain in combination with severe hypoperfusion as CTAS Level
1, in combination with borderline perfusion as CTAS Level 2, while in combination
with noncardiac features as CTAS Level 3. So, it seems that GPT-4o is potentially
drawing on such medical patterns in which features could interact. Note that
this might also have happened for RF predicting KTAS levels, but SHAP cannot
visualize this.

Furthermore, as observed in the SHAP analysis, NRS pain had a complex rela-
tionship with KTAS predictions, suggesting that pain interacts with other features,
such as specific chief complaints or physiological observations, to determine acuity
levels. In contrast, GPT-4o’s extracted rules simplified the role of pain, overlooking
the non-straightforward pattern we observed in the SHAP analysis. It categorizes
NRS pain scores of 8 or higher as KTAS 2, scores between 4 and 8 as KTAS 3,
scores from 2 to 4 as KTAS 4, and anything below 2 as KTAS 5 (Listing 4.1).
This strict approach likely leads to misclassifications when using these rules in its
prompt. The results indeed showcase this: when the rules generated by GPT-4o
were provided in the prompt, the Weighted Kappa dropped to 0.2841, which is
significantly lower than the 0.4374 achieved with zero-shot prompting. This indi-
cates that the extracted triage rules from GPT-4o do not adequately capture the
complexities of pain involved in triage decisions.

It is unclear why GPT-4o oversimplifies NRS pain. Perhaps the prompt that
was given to it to produce triage rules was not ideally suited to drawing out the
complex, multifaceted decision criteria we need. Another reason might be that
there can be an underlying limitation in GPT-4o’s reasoning capacity in writing
rules for considering multiple interacting features, even when it was specifically
asked to do so. Or, GPT-4o simply may not have enough knowledge about how
pain is covered by triage procedures and therefore could lead to a rather simplistic
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perspective on its significance. This raises important concerns about the relia-
bility of LLMs as research tools in clinical reasoning tasks. Therefore, GPT-4o’s
current capabilities may fall short for high-stakes medical reasoning in research
applications.

These findings emphasize the importance of diving deeper into how GPT-4o
processes and creates decision rules for complex classification tasks. Future re-
search could investigate more refined prompt engineering strategies, or investigate
if the model can be trained to identify multi-feature dependencies, and explore
any knowledge gaps in LLM-based triage decision making. Identifying these limi-
tations is important to improving AI-assisted triage systems and making sure they
align with real-world clinical reasoning.

Another issue is that GPT-4o left out some significant variables identified by
the SHAP analysis. Key variables such as arrival mode, patient age, injury pres-
ence, and DBP values were high predictors in the RF model, but were completely
left out of the extracted rules from GPT-4o. This indicates that GPT-4o may
be ignoring some less obvious or nonphysiological factors that are still highly im-
portant in triage decision making. While the prompt clearly stated that GPT-4o
should consider these factors, they were not present in its parameters. Perhaps
this is because the model is based on general medical facts, where, for example,
ambulance transport and age are established as risk factors but are not generally
considered first-order factors in assessing urgency. This shows us to be cautious
when interpreting the rules produced by GPT, as they may not capture the full
richness of real triage decision making.

Continuing, particularly in lower acuity triage levels, the patient’s chief com-
plaint category often plays a significant role according to SHAP analysis. The
analysis shows that the RF model took into account a broad set of complaint
types. For example, SHAP might show that complaints such as “medication re-
fill,” “back pain,” or “procedure” all nudged predictions toward Level 4 or 5, aligning
with our hypothesis. In contrast, GPT-4o’s rules incorporated a much narrower
subset of complaints, despite the prompt explicitly providing all possible complaint
categories for rule generation.

While this is not per se failure, it shows that we should be cautious. The rules
generated by GPT-4o could be too specific, omitting the broad range of real-world
triage factors. We attempted to get GPT-4o to produce a minimum of twenty
rules per each KTAS level and to account for all complaints in our dataset, but
these attempts resulted in inconsistent or unreliable rules. For example, GPT-4o
often assigned the same complaint to different KTAS levels without combinations
with other variables. This discrepancy calls for a cautious validation when using
GPT-4o in order to infer triage classification rules.

Furthermore, beyond content differences, there is a structural contrast in the
way GPT-4o formulated its rules. For KTAS Levels 1 to 3, the rules often op-
erated on OR logic. One example is the following rule, that assigns unresponsive
patients to KTAS level 1: IF Mental == Unresponsive THEN 1. This indicates
that if a patient is unresponsive, they automatically get classified as KTAS 1, no
matter what other clinical factors are . However, the rules for Levels 4 and 5
heavily relied on multiple AND conditions. According to GPT-4o’s rules, a patient

53



must be alert and have a complaint related to follow-up, medication refills, or an
unknown issue, while also meeting specific criteria for NRS pain, SBP, HR, RR,
and BT, to be classified as KTAS 5. This kind of conjunctive rule forces that all
low-risk conditions are met. On the one hand, this might align well with clinical
reasoning, as patients classified as KTAS 5 should have no significant red flags
and only minor complaints, while low acuity is characterized by the absence of
those features, often requiring all clinical parameters to fall within normal limits.
On the other hand, this approach might cause problems if GPT-4o’s rules are too
inflexible. The model, for example, requires that a KTAS 5 patient to present with
one of the complaints: follow-up, medication refill, or unknown problem. When
using these rules in practice, this causes GPT-4o to mislabel patients with presen-
tations that are positive indicators for KTAS 5 but do not have one of these tree
complaints. This suggests that GPT-4o’s rules may be too inflexible for real-world
clinical use.

To conclude, the triage classification rules generated by GPT-4o revealed both
alignments with and deviations from our hypothesis. For KTAS 1, both GPT-4o
and SHAP analysis identified features such as unresponsiveness, cardiac arrest,
low oxygen saturation, and hypotension. In the case of KTAS Level 2, they both
recognized chest pain as a significant indicator, but GPT-4o also included addi-
tional conditions such as low saturation or a high heart rate, showing an attempt
to capture more clinical nuances. However, GPT-4o oversimplified the role of NRS
pain by strictly assigning thresholds to KTAS levels. Moreover, GPT-4o did not
use some important predictors identified by SHAP, such as mode of arrival, age of
patient, and presence of injury. It also used only a few chief complaints and there-
fore lacked some relevant categories. Structurally, GPT-4o preferred OR conditions
for high-acuity and AND conditions for low-acuity classifications. This could lead
to the misclassification of cases that did not strictly match the predefined crite-
ria. In short, although GPT-4o showed a systematic method of rule inference, its
uncertainties present challenges to applying it to clinical triage decision making.

5.1.2.2 Performance Prompt Engineering Techniques

In this section, we discuss the performance of using different prompt engineering
techniques on GPT-4o. In addition to overall performance, we compared GPT-4o
and the classical ML models at the per-class level using F1 scores across all KTAS
levels.

Standard Prompting
Among the standard techniques, few-shot and role prompting showed similar or
even slightly worse performance compared to zero-shot prompting. This indicates
that GPT-4o understanding of emergency triage does not gain much from having
more labeled examples or from the experience of a head emergency triage nurse
of over 20 years, which contrasted with our hypothesis, as we expected that these
prompting techniques would improve performance over zero-shot prompting. For
few-shot prompting, this is possibly because we may not have provided sufficient
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varied examples, or because we only provided two examples. In the case of role
prompting, the reason that its performance is almost zero-shot may be because
GPT-4o is potentially already optimally tuned to abide by well-documented med-
ical standards. It seems like these techniques might just be adding redundant
information that is not really necessary in the task of assigning patients an ur-
gency level according to the KTAS guidelines.

In contrast, implicit-CoT prompting led to a modest improvement in perfor-
mance, aligning with our expectations. This shows that when prompted to reason
sequentially, the model seems to organize its internal reasoning in a way that ap-
proximates clinical diagnostic reasoning better than zero-shot prompting. Prompt-
ing with a fluent style for the patient information resulted in the highest perfor-
mance in this group. The improvement is probably the result of the model better
aligning its output with the linguistic and logical structure of clinical reasoning,
making its responses more context aware and easier to map onto established triage
criteria.

When looking at the results of the class-level F1 scores, standard prompting
techniques performed reasonably well for KTAS level 1, with few-shot and role
prompting both achieving an F1 score of 0.75. This suggests that GPT-4o is able
to recognize high-acuity cases relatively well, which may be due to clear clinical
patterns commonly associated with severe presentations. In addition, we see a
similar trend for all standard prompting techniques: KTAS level 5 is the most
difficult to predict, consistently yielding the lowest F1 scores. This indicates that
lower-acuity cases may have more ambiguous clinical features or feature interac-
tions or lack strong, distinctive patterns.

SHAP-Informed Prompting
SHAP-informed prompting showed some impressive results, particularly when
combined with flexible rule exceptions, implicit-CoT reasoning, and fluent style
input. This aligns with our hypothesis, as we were indeed expecting the LLM to
benefit from additional information obtained from SHAP. These findings suggests
that by providing GPT-4o with feature importance insights from the RF model,
we can effectively help GPT-4o focus on the features that are clinically relevant,
improving its alignment with expert triage classifications.

However, solely suggesting that GPT-4o may make exceptions to the results
from SHAP did not significantly change performance compared to the baseline
SHAP-informed prompt. This suggests that allowing GPT-4o some flexibility in
overriding SHAP-derived suggestions neither significantly improves nor degrades
accuracy. It is possible that the model was already capable of making reasonable
exceptions based on case specifics without requiring explicit permission.

It turns out that the most effective prompt was one that combined SHAP-
informed information, exceptions, an implicit-CoT approach, and a fluent writing
style as input. This prompt achieved a Weighted Kappa of 0.6186, suggesting that
GPT-4o’s internal processes can be directed toward more accurate predictions
when it has the right external context to work with.

When focusing on the F1 scores for each KTAS level, we see that the reason
why SHAP-informed prompting achieved the best overall performance among all
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strategies is because it maintains relatively strong F1 scores across all classes.
SHAP-informed prompts performed well not only on KTAS level 1, but also on level
4 and particularly level 3, where other prompting techniques achieved lower F1
scores. This suggests that structured, model-derived guidance may be particularly
useful for improving GPT-4o’s performance in mid-acuity decisions.

However, we want to note that we applied SHAP on our best performing RF
model. But this model achieved an accuracy of only 69.94% and a Weighted Kappa
of only 0.6538 for expert KTAS prediction. So, this raises the following question:
if SHAP analysis were performed on an ideal ML model that perfectly predicted
expert KTAS labels, would providing the results of applying SHAP on that model
improve GPT-4o’s performance even further?

Experimental Prompting
Several experimental prompts were tried, most of which performed worse than the
baseline. Emotional-based, reward-based, and nonsensical-based prompts all pro-
duced Weighted Kappa scores below 0.43, suggesting that introducing emotional
support or behavioral conditioning does not improve GPT-4o’s triage forecasts.

Interestingly, when the model was constraint to use only chief complaints, it
actually performed quite well. It suggests that if we highlight chief complaints in
the prompt, it might encourage GPT-4o to focus more on this variable, which could
boost classification accuracy. However, when we prompted to use all variables
except for the chief complaint also resulted to better performance compared to
zero-shot prompting, raising questions about whether GPT-4o actually follows the
constraints set by the prompt. It is possible that GPT-4o continued to consider the
chief complaint despite being told not to and would rely more on the patterns it
learned during pretraining. Another possibility is that the combination of all other
available variables could provide enough predictive power for KTAS classification,
although this seems less likely given the strong importance of the chief complaints
in the SHAP analysis applied on our RF model. These findings indicate that the
adherence of GPT-4o to the prompts may not be absolute, which highlights a
potential limitation when we rely on it for triage decision making.

Additionally, it turns out that some unconventional prompting methods can
actually outperform zero-shot prompting. For example, prompts that involve a
time limit or a math puzzle have shown to enhance performance. This suggests
that adding an external task or prompting GPT-4o to engage in a more structured
way of thinking before it answers, seems to improve its ability to reason more like
experts’ reasoning in KTAS classification.

However, the “no prior knowledge” prompt led to a better Weighted Kappa
score compared to zero-shot prompting, which surprised us. We expected that
asking GPT-4o to pretend that it had no prior knowledge of triage would result
in worse performance. The fact that this did not happen suggests that GPT-4o
might lean more on its existing medical knowledge rather than the specific context
given in the prompt. This brings up a crucial question: how well does GPT-4o
really adjust to the constraints in the prompts, and how much does it depend
on its pre-trained knowledge even when told not to? If the model keeps relying
on its internal knowledge despite clear instructions, it raises concerns about its
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controllability, which could be an issue in high-stakes environments such as triage.
Additionally, this could lead to biases in its decision making, as it could favor
general medical trends over the unique details of each case, ultimately affecting
predictability in clinical situations.

Even more unexpectedly, when GPT-4o was prompted with incorrect informa-
tion in the adversarial prompt, it still managed to perform similarly to zero-shot
prompting. In fact, its Weighted Kappa was even slightly better. This is fasci-
nating because it suggests that the model can grasp the underlying trends in the
data, even when it is given wrong information. Since GPT-4o’s performance did
not completely fail when providing it this prompt indicates that the model is again
relying more on its internal knowledge rather than the information provided in the
prompt. Such robustness may be a good quality for maintaining steady perfor-
mance under differing triage conditions or when there are ambiguous cases present.
However, this raises the same concern that we had with the “no prior knowledge”
prompt: how much control do we truly have over GPT-4o’s reasoning process? If
the model continues to rely on its internal knowledge and learned patterns rather
than strictly adhering to the prompt, it questions the extent to which we can guide
its decision making.

Furthermore, all experimental prompts—with the exception of the complaint
constraint prompts and the no prior knowledge prompt, which performed slightly
better on KTAS level 4—achieved their highest F1 scores for KTAS level 1. This
suggests that even unconventional or cognitively disruptive prompts can help GPT-
4o recognize clear high-acuity patterns, likely due to strong associations learned
from the data on which it is trained. KTAS level 5, however, consistently yielded
the lowest F1 scores across all experimental prompts.

Self-Extracted Rule Prompting
When prompted with its own extracted triage rules, GPT-4o showed a noticeable
drop in performance. This highlights an important aspect of how LLMs operate:
while the model is great at making probabilistic inferences, it struggles to turn its
internal decision making into clear, general rules. Essentially, the strength of the
model lies in its ability to synthesize information through learned patterns rather
than through transparent, rule-based logic. However, since GPT-4o may not be
following its own triage rules for its predictions, there are reasons to worry about
transparency in clinical decision support. If GPT-4o gives only explanations that
are proximally consistent with human intuition rather than its true internal reason-
ing process, then its dependability as a decision support tool should be questioned.
Further discussion on transparency concerns will be provided in Section 5.3.3.

At the class level, GPT-4o achieved moderately strong F1 scores for KTAS 1,
KTAS 3, and KTAS 4, but its performance dropped for KTAS 2 and KTAS 5.
While we see similar trends for all prompting techniques, the F1 score for KTAS
2 is significantly lower than every other prompting technique. This suggests that
GPT-4o’s self-extracted rules may fail to capture the specific clinical reasoning
needed to identify moderately urgent cases. KTAS 2 cases may require careful
integration of multiple subtle features that the extracted rules from the model do
not adequately account for.
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In summary, our findings show that SHAP-informed prompting significantly im-
proved GPT-4o’s performance, especially when combined with flexible rule excep-
tions, implicit-CoT reasoning, and fluent input. This suggests that GPT-4o may
benefit from providing domain knowledge in its prompt. However, surprisingly, the
experimental prompting techniques showed concerns about transparency, trustwor-
thiness, and controllability. Furthermore, the performance drop when providing
GPT-4o with its self-extracted rules in its prompt reveals a gap between GPT-4o’s
stated reasoning and its actual predictions. Additionally, both GPT-4o and the
classical ML models struggled with KTAS level 5, likely due to feature overlap and
ambiguity in low-acuity cases.

5.2 Comparison with Previous Research

This section reviews the applications of DT, RF, and XGBoost in previous research,
followed by an overview of prior studies on prompt engineering techniques in triage.
For both topics, we will compare existing findings with our study, highlighting
similarities and differences.

5.2.1 Applications of DT, RF, and XGBoost in Triage

Accurate triage is crucial for optimizing ED operations. However, triage accu-
racy is influenced by multiple factors, such as ED overcrowding, the experience of
emergency nurses, patient characterists, and work environment [6, 26, 141, 143].
Furthermore, research shows that the performances of established triage systems
varies considerably [176] and that, despite rigorous training programs, reliance on
human intuition can still lead to misclassification, demonstrating the limitations
of current triage methodologies [54]. To address these challenges, ML models, in-
cluding DT, RF, and XGBoost, have been explored to support and enhance ED
triage decision making.

Several prior studies have demonstrated the effectiveness of RF and XGBoost in
predicting triage outcomes. For instance, Yun et al. [173] implemented XGBoost to
forecast critical care outcomes for patients in the ED, achieving an AUC of 0.861.
Similarly, Jiang et al. [61] evaluated ML-based triage for patients suspected of
having cardiovascular disease and found that XGBoost, RF, and gradient-boosted
decision trees (GBDT) to perform well, with XGBoost achieving the highest AUC
of 0.937.

Elhaj et al. [34] conducted a comparative study of nine ML models to pre-
dict ED triage, in which RF and XGBoost emerged as the best performers, with
RF achieving 89% accuracy, recall, and F1-score. Likewise, Khanna et al. [68]
employed different classifiers such as RF and XGBoost for COVID-19 severity pre-
diction. Their RF model received the best recall of 83%, and used explainable AI
methods SHAP and LIME to identify contributors such as respiratory rate and
blood pressure. Furthermore, Aljameel et al. [5] applied RF and XGBoost to pre-
dict patient outcomes, with RF leading achieving 95% accuracy and an AUC of
0.99.
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While earlier research has certainly made great strides in the application of ML
models for triage tasks, most of it has focused on predicting critical care outcomes
or hospital admissions rather than directly classifying triage levels [9, 57, 123].
That said, some studies have specifically looked into the use of ML for predicting
triage levels. For instance, Jiang et al. [61] showed that ML models can help
in triage decision making for patients suspected of having cardiovascular issues,
relying solely on the data available at the time of triage. In their findings, the RF
and XGBoost models achieved the highest AUC of 0.922. In a related study, Choi
et al. [21] focused on training and comparing ML models for KTAS classification.
They pointed out the practicality of using ML for direct triage level predictions,
as outlined in the KTAS guidelines. Their results showcased strong discriminative
ability, with XGBoost achieving an AUC of 0.937.

Our research takes a step further by not just predicting KTAS levels but also
examining how well DT, RF, and XGBoost classify KTAS levels assigned by both
registered nurses and expert clinicians.

When compared with previous studies that obtained AUCs over 0.90, our mod-
els recorded slightly lower AUC values (0.8941 for RF and 0.8818 for XGBoost on
expert KTAS). This difference could stem from the unique aspects of our KTAS
dataset. We worked with a relatively small sample of 1,264 patients, training our
models on a subset of just 948 patients. This limited sample size probably affected
how well the models could generalize to unseen patient data, leading to a lower
performance compared to previous research. Moreover, even though we tried to
address class imbalance using the ADASYN technique, the underlying imbalance
in the dataset might have also played a role in the models’ performance.

5.2.2 Applications of Prompt Engineering in Triage

Multiple studies have investigated how various prompting techniques can improve
the way LLMs handle clinical data and assist in decision making under uncertainty.

For instance, Grabb [45] highlights the need for rigorous prompt engineering
to ensure safe and effective LLM usage in mental health contexts, using an exam-
ple in psychiatry. Another example is DeID-GPT, which illustrates how GPT-4
can be utilized for zero-shot medical text de-identification. This approach excels
at protecting privacy by pinpointing and removing any identifying information,
making it especially relevant for sharing healthcare data [88]. Similarly, Health-
Prompt has made impressive strides by utilizing zero-shot learning for clinical NLP
tasks. They have harnessed prompt-based techniques to effectively classify clinical
texts without the need for any training data, highlighting how adaptable prompt
learning can be in healthcare settings [139].

In the world of medical imaging, Milecki et al. [97] has launched a framework,
MEDIMP, that utilizes LLMs to craft textual prompts designed for analysing renal
transplant imaging data. Additionally, Wang et al. [156] employed prompt-based
techniques to navigate glioma diagnosis using non-enhanced data, showcasing how
prompts can adapt to overcome the hurdles of data collection limitations. Fur-
thermore, by prompting ChatGPT-4.0 and Google GEMINI with detailed patient
demographics, injury characteristics, and medical histories, Frosolini et al. [40] as-
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sessed their triage decisions against those made by a tertiary referral center. This
study revealed the potential of LLMs in maxillofacial trauma cases, as these mod-
els demonstrated moderate agreement with expert recommendations, accurately
identifying injury severity and suggesting appropriate treatment steps.

Furthermore, Prompt-Eng explored the use of paired context-aware prompts in
predicting medical outcomes, emphasizing prompt design for improved healthcare
data interpretation [3]. Also, Han and Choi [50] created a multi-agent Clinical
Decision Support System (CDSS) for emergency care using Llama-3-70b. By sim-
ulating roles such as Triage Nurse and Emergency Physician, their system not only
performed accurate triage assessments based on KTAS but also demonstrated ro-
bust performance in areas like treatment planning and resource allocation. Lastly,
a study by Williams et al. [163] took a closer look at how GPT-4 performs when it
comes to assessing clinical acuity in an ED. They prompted the model to compare
the clinical histories of patients, using records that included Emergency Severity
Index (ESI) levels. In contrast to our task, where GPT-4o had to classify based on
a 5-level classification task, they randomly selected pair and let their LLM predict
which had a higher acuity level. Impressively, GPT-4 achieved an accuracy rate of
89% in predicting higher-acuity cases, which was close to the accuracy of physician
reviewers. This suggests it could serve as a reliable tool for triage. However, it is
difficult to compare their performances to ours, as we are dealing with a 5-level
classification task instead of a 2-level classification task.

Work that is closely related to ours is by Nazary et al. [105]. They investigated
how OpenAI’s ChatGPT-3.5-Turbo can be used for clinical decision support. They
introduced contextual prompts consisting of structured domain knowledge from
applying SHAP on their best performing ML model, XGBoost. Their results show
that when ChatGPT is given prompts that include this knowledge, it can perform
similarly to traditional ML models, especially in zero-shot and few-shot contexts.
Our study is in line with theirs, as we also investigated SHAP-informed insights
into our prompt design. However, our SHAP-informed prompts did not outperform
our classical ML models.

A clear distinction between their study and ours is that Nazary et al. [105] pri-
marily concentrated on few-shot prompting techniques, testing various amounts of
examples—0, 2, 4, 8, and 16. Their results showed that increasing the number of
examples led to better performance, with their most effective prompt reaching an
accuracy of 84.24%. In comparison, we only utilized two examples in our few-shot
prompting and did not delve into how adding more might change things. Instead,
our study concentrated on a broader array of prompt engineering techniques that
go beyond just few-shot learning. Furthermore, it is worth mentioning that all of
Nazary et al. [105]’s prompting methods reached accuracies exceeding 60%. Their
best performing prompt even reached an accuracy of 84.24%. In contrast, our best
performing prompt only achieved 60.44%. This difference can be attributed to
the fact that we are dealing with a five-class classification task, whereas Nazary
et al. [105] concentrated on binary classification tasks. In their work, they uti-
lized ChatGPT-3.5-Turbo to evaluate heart disease risk based on various input
attributes, categorizing individuals as either high-risk (with ≥50% artery narrow-
ing, marked as ‘1’) or low-risk (with <50% artery narrowing, marked as ‘0’).
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5.3 Ethical Implications of Applying GPT-4o in
Triage

Effective triage is important to ensure that patients receive timely care, while also
efficiently allocating medical resources. However, the quality of triage decisions
often varies. This is due to factors such as clinician experience, fatigue, and the
inherent complexity of the process [21, 35, 175]. Therefore, the increasing capabili-
ties of LLMs introduce new promises in supporting healthcare providers. However,
there are some ethical concerns that must be carefully considered. Four primary
ethical concerns are discussed in this section: Accuracy and Reliability, Bias and
Fairness, Transparency and Explainability, and Data Privacy and Security.

5.3.1 Accuracy and Reliability

Ensuring accurate and reliable LLMs like GPT-4o in triage systems is of criti-
cal importance since incorrect classification lead to misprioritization of patients.
One significant challenge is that LLMs have a tendency to create hallucinations,
wherein they generate information that is plausible but not true [106]. This is par-
ticularly problematic in triage, where accurate decisions must be made and based
on evidence not to do any harm to patients. Furthermore, LLMs lack the individ-
ual patient’s case context knowledge and are thus less trustworthy when dealing
with complex or confusing symptoms [148]. In addition, if the training data be-
comes outdated, LLMs can drift, which can gradually diminish their performance
and lead to inaccurate triage predictions [124].

Our findings highlight the current limitations of LLM-based triage predictions,
since the best performing prompting technique from our research, SHAP + Ex-
ceptions + Implicit-CoT + Fluent Style prompting, achieved a Weighted Kappa
of only 0.6186. This indicates moderate agreement with expert triage KTAS clas-
sifications, but a significant proportion of patients would still be misprioritized,
making it unsuitable for real-world triage. Notably, this performance is even lower
than our worst performing ML model, namely DT, which achieved a Weighted
Kappa of 0.6328. Given that a Weighted Kappa of 1 indicates perfect agreement
and a value near 0 suggests predictions are no better than chance, all ML models
as well as GPT-4o result in suboptimal performance for deployment in high-stakes
triage systems.

However, since our SHAP-informed prompts were based on the best performing
RF model, they inherently reflect the limitations of that model, which achieved
only 69.94% accuracy. As nearly one-third of predictions were incorrect, the SHAP-
derived feature importances do not fully represent the true nuances in our KTAS
dataset. This raises a key question: how would GPT-4o perform if guided by
SHAP insights from an ML model with perfect accuracy? While our results suggest
that neither LLMs nor ML models are accurate enough to be used in real-world
triage, future research could explore whether an optimally trained ML model could
enhance LLM-based predictions.
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5.3.2 Bias and Fairness

The vast and varied textual data on which LLMs are trained inevitably contain
societal biases, inconsistencies, and potential misinformation [125]. Because of
this, these models might unintentionally absorb and reinforce the biases that al-
ready exist in their training data. This concern is especially critical in medical
applications, such as triage, where patients could be misprioritized due to biased
predictions. If an LLM mistakenly favors certain groups disproportionately due
to biases in its training data, it could cause delays in urgent care or inappropriate
allocation of resources. This is supported by Pan et al. [116], who found that LLM-
generated misinformation can cause actual world harm. Therefore, it is important
to ensure that classifications made by LLMs are fair to prevent harmful outcomes
for patients.

An important uncertainty in using GPT-4o for KTAS classification is that Ope-
nAI did not provide details regarding its training process [25]. However, if we do
not know the specific data on which it was trained, it is difficult to assess whether it
has been trained on sufficient high-quality triage information. If training datasets
lack proper triage examples, which may be the case, then the model will resort to
general medical experience, which although helpful is not at all a part of the for-
mally structured decision process that takes place in triage. Even if trained using
triage guidelines, one cannot guarantee they are as compliant as KTAS guidelines.
Since the KTAS system has an organized paradigm unique to emergency care in
South Korea, a discrepancy between learned knowledge from the model and the ac-
tual triage criteria could lead to incorrect predictions. Therefore, rigorous testing
and removal of bias methods are needed to ensure that the model makes clinically
applicable triage decisions.

OpenAI has taken steps to make its LLMs more fair [142]. OpenAI, for example,
employs filtering techniques to remove toxic material from the training set [111]
and they also introduced WebGPT [103] in the alignment process, a framework to
assist human reviewers in identifying and correct errors in LLM output. However,
since AI model biases will inevitably originate from the initial data [140], the value
of these techniques to avoid bias in triage decision making is unclear.

A further consideration is that Western-centric data are the basis for training
LLMs like GPT-4o [107, 172]. This can limit their use in non-Western clinical
environments such as the prediction of triage acuity by the use of KTAS guidelines.
Thus, an interesting direction for future research may be in the use of other models
like DeepSeek. Since DeepSeek was trained with a Chinese worldview [66], its
clinical decision making could potentially be different from GPT-4o. This suggests
that DeepSeek could be more appropriately suited for KTAS classification, since
its training data could more effectively reflect Asian healthcare systems’ priorities
and protocols. Investigating region-specific models such as these could provide
valuable insight into the effect of different training data distributions on triage
decisions and fairness, but this exploration lies beyond the scope of our current
study.

Mitigating biases requires careful curation of training data and the use of bias-
mitigation methods to reduce discriminatory predictions. Furthermore, an effort
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combining domain experts, data scientists, and ethicists should be taken to create
guidelines for the identification and rectification of bias in LLM-based healthcare
applications [106].

5.3.3 Transparency and Explainability

Maybe the most important challenge for the deployment of an LLM such as GPT-
4o in a triage system is their inherent lack of transparency and explainability.
Unlike classical ML models that will at least be subject to some degree of inter-
pretability through feature importance rankings such as SHAP, LLMs are “black-
box” models whose internal reasoning processes are not transparent [48]. This
lack of transparency is worrying as trustworthiness is an essential demand for
high-stakes applications such as triage [10]. Without comprehensible explanations
of why an LLM places a particular patient in a specific triage category, clinicians
cannot confirm or sanction its suggestions [152].

Explainability of AI is important for several reasons, such as assisting users to
identify patterns, explaining the reasons for incorrect predictions, promoting user
trust in model predictions, allowing bias detection, guaranteeing compliance with
the law, and acting as a precaution against overfitting [2, 46, 104]. Thus, not being
able to fully comprehend the rationale for LLM predictions continues to be a basic
hindrance to clinical adoption.

Ideally, an explainable triage model would tell end-users exactly how a par-
ticular patient was assigned to a particular KTAS level. However, our research
suggests that GPT-4o cannot provide understandable explanations for why it took
a specific decision. Interestingly, when we extracted triage rules from GPT-4o
and fed them back into the model for classification, performance dropped signifi-
cantly compared to zero-shot (Weighted Kappa: 0.2841 vs. 0.4374). This suggests
that GPT-4o does not work consistently by explicit rule-based thinking but by
the internal learned weightings during training data that are not explainable. Re-
markably, even if we flipped KTAS levels in the prompt, the model still performed
better than zero-shot (0.4565 vs. 0.4374). This leads us the question: what type of
decision rules does GPT-4o use, if any? If the model actually relied on structured
rules, its performance on using its own derived rules would be at least as good
as its zero-shot performance. The fact that this was not the case, suggests that
GPT-4o might not use explicit rule-based reasoning or that its own decision mak-
ing is based on deeper, impenetrable patterns we cannot reverse-engineer easily.
Knowing the model’s true decision process is still an open question and a primary
area for future research.

In addition, under an instruction to use chief complaint only for KTAS clas-
sification, performance increased significantly above zero-shot (Weighted Kappa:
0.5352 vs. 0.4374). This suggests that the model was making better decisions
when it was told to constrain its predictions to this variable. But when we reversed
this approach and asked GPT-4o to use all variables except the chief complaint,
performance improved as well (Weighted Kappa: 0.4704 vs. 0.4374). This seems
counterintuitive, as, if chief complaints were indeed one of the most influential vari-
ables for triage classification, we would expect that removing them would decrease
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performance. This indicates that GPT-4o might not be systematically weighing
variables in a way that is useful for clinical settings and leads to a vital question:
how can we trust an AI model if it is not able to explain the decision making
process that let to its predictions?

Despite these challenges, one effective strategy was the use of SHAP-informed
prompts. By including SHAP values from our best performing RF model, we were
able to significantly improve GPT-4o’s performance. This indicates that LLMs
can be nudged towards better predictions if important features were stated explic-
itly. However, this result should be tempered with caution because of the other
inconsistencies that were observed in our experiments. Furthermore, since our best
performing ML model was only 69.94% accurate, we must question whether higher
performance could be achieved even if GPT-4o had been trained on SHAP values
from a perfectly predicting model. This scenario was not feasible in our study.

Although these results suggest that we can, to some extent, shape GPT-4o’s de-
cision making, the larger issue is still with them: LLMs struggle to provide a struc-
tured, open explanation of reasoning for their triage predictions. Future research
should aim to further optimize prompt strategies, determine if LLMs truly inter-
nalize structured knowledge, and analyse whether enhanced SHAP-driven methods
yield a more interpretable AI-augmented triage system.

5.3.4 Data Privacy and Security

As LLMs like GPT-4o continue to be more integrated in healthcare applications,
data privacy and safety issues are increasing. Especially in healthcare, patient
information has to be protected. If a model cannot be made secure, this could
result in breaches of clinical confidential data, which could have catastrophic con-
sequences [98, 142].

One concern is that LLMs, such as GPT-4o, may inadvertently collect, store,
or disclose confidential health information. This is a threat in terms of unautho-
rized use, breaches, and accidental storage [102]. Although not directly trained
on patient clinical data, LLMs could still produce inaccurate or privacy-violating
outputs [55]. On top of that, LLMs can be misled to perform harmful tasks [69].
Additionally, deidentified information remains vulnerable to reidentification using
cross-matching with external sources [33]. These issues bring up serious concerns
about compliance with privacy regulations like HIPAA [109, 153].

To address these problems, OpenAI created a Red Teaming Network with the
goal to identify security weakness before being deployed [112]. However, LLMs
remain susceptible to adversarial manipulations such as prompt injection attacks
[162], which can lead to unwanted behavior and patient harm. Furthermore, the
way roles are assigned and system parameters are configured plays a crucial role
in shaping the behavior of LLMs. The misuse of them can lead to bias or the
creation of harmful content [31].

The last thing we want to point out is that legal and ethical limitations have pre-
vented health care units from sharing identifiable patient information with freely
available LLMs. Although these restrictions are essential for protecting patient
privacy, they also limit the ability of the model to generalize effectively to real-
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world clinical scenarios [153]. Without access to real patient data, models may lack
the nuanced understanding necessary for accurate decision support. This tension
between privacy protection and model optimization remains a major barrier to the
effective deployment of LLMs in healthcare settings.

The uncertainties when using LLMs such as GPT-4o in triage systems reveal sev-
eral ethical concerns. Although LLMs are capable of producing intricate patterns
of reasoning, their lack of transparency raises critical questions regarding their
dependability in high-risk situations such as triage. Despite the use of approaches
such as SHAP-informed prompting, the underlying reasoning processes in GPT-4o
do not become transparent and, therefore, are not suitable for use in triage. These
difficulties underscore the need for an AI system that integrates the capabilities of
LLMs with a structured rule-based system to ensure consistency and explainability
for triage outcomes. One possible solution is the incorporation of BOID, which
reflects how clinicians make decisions, in LLMs.

5.4 Incorporating BOID into LLMs

By integrating the structured rule-based default reasoning of the BOID architec-
ture into an LLM, we leverage LLM capabilities while enabling the traceability
of which default rules take precedence when conflicting beliefs, obligations, in-
tentions, and desires arise during triage decision making. This integration will
ensure explainability of decisions such that healthcare providers can comprehend
the rationale behind the recommendation provided by the system. Through a clear
justification of every decision, a BOID-LLM framework could facilitates trust in
such a way that healthcare providers can critically consider the recommendation.
Because of this, healthcare providers can also maintain a continuous quality con-
trol process, making provision for appropriate modifications to be made in the
system so that the system remains in sync both with altered clinical guidelines
and social contexts.

Furthermore, a BOID-LLM system could enhance productivity by reducing the
burden of routine decision making, which allows healthcare providers to focus on
other critical aspects of care, such as direct treatment and effective patient com-
munication. In addition, with a BOID-LLM model, there is greater consistency in
recommendations. Under strict guidelines to follow, the hybrid model can reduce
the risk of human errors due to inexperience, fatigue, and the nature of complexity
inherent in triage decisions. It can also help limit the influence of personal bias
in high-emotional situations—such as when a triage clinician is asked to assess a
close friend or relative, as we illustrated earlier in our example—by having deci-
sions made based upon prioritized responsibilities and traceable rules rather than
subjective opinion. Consistent applying these principles is especially important
in triage situations, where the decisions have immediate consequences for patient
care.

Moreover, a BOID-LLM as decision support tool could streamline triage pro-
cesses, prevent unnecessary tests or hospital admissions, and provide faster triag-
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ing, resulting in minimizing treatment delays, lowering the risk of costly medical
errors, and ensuring optimal use of available resources.

In conclusion, the a BOID-LLM system has the potential to be a big step in the field
of healthcare, by not only enhancing decision making efficiency and trustworthiness
of the model, but also by improving the general quality of care for patients.

5.5 Limitations and Future Research

The original vision for this research was to create this BOID-LLM framework,
which ultimately functions as a decision support tool for healthcare providers by
integrating the structured reasoning of BOID with the expansive data-handling
capabilities of LLMs. The goal was to develop a system capable of automated
decision making in triage, with decisions that were both explainable and traceable.

One possible path toward realizing this would have been to extract reasoning
rules corresponding to each of the BOID components from an LLM like GPT-4o
using carefully designed prompts. In theory, this could allow the construction of a
synthetic dataset representing BOID. However, this approach would be unreliable
due to the black-box nature of LLMs: while the model can generate plausible-
sounding outputs, there is no guarantee that these outputs reflect valid clinical
reasoning. Because of this, we decided not to pursue this synthetic rule-extraction
route.

Instead, we found an interesting open-source dataset containing dual KTAS
labels, one assigned by registered emergency nurses and the other by triage experts
[182]. This structure allowed us to explore not only the general problem of KTAS
classification, but it also enabled us to compare how well our classical ML models
could replicate triage decision making patterns of nurses and experts, respectively.

Since this dataset includes only final KTAS classifications and not the under-
lying reasoning used to arrive at those classifications, we adopted the simplifying
assumption that these decisions were primarily obligation-driven and we investi-
gated whether GPT-4o could simulate this reasoning process using various prompt
engineering techniques.

Despite this refined scope, several methodological limitations must be acknowl-
edged. First, ADASYN was employed in this research to address class imbalance,
particularly for minority KTAS 1 and KTAS 5 cases. While this approach en-
hances classification performance for minority classes and avoids overfitting risk,
it can introduce noise when the synthetic samples fail to accurately reflect the
actual data distribution [114]. This might have affected model performance in a
way that is not entirely typical of actual South Korean ED distributions. Future
work could explore if other resampling strategies yield more robust results.

Also, handling missing values is another limitation. Mode imputation was used
for missing numerical attributes. This is a straightforward method that works well
for categorical variables and keeps the distribution intact, but it can introduce bias
if the most frequent category is overrepresented [108]. Exploring more advanced
imputation techniques, such as K-Nearest Neighbors (KNN) Imputation or Multi-

66



ple Imputation by Chained Equations (MICE), could be beneficial to see how they
impact classification performance [108].

A further possible limitation is the inclusion of the “group” variable, indicating
whether a patient visited the Local ED or Regional ED. This variable might insert
biases into model predictions, as differences between the two facilities in triage
processes, available resources, and patient populations could impact KTAS assign-
ments. Our RF model’s SHAP analysis revealed that “group” was a predictor of
model predictions, suggesting the models may be picking up on systemic differ-
ences between the two hospitals rather than purely medical factors. This raises
concern about the generalizability of our models, to the extent their predictions
are conditional on institutional trends rather than patient-level urgency.

Additionally, it would be interesting to investigate alternative ways of gener-
ating structured rules from the dataset, rather than just relying on SHAP-based
feature importance. One potential method is Probabilistic Inductive Logic Pro-
gramming (PILP) [29], which allows for the extraction of probabilistic logical rules
from data. This technique could be used to develop probabilistic logic rules from
the dataset, which could then be integrated into prompts for GPT-4o, much like
the SHAP-informed prompting used in this study. Diving into PILP was outside
the scope of this research, but it opens up a path for future exploration.

When it comes to LLMs, a notable limitation when using GPT-4o in predicting
KTAS levels could be that GPT-4o is trained on Western-centric data [107, 172].
This may limit their use in non-Western clinical environments such as the pre-
diction of triage acuity for South Korean patients. Therefore, it would be very
interesting to see how other LLMs would perform on our KTAS classification task.
In particular DeepSeek R1, since this LLM was trained with a Chinese worldview
[66], suggesting that it could better reflect Asian healthcare systems’ priorities and
protocols. It would be interesting to quantify how well DeepSeek R1 performs for
KTAS classification. By examining its decision making patterns, biases, and clin-
ical relevance in a KTAS context, we could gain valuable insights and alternative
viewpoints on LLM-assisted triage. Unfortunately, during this research, we could
not access a DeepSeek API key, which limited our investigation. However, now
that the API key is available, future studies could delve into how DeepSeek would
perform when predicting KTAS levels.

Moreover, while we assessed GPT-4o’s capabilities in triage classification using
prompt engineering, we did not explore the potential benefits of fine-tuning the
model with KTAS data. Given that GPT-4o was probably not specifically trained
on KTAS guidelines, it is reasonable to think that a fine-tuned model would yield
better results than one that depends solely on prompt engineering. Unfortunately,
fine-tuning was outside the scope of this study due to constraints in time and
resources. Future studies might want to look how effective fine-tuning GPT-4o
could be in predicting KTAS levels.

Furthermore, although we did compare the rules extracted from GPT-4o with
SHAP-based feature importance from ML models, we did not look at whether
real-world triage experts would actually agree with or use these rules in their
day-to-day work. The inclusion of South Korean emergency physicians and triage
nurses in a validation study could help determine whether the rules generated by
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GPT-4o are clinically meaningful or whether they diverge from expert reasoning.
This would also help to address concerns about implicit biases in LLM-generated
decision rules and their applicability in high-stakes environments.

Although we did not use Retrieval-Augmented Generation (RAG) in this study,
we recognize its potential as a promising direction for future work. A RAG-based
setup could allow GPT-4o to ground its responses in external knowledge sources,
such as real-world clinical guidelines or case databases. This could improve the
reliability and consistency of its outputs and support more faithful rule generation
aligned with actual triage protocols. However, in this study, we were specifically
interested in how GPT-4o would behave without the support of retrieval mecha-
nisms, relying solely on its internal knowledge and prompt structure.

But ultimately, the most promising path forward lies in developing a BOID-
LLM, a system that integrates the structured, explainable default reasoning of the
BOID with the advanced abilities of LLMs. This work has taken an early step in
this direction and future research could build on this foundation to create a decision
support tool for healthcare providers in triage and beyond that is transparent and
clinically trustworthy while leveraging the strengths of LLMs.
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6 Conclusion

In this study, we compared the performance of classical ML models against GPT-
4o for KTAS classification, evaluating their performance under different conditions
and prompt engineering techniques. In this concluding section, we will go through
our four subquestions one-by-one, after which we will try to answer our main
research question.

Among the ML models tested, RF performed slightly better than XGBoost
and DT for predicting both registered nurse and expert KTAS levels. However,
all models performed poorly for KTAS Level 5, likely due to class imbalance and
complex feature interactions for this acuity level. Although RF resulted in the best
performing model, its performance was still suboptimal. This shows that even our
best classical ML model is far from perfect agreement with expert decisions.

Applying SHAP analysis to our RF model identified what feature values in-
fluenced the prediction of the different KTAS levels. In higher acuity, leading
features were unresponsiveness, low oxygen saturation, cardiac arrest, hypoten-
sion, and arrival by ambulance, aligning with common medical knowledge. In
lower acuity, non-urgent chief complaints, such as medication refill and follow-up,
and stable vital signs dominated. Unexpectedly, SHAP results showed that fe-
male patients were positively associated with KTAS 1 and 3, while male patients
were more associated with KTAS 2. Although these patterns may reflect genuine
patterns in our dataset, they still warrant caution and further investigation into
possible gender-related bias in triage decision making.

The extracted triage rules from GPT-4o partially aligned with the results from
SHAP analysis. However, its simplified rules failed to capture complex feature
interactions, particularly for NRS pain scores. The rules also omitted relevant
variables, such as mode of arrival, age of patient, and presence of injury, which
were significant according to SHAP analysis.

When looking at the prompting techniques, standard prompting techniques
showed little to no improvement over zero-shot, contradicting with our hypoth-
esis. This suggests that these techniques might just be adding redundant in-
formation that is not necessary in our task of predicting urgency levels accord-
ing to the KTAS guidelines. However, as expected, SHAP-informed prompting
enhanced GPT-4o’s performance, particularly when combined with flexible rule
exceptions, implicit-CoT reasoning, and fluent-style input. The best performing
SHAP-informed prompt achieved a Weighted Kappa of 0.6186, which was the re-
sult of its improved performance for predicting KTAS levels 2 and 3, where other
techniques underperformed. However, even the performance of this best perform-
ing prompting technique was still lower than the performance of all our classical
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ML models. This indicates that GPT-4o was less reliable for KTAS classification
than our classical ML models.

Experimental prompts produced mixed results. While emotional-based, reward-
based, and nonsensical-based prompts had no effect, constraint-based prompts
improved performance, while we expected the opposite to happen. Surprisingly,
the prompt instructing GPT-4o to assume it has no prior triage knowledge as
well as the adversarially misleading prompt did not degrade performance. These
results suggest that GPT-4o relies more on learned medical knowledge than prompt
instructions, raising concerns about controllability and the model’s ability to follow
explicit user constraints.

One of the primary problems was observed when GPT-4o was asked to clas-
sify using its own extracted rules, as its classification performance significantly
dropped. This suggests that GPT-4o does not actually follow its own generated
rules when making triage decisions, but rather uses implicit probabilistic reasoning.
However, as GPT-4o may not be following its own triage rules for its predictions,
this shows a gap between how the model claims to reason and how it actually
reasons, which gives reasons to worry about its transparency. If GPT-4o gives
only explanations that are proximally consistent with human intuition rather than
its true internal reasoning process, then its predictions cannot be trusted as an
interpretable decision support tool.

In short, while GPT-4o shows some capability in classifying KTAS levels, its
performance does not reach the standard set by our classical ml models. SHAP-
informed prompting offers some improvement, but still falls short of matching their
effectiveness. Furthermore, GPT-4o showed inconsistencies in its extracted triage
rules and showed a gap between how it claims to reason and what it actually
predicts. In addition, GPT-4o seems to rely on general medical knowledge rather
than explicit instructions in the prompt. These findings suggest that GPT-4o,
when used without any external retrieval mechanisms and relying solely on prompt-
based interaction and its internal knowledge, is not yet ethically or practically
viable as a decision support tool in triage. Exploring hybrid AI frameworks, such
as a BOID-LLM that integrates structured, rule-based default reasoning, represent
a highly promising direction for future research, with the potential to enhance
fairness, transparency, and clinical applicability in triage settings.

70



Appendices

71



A Computational Setup

Preprocessing and analysis were conducted using Python 3.13.2 in a Jupyter Note-
book environment running on a local Windows 10 system. The computational
setup included an AMD Ryzen 7 7730U processor with integrated Radeon Graph-
ics. Jupyter Notebook was launched within a virtual environment. No dedicated
GPU acceleration was used.
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B Exploratory Data Analysis

B.1 Methodology of EDA

To examine relationships between variables, we used the following metrics [145]:

• Numerical-Numerical Correlations: Computed using Pearson correla-
tion, which measures linear relationships between continuous variables.

• Categorical-Categorical Correlations: Assessed using Cramér’s V with
bias correction, calculated from confusion matrices to evaluate the strength
of association between nominal variables.

• Numerical-Categorical Correlations: For binary categorical variables,
Point-Biserial Correlation was used. For multi-class categorical variables,
Eta-Squared was calculated by decomposing variance to determine the pro-
portion explained by the categorical variable.

Using these ensured an accurate handling of mixed data types by dynamically
selecting the appropriate correlation technique based on the variable types.

B.2 Results of EDA

The results of the EDA, as presented in Figure B.1, reveal relationships between
the variables in the dataset. This analysis incorporated numerical, categorical,
and mixed-type correlations using Pearson correlation, Cramér’s V , and point-
biserial or eta squared correlations, depending on the types of variables under
consideration [145]. Associations with an absolute value greater than 0.20 are
highlighted in bold.

Among numerical variables, systolic blood pressure (SBP) and diastolic blood
pressure (DBP) displayed a strong positive correlation (r = 0.78), consistent with
their physiological interdependence. Furthermore, pain levels, as measured by
the NRS_pain score, were strongly associated with the presence of Pain (r =
0.89), which seems logical as Pain = 0 always comes together with NRS_pain =
0. Furthermore, age exhibited negative correlations with variables registered
nurse KTAS (r = - 0.21) and expert KTAS (r = - 0.23), suggesting that it a
higher age might result in lower, or more urgent, KTAS scores in this dataset.
Other numerical features, such as age and various vital signs, demonstrated weaker
correlations with each another, reflecting the independent contributions of these
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features to the dataset. Registered nurse KTAS and expert KTAS themselves
exhibited a high correlation (r = 0.88), indicating a strong agreement between
nurses and experts in assigning urgency levels. This was also observed in Table
3.18.

The categorical variables, using Cramér’s V , revealed moderate correlation be-
tween complaint_category and Injury (V = 0.58), Mental state (V = 0.43),
Pain (V = 0.56), and NRS_pain (V = 0.52).

Mixed-type correlations, computed using point-biserial and eta-squared meth-
ods, further highlighted the interactions between numerical and categorical vari-
ables. The multiclass numerical category registered nurse KTAS and expert
KTAS both revealed moderate associations with the category complaint_category,
(η2 = 0.44 and η2 = 0.46, respectively). These findings suggest that the type of
complaint reported by patients significantly influences the triage decisions made
by both nurses and experts.
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Table B.1: Lower Triangular Correlation Matrix with Variable Indices

I II III IV V VI VII VIII IX X XI XII XIII XIV XV XVI XVII XVIII

I Group 1.00
II Sex 0.00 1.00
III Age 0.14 - 0.05 1.00
IV Patients number per hour - 0.09 0.03 0.02 1.00
V Arrival mode 0.11 0.01 0.07 0.01 1.00
VI Injury - 0.03 0.08 - 0.20 0.03 0.00 1.00
VII Mental 0.00 0.01 0.01 0.00 0.16 0.00 1.00
VIII Pain 0.05 - 0.01 - 0.18 - 0.02 0.04 0.18 0.05 1.00
IX NRS_pain - 0.01 0.01 - 0.16 - 0.03 0.02 0.18 0.05 0.89 1.00
X SBP - 0.29 0.03 0.05 - 0.01 0.03 0.02 0.06 0.01 0.04 1.00
XI DBP - 0.10 0.06 - 0.02 0.00 0.01 0.01 0.07 0.04 0.03 0.78 1.00
XII HR - 0.09 0.06 - 0.09 - 0.02 0.00 - 0.02 0.01 - 0.07 - 0.05 0.03 0.05 1.00
XIII RR 0.34 - 0.03 0.10 0.06 0.05 - 0.05 0.05 - 0.06 - 0.07 - 0.12 - 0.04 0.13 1.00
XIV BT - 0.23 0.00 - 0.06 0.02 0.00 - 0.09 0.02 - 0.04 - 0.02 0.11 0.04 0.25 0.03 1.00
XV Saturation - 0.15 - 0.04 - 0.19 0.01 0.06 0.04 0.27 0.15 0.14 0.30 0.26 - 0.06 - 0.22 0.09 1.00
XVI Complaint category 0.13 0.06 0.16 0.03 0.19 0.58 0.43 0.56 0.52 0.06 0.06 0.10 0.14 0.20 0.20 1.00
XVII registered nurse KTAS - 0.15 - 0.02 - 0.21 0.07 0.14 0.18 0.10 0.17 0.09 0.10 0.08 0.01 - 0.20 0.03 0.31 0.44 1.00
XVIII expert KTAS - 0.19 0.00 - 0.23 0.06 0.13 0.21 0.13 0.19 0.08 0.13 0.11 0.01 - 0.24 0.01 0.35 0.46 0.88 1.00
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C Prompts

C.1 Prompt Rule Extraction

1 import openai
2 import os
3 import pandas as pd
4 import json

6 # Set your API key
7 openai.api_key = os.getenv("OPENAI_API_KEY")

9 # Load sample data
10 df = pd.read_csv("path_to_dataframe")

12 # Define role -based system message
13 user_prompt = """
14 You are tasked with formulating a highly detailed and accurate

set of rules for determining patient urgency levels (1 =
highest urgency , 5 = lowest urgency) based on the Korean Triage
and Acuity Scale (KTAS).

15 Your goal is to establish a comprehensive and hierarchial set
of rules that:

16 - maximizes prediction accuracy of KTAS levels.
17 - distinguishes patients with high granularity using their

clinical features.
18 - covers all possible patient presentations , ensuring no

overlap between KTAS levels.
19 - optimizes the rules such that they match real -world triage

decisions as closely as possible
20 - consider various patient variables and identify exceptions

to these rules.

22 ### Patient Variables to use:
23 - Group: Local ED or Regional ED
24 - Sex: Male or Female
25 - Age: 16-96
26 - Patients number per hour: Number of patients arriving at the

same hour as the patient
27 - Arrival mode: Private Vehicle , Private Ambulance , Public

Ambulance , Walking , or Other
28 - Injury: Presence of injury - yes or no
29 - Mental: Alert , Pain Response , Verbal Response , or

Unresponsive
30 - Pain_level: Presence of pain - yes or no
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31 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =
worst possible pain)

32 - SBP: Systolic Blood Pressure (mmHg)
33 - DBP: Diastolic Blood Pressure (mmHg)
34 - HR: Heart Rate (beats per minute)
35 - RR: Respiratory Rate (breaths per minute)
36 - BT: Body Temperature (C)
37 - Saturation: Oxygen saturation percentage
38 - Complaint_category: Abdominal Pain , Back Pain , Chest Pain ,

Ear/Nose/Throat Problems , Traumatic Injuries Specific (FT),
Convulsions; Seizures , Dizzy , Procedure , Respiratory Problems ,
Fainting/Syncope , Hemorrhage , Dental; Toothache , Weakness ,
Foreign Body , Fever , Unconsciousness , Abdominal Problems ,
Substance Abuse , Psychiatric/Social Problems , Body Aches ,
Follow -Up, Headache , Eye Problem , Burns , Peripheral Vascular/
Leg Pain , Neck Pain , Flank Pain , Diabetic Problems ,
Neurological Complaint , (Specific) diagnosis (FT), Laceration ,
Medication Refill , Skin Complaint/Trauma , Assault/Rape , Unknown
Problem , Cardiac Arrest , Genito -Urinary Problem , Allergies/

Hives/Med Reaction/Sting , Orthopedic Injury , Obstetrical
Problem , Fluid/Nutrition Alteration , Gynecological Problem , or
Cardio -Vascular Complaint.

40 ### Instructions:
41 1. Generate detailed , mutually exclusive , and collectively

exhaustive rules for each KTAS level (1 through 5)
42 2. Prioritize rules from most critical to least critical
43 3. Include multiple conditions per rule to make finer

distinctions
44 4. Account for exceptions where patients should be classified

differently despite matching a general rule
45 5. Ensure the rules are realistic and aligned with clinical

best practices

48 ### Output Format:
49 Rules for KTAS Level 1: {}
50 Rules for KTAS Level 2: {}
51 Rules for KTAS Level 3: {}
52 Rules for KTAS Level 4: {}
53 Rules for KTAS Level 5: {}

55 Provide only the list of rules without additional explanations
or commentary. The rules should have the following structure:

IF ... (=/!=/ >/ <) ... (AND/OR ... (==/>/<) ...)* - (1/2/3/4/5).
56 Meaning of "*": combine multiple conditions using AND or OR,

as required to define the appropriate urgency level.
57 """

59 system_prompt = """"You are an AI expert in emergency medicine."""

61 response = openai.chat.completions.create(
62 model="gpt -4o",
63 messages =[
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64 {"role": "system", "content": system_prompt},
65 {"role": "user", "content": user_prompt}
66 ],
67 temperature =0
68 )

70 response_text = response.choices [0]. message.content

72 print(response_text)

Listing C.1: Prompts Rule Extraction

C.2 General Workflow all Prompting Techniques

1 # System prompt assigned for each prompting technique.
2 system_prompt = """ """ # Specific prompt for each prompting

technique specified in Appendix C.3

4 # Function to extract and format patient data
5 def patient_description(df_batch):
6 """
7 Converts a DataFrame batch into a structured list for LLM

processing.
8 """

10 patients_list = []

12 for _, row in df_batch.iterrows ():
13 patient_data = {
14 "Group": row["Group"],
15 "Sex": row["Sex"],
16 "Age": row["Age"],
17 "Patients_per_hour": row["Patients number per hour"],
18 "Arrival_mode": row["Arrival mode"],
19 "Injury": row["Injury"],
20 "Mental_status": row["Mental"],
21 "Pain_level": row["Pain"],
22 "NRS_pain": row["NRS_pain"],
23 "SBP": row["SBP"],
24 "DBP": row["DBP"],
25 "HR": row["HR"],
26 "RR": row["RR"],
27 "BT": row["BT"],
28 "Saturation": row["Saturation"],
29 "Complaint_category": row["complaint_category"],
30 }
31 patients_list.append(patient_data)

33 return patients_list

35 # Initialize result storage
36 all_predictions = []
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38 # Process 10 patients at a time
39 BATCH_SIZE = 10

41 # Iterate through dataset in batches
42 for i in range(0, len(df), BATCH_SIZE):
43 # Select a batch
44 df_batch = df.iloc[i:i + BATCH_SIZE]

46 # Convert to structured format
47 patients_batch = patient_description(df_batch)

49 # Define the user prompt with patient batch
50 ### Note: The user_prompt is different for fluent style

prompting , see Appendix C.7 ###
51 user_prompt = f"""
52 Patients:
53 {json.dumps(patients_batch , indent =2)}
54 """

56 # Call the GPT -4o API with the selected system prompt
57 response = openai.chat.completions.create(
58 model="gpt -4o",
59 messages =[
60 {"role": "system", "content": system_prompt},
61 {"role": "user", "content": user_prompt}
62 ],
63 temperature =0
64 )

66 # Extract and print response
67 response_text = response.choices [0]. message.content
68 print(response_text)

Listing C.2: Batch processing and API call for GPT-4o

C.3 Complete GPT-4o Prompts

C.3.1 Standard Prompting

Zero-shot Prompting

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

5 Some abbreviations in the data:
6 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
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7 - SBP: Systolic Blood Pressure.
8 - DBP: Diastolic Blood Pressure.
9 - HR: Heart Rate.

10 - RR: Respiratory Rate.
11 - BT: Body Temperature.

13 ### Output Format:
14 Return a valid JSON list containing objects with the field:
15 - "KTAS level": (int) A single integer between 1 and 5.
16 """

Listing C.3: Zero-shot Prompting

Few-shot Prompting

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with 16

variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest urgency

) for each patient based on their variables using the Korean
Triage and Acuity Scale (KTAS).

5 Some abbreviations in the data:
6 -NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
7 -SBP: Systolic Blood Pressure.
8 -DBP: Diastolic Blood Pressure.
9 -HR: Heart Rate.

10 -RR: Respiratory Rate.
11 -BT: Body Temperature.

13 ### Output Format:
14 Return ONLY a valid JSON list containing objects with the field:
15 -"KTAS level": (int) A single integer between 1 and 5.

17 ### Example 1:
18 Patient:
19 {
20 "Group": Regional ED ,
21 "Sex": male ,
22 "Age": 68,
23 "Patients number per hour": 10,
24 "Arrival mode": Private Vehicle ,
25 "Injury ": no,
26 "Mental State ": Alert ,
27 "Pain": yes ,
28 "NRS_pain ": 6,
29 "SBP": 160.0,
30 "DBP": 80.0,
31 "HR": 66.0,
32 "RR": 20.0,
33 "BT": 36.2,
34 "Saturation ": 99.0,
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35 "complaint_category ": Flank Pain
36 }
37 Prediction:
38 {
39 "KTAS level ": 3
40 }

42 ### Example 2:
43 Patient:
44 {
45 "Group": Regional ED ,
46 "Sex": female ,
47 "Age": 20,
48 "Patients number per hour": 4,
49 "Arrival mode": Private Vehicle ,
50 "Injury ": no,
51 "Mental State ": Alert ,
52 "Pain": no,
53 "NRS_pain ": 0,
54 "SBP": 120.0,
55 "DBP": 70.0,
56 "HR": 78.0,
57 "RR": 24.0,
58 "BT": 36.0,
59 "Saturation ": 98.0,
60 "complaint_category ": Neurological Complaint
61 }
62 Prediction:
63 {
64 "KTAS level ": 4
65 }

67 ### Now classify the following patients.
68 """

Listing C.4: Few-shot Prompting

Role Prompting

1 system_prompt = """
2 You are the head emergency department triage nurse with 20+

years of experience using the Korean Triage and Acuity Scale (
KTAS).

3 You will be provided with the values of 10 patients , each with
16 variables.

4 Predict the urgency level (1 = highest urgency , 5 = lowest
urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

6 Some abbreviations in the data:
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
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9 - DBP: Diastolic Blood Pressure.
10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.5: Role Prompting

Implicit Chain-of-Thought

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Your task is to analyze each patient ’s medical condition step -

by-step.
4 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

6 Some abbreviations in the data:
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.6: Implicit Chain-of-Thought

Fluent Style Prompt

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

5 Some abbreviations in the data:
6 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
7 - SBP: Systolic Blood Pressure.
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8 - DBP: Diastolic Blood Pressure.
9 - HR: Heart Rate.

10 - RR: Respiratory Rate.
11 - BT: Body Temperature.

13 ### Output Format:
14 Return a valid JSON list containing objects with the field:
15 - "KTAS level": (int) A single integer between 1 and 5.
16 """

18 user_prompt = "A {row["Age"]}-year -old {row["Sex"]} patient from {
row["Group"]} group arrived at the emergency department via {
arrival_mode} during a time when {row["Patients number per hour
"]} patients per hour were being admitted. The chief complaint
of the patient is {chief_complaint}, and currently exhibits a
mental status of {row["Mental"]}. The patient {("reports a pain
level of " + str(row["NRS_pain"]) + " out of 10" if row["Pain"

] == "yes" else "denies pain")}. Additionally , the patient {("
has sustained an injury" if row["Injury"] == "yes" else "has no
reported injury")}. Vital signs include a systolic blood

pressure of {row["SBP"]} mmHg and a diastolic blood pressure of
{row["DBP"]} mmHg , with a heart rate of {row["HR"]} bpm , a

respiratory rate of {row["RR"]} breaths per minute , a body
temperature of {row["BT"]}C, and an oxygen saturation of {row["
Saturation"]}%."

Listing C.7: Fluent Style Prompt

C.3.2 SHAP-Informed Prompting

Prompting with SHAP Analysis

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

5 Some abbreviations in the data:
6 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
7 - SBP: Systolic Blood Pressure.
8 - DBP: Diastolic Blood Pressure.
9 - HR: Heart Rate.

10 - RR: Respiratory Rate.
11 - BT: Body Temperature.

13 SHAP analysis identified key variables influencing KTAS levels
. The order of variables reflects their importance , and the
specific values listed are those that increase the probability
of that KTAS level.
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15 KTAS 1:
16 - Mental_Unresponsive = True
17 - Saturation = low
18 - SBP and DBP = low
19 - complaint_category_Psychiatric/Social Problems = True
20 - Arrival mode_Private Ambulance = True
21 - Pain = no
22 - Mental_Alert = False
23 - Arrival mode_Public Ambulance = True
24 - Mental_Pain Response = True
25 - Age = high
26 - Arrival mode_Private Vehicle = False
27 - NRS_pain = low
28 - HR = high
29 - complaint_category_Cardiac Arrest = high
30 - Sex = female
31 - complaint_category_Respiratory Problems = True
32 - Patients number per hour = low
33 - RR = high
34 - Injury = no

36 KTAS 2:
37 - complaint_category_Chest Pain = True
38 - Arrival mode_Private Vehicle = False
39 - Group = Regional ED
40 - Arrival mode_Private Ambulance = True
41 - Mental_Unresponsive = False
42 - NRS_pain = low or high
43 - Age = high
44 - HR = low
45 - complaint_category_Abdominal Pain = False
46 - Mental_Alert = False
47 - Saturation = average
48 - Sex = female
49 - RR = high
50 - complaint_category_Psychitric/Social Problems = True
51 - complaint_category_Weakness = High
52 - Mental_Pain Response = True
53 - complaint_category_Hemorrhage = True

55 KTAS 3:
56 - NRS_pain = low or high
57 - Injury = no
58 - Pain = no
59 - complaint_category_Abdominal Pain = True
60 - SBP = high
61 - Mental_Unresponsive = False
62 - complaint_category_Dizzy = True
63 - Group = Regional ED
64 - Saturation = high
65 - Age = high
66 - DBP = high
67 - complaint_category_Chest Pain = False
68 - complaint_category_Psychiatric/Social Problems = False
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69 - Arrival mode_Private Vehicle = False
70 - complaint_category_Skin Complaint/Trauma = False
71 - BT = average
72 - Mental_Alert = True
73 - RR = high
74 - complaint_category_Peripheral Vascular/Leg Pain = False
75 - complaint_category_Prodecure = False
76 - complaint_category_Respiratory Problems = True
77 - complaint_category_Traumatic Injuries Specific (FT) = False
78 - Mental_Pain Response = False
79 - complaint_category_Hemorrhage = True
80 - complaint_category_Eye Problem = False
81 - complaint_category_Laceration = False
82 - complaint_category_Neurological Complaint = True
83 - complaint_category_Genito -Urinary Problem = False

85 KTAS 4:
86 - Pain = yes
87 - NRS_pain = average
88 - Injury = yes
89 - complaint_category_Chest Pain = False
90 - Saturation = high
91 - Age = low
92 - Arrival mode_Private Ambulance = False
93 - Arrival mode_Private Vehicle = True
94 - SBP = average/high
95 - Group = Local ED
96 - RR = low
97 - BT = high
98 - DBP = average/high
99 - Mental_Unresponsive = False

100 - complaint_category_Dizzy = False
101 - complaint_category_Psychiatric/Social Problems = False
102 - Mental_Alert = True
103 - complaint_category_Respiratory Problems = False
104 - Arrival mode_Public Ambulance = False
105 - complaint_category_Laceration = True
106 - complaint_category_Traumatic Injuries Specific (FT) = True
107 - complaint_category_Genito -Unary Problem = True
108 - Mental_Pain Response = False
109 - complaint_category_Fever = True
110 - complaint_category_Hemorrhage = False
111 - complaint_category_Medication Refill = True

113 KTAS 5:
114 - NRS_pain = low
115 - Pain = no
116 - Group = Local ED
117 - complaint_category_Skin Complaint/Trauma = True
118 - Arrival mode_Private Vehicle = True
119 - complaint_category_Peripheral Vascular/Leg Pain = True
120 - Injury = no
121 - complaint_category_Procedure = True
122 - Age = low
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123 - complaint_category_Abdominal Pain = False
124 - Saturation = high
125 - complaint_category_Abdominal Problems = True
126 - complaint_category_Psychiatric/Social Problems = False
127 - complaint_category_Medication Refill = True
128 - BT = low
129 - Mental_Unresponsive = False
130 - Arrival mode_Private Ambulance = False
131 - complaint_category_Chest Pain = False
132 - Mental_Alert = True
133 - complaint_category_Eye Problem = True
134 - complaint_category_Traumatic Injuries Specific (FT) = True
135 - complaint_category_Ear/Nose/Throat Problems = True
136 - complaint_category_Follow -Up = True
137 - Arrival mode_Walking = True
138 - complaint_category_Fluid/Nutrition Alternation = True
139 - complaint_category_Back Pain = True
140 - Mental_Verbal Response = True
141 - complaint_category_Body Aches = True

143 Use these SHAP -based insights to classify each patient.
Prioritize the strongest factors first.

145 ### Output Format:
146 Return a valid JSON list containing objects with the field:
147 - "KTAS level": (int) A single integer between 1 and 5.
148 """

Listing C.8: Prompting with SHAP Analysis

SHAP-Informed Prompt with Exceptions

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

5 Some abbreviations in the data:
6 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
7 - SBP: Systolic Blood Pressure.
8 - DBP: Diastolic Blood Pressure.
9 - HR: Heart Rate.

10 - RR: Respiratory Rate.
11 - BT: Body Temperature.

13 SHAP analysis identified key variables influencing KTAS levels
. The order of variables reflects their importance , and the
specific values listed are those that increase the probability
of that KTAS level.
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15 KTAS 1:
16 - Mental_Unresponsive = True
17 - Saturation = low
18 - SBP and DBP = low
19 - complaint_category_Psychiatric/Social Problems = True
20 - Arrival mode_Private Ambulance = True
21 - Pain = no
22 - Mental_Alert = False
23 - Arrival mode_Public Ambulance = True
24 - Mental_Pain Response = True
25 - Age = high
26 - Arrival mode_Private Vehicle = False
27 - NRS_pain = low
28 - HR = high
29 - complaint_category_Cardiac Arrest = high
30 - Sex = female
31 - complaint_category_Respiratory Problems = True
32 - Patients number per hour = low
33 - RR = high
34 - Injury = no

36 KTAS 2:
37 - complaint_category_Chest Pain = True
38 - Arrival mode_Private Vehicle = False
39 - Group = Regional ED
40 - Arrival mode_Private Ambulance = True
41 - Mental_Unresponsive = False
42 - NRS_pain = low or high
43 - Age = high
44 - HR = low
45 - complaint_category_Abdominal Pain = False
46 - Mental_Alert = False
47 - Saturation = average
48 - Sex = female
49 - RR = high
50 - complaint_category_Psychitric/Social Problems = True
51 - complaint_category_Weakness = High
52 - Mental_Pain Response = True
53 - complaint_category_Hemorrhage = True

55 KTAS 3:
56 - NRS_pain = low or high
57 - Injury = no
58 - Pain = no
59 - complaint_category_Abdominal Pain = True
60 - SBP = high
61 - Mental_Unresponsive = False
62 - complaint_category_Dizzy = True
63 - Group = Regional ED
64 - Saturation = high
65 - Age = high
66 - DBP = high
67 - complaint_category_Chest Pain = False
68 - complaint_category_Psychiatric/Social Problems = False
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69 - Arrival mode_Private Vehicle = False
70 - complaint_category_Skin Complaint/Trauma = False
71 - BT = average
72 - Mental_Alert = True
73 - RR = high
74 - complaint_category_Peripheral Vascular/Leg Pain = False
75 - complaint_category_Prodecure = False
76 - complaint_category_Respiratory Problems = True
77 - complaint_category_Traumatic Injuries Specific (FT) = False
78 - Mental_Pain Response = False
79 - complaint_category_Hemorrhage = True
80 - complaint_category_Eye Problem = False
81 - complaint_category_Laceration = False
82 - complaint_category_Neurological Complaint = True
83 - complaint_category_Genito -Urinary Problem = False

85 KTAS 4:
86 - Pain = yes
87 - NRS_pain = average
88 - Injury = yes
89 - complaint_category_Chest Pain = False
90 - Saturation = high
91 - Age = low
92 - Arrival mode_Private Ambulance = False
93 - Arrival mode_Private Vehicle = True
94 - SBP = average/high
95 - Group = Local ED
96 - RR = low
97 - BT = high
98 - DBP = average/high
99 - Mental_Unresponsive = False

100 - complaint_category_Dizzy = False
101 - complaint_category_Psychiatric/Social Problems = False
102 - Mental_Alert = True
103 - complaint_category_Respiratory Problems = False
104 - Arrival mode_Public Ambulance = False
105 - complaint_category_Laceration = True
106 - complaint_category_Traumatic Injuries Specific (FT) = True
107 - complaint_category_Genito -Unary Problem = True
108 - Mental_Pain Response = False
109 - complaint_category_Fever = True
110 - complaint_category_Hemorrhage = False
111 - complaint_category_Medication Refill = True

113 KTAS 5:
114 - NRS_pain = low
115 - Pain = no
116 - Group = Local ED
117 - complaint_category_Skin Complaint/Trauma = True
118 - Arrival mode_Private Vehicle = True
119 - complaint_category_Peripheral Vascular/Leg Pain = True
120 - Injury = no
121 - complaint_category_Procedure = True
122 - Age = low

88



123 - complaint_category_Abdominal Pain = False
124 - Saturation = high
125 - complaint_category_Abdominal Problems = True
126 - complaint_category_Psychiatric/Social Problems = False
127 - complaint_category_Medication Refill = True
128 - BT = low
129 - Mental_Unresponsive = False
130 - Arrival mode_Private Ambulance = False
131 - complaint_category_Chest Pain = False
132 - Mental_Alert = True
133 - complaint_category_Eye Problem = True
134 - complaint_category_Traumatic Injuries Specific (FT) = True
135 - complaint_category_Ear/Nose/Throat Problems = True
136 - complaint_category_Follow -Up = True
137 - Arrival mode_Walking = True
138 - complaint_category_Fluid/Nutrition Alternation = True
139 - complaint_category_Back Pain = True
140 - Mental_Verbal Response = True
141 - complaint_category_Body Aches = True

143 You **may use** these SHAP -based insights to classify each
patient. However , you may behave differently from these results
if you determine that another decision is more appropriate

based on patient information , medical reasoning , or additional
implicit insights.

145 ### Output Format:
146 Return a valid JSON list containing objects with the field:
147 - "KTAS level": (int) A single integer between 1 and 5.
148 """

Listing C.9: SHAP-Informed Prompt with Exceptions

SHAP + Exceptions + Implicit-CoT + Fluent

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Your task is to analyze each patient ’s medical condition step -

by-step.
4 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

6 Some abbreviations in the data:
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.
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14 SHAP analysis identified key variables influencing KTAS levels
. The order of variables reflects their importance , and the
specific values listed are those that increase the probability
of that KTAS level.

16 KTAS 1:
17 - Mental_Unresponsive = True
18 - Saturation = low
19 - SBP and DBP = low
20 - complaint_category_Psychiatric/Social Problems = True
21 - Arrival mode_Private Ambulance = True
22 - Pain = no
23 - Mental_Alert = False
24 - Arrival mode_Public Ambulance = True
25 - Mental_Pain Response = True
26 - Age = high
27 - Arrival mode_Private Vehicle = False
28 - NRS_pain = low
29 - HR = high
30 - complaint_category_Cardiac Arrest = high
31 - Sex = female
32 - complaint_category_Respiratory Problems = True
33 - Patients number per hour = low
34 - RR = high
35 - Injury = no

37 KTAS 2:
38 - complaint_category_Chest Pain = True
39 - Arrival mode_Private Vehicle = False
40 - Group = Regional ED
41 - Arrival mode_Private Ambulance = True
42 - Mental_Unresponsive = False
43 - NRS_pain = low or high
44 - Age = high
45 - HR = low
46 - complaint_category_Abdominal Pain = False
47 - Mental_Alert = False
48 - Saturation = average
49 - Sex = female
50 - RR = high
51 - complaint_category_Psychiatric/Social Problems = True
52 - complaint_category_Weakness = True
53 - Mental_Pain Response = True
54 - complaint_category_Hemorrhage = True

56 KTAS 3:
57 - NRS_pain = low or high
58 - Injury = no
59 - Pain = no
60 - complaint_category_Abdominal Pain = True
61 - SBP = high
62 - Mental_Unresponsive = False
63 - complaint_category_Dizzy = True
64 - Group = Regional ED
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65 - Saturation = high
66 - Age = high
67 - DBP = high
68 - complaint_category_Chest Pain = False
69 - complaint_category_Psychiatric/Social Problems = False
70 - Arrival mode_Private Vehicle = False
71 - complaint_category_Skin Complaint/Trauma = False
72 - BT = average
73 - Mental_Alert = True
74 - RR = high
75 - complaint_category_Peripheral Vascular/Leg Pain = False
76 - complaint_category_Prodecure = False
77 - complaint_category_Respiratory Problems = True
78 - complaint_category_Traumatic Injuries Specific (FT) = False
79 - Mental_Pain Response = False
80 - complaint_category_Hemorrhage = True
81 - complaint_category_Eye Problem = False
82 - complaint_category_Laceration = False
83 - complaint_category_Neurological Complaint = True
84 - complaint_category_Genito -Urinary Problem = False

86 KTAS 4:
87 - Pain = yes
88 - NRS_pain = average
89 - Injury = yes
90 - complaint_category_Chest Pain = False
91 - Saturation = high
92 - Age = low
93 - Arrival mode_Private Ambulance = False
94 - Arrival mode_Private Vehicle = True
95 - SBP = average/high
96 - Group = Local ED
97 - RR = low
98 - BT = high
99 - DBP = average/high

100 - Mental_Unresponsive = False
101 - complaint_category_Dizzy = False
102 - complaint_category_Psychiatric/Social Problems = False
103 - Mental_Alert = True
104 - complaint_category_Respiratory Problems = False
105 - Arrival mode_Public Ambulance = False
106 - complaint_category_Laceration = True
107 - complaint_category_Traumatic Injuries Specific (FT) = True
108 - complaint_category_Genito -Unary Problem = True
109 - Mental_Pain Response = False
110 - complaint_category_Fever = True
111 - complaint_category_Hemorrhage = False
112 - complaint_category_Medication Refill = True

114 KTAS 5:
115 - NRS_pain = low
116 - Pain = no
117 - Group = Local ED
118 - complaint_category_Skin Complaint/Trauma = True
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119 - Arrival mode_Private Vehicle = True
120 - complaint_category_Peripheral Vascular/Leg Pain = True
121 - Injury = no
122 - complaint_category_Procedure = True
123 - Age = low
124 - complaint_category_Abdominal Pain = False
125 - Saturation = high
126 - complaint_category_Abdominal Problems = True
127 - complaint_category_Psychiatric/Social Problems = False
128 - complaint_category_Medication Refill = True
129 - BT = low
130 - Mental_Unresponsive = False
131 - Arrival mode_Private Ambulance = False
132 - complaint_category_Chest Pain = False
133 - Mental_Alert = True
134 - complaint_category_Eye Problem = True
135 - complaint_category_Traumatic Injuries Specific (FT) = True
136 - complaint_category_Ear/Nose/Throat Problems = True
137 - complaint_category_Follow -Up = True
138 - Arrival mode_Walking = True
139 - complaint_category_Fluid/Nutrition Alternation = True
140 - complaint_category_Back Pain = True
141 - Mental_Verbal Response = True
142 - complaint_category_Body Aches = True

144 You **may use** these SHAP -based insights to classify each
patient. However , you may behave differently from these results
if you determine that another decision is more appropriate

based on patient information , medical reasoning , or additional
implicit insights.

146 ** Important: Do NOT provide a full patient analysis or step -by
-step evaluation of all KTAS levels .**

148 ### Output Format:
149 Return a valid JSON list containing objects with the field:
150 - "KTAS level": (int) A single integer between 1 and 5.
151 """

Listing C.10: SHAP + Exceptions + Implicit-CoT + Fluent

C.3.3 Experimental Prompting

Emotional-Based Prompt

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

4 You are the only one who can do this. The fate of the world
depends on it.
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6 Some abbreviations in the data:
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.11: Emotional-Based Prompt

Reward-Based Prompt

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

4 Every correct classification means one extra cookie for you.

6 Some abbreviations in the data:
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.12: Reward-Based Prompt

Nonsensical-Based Prompt

1 system_prompt = """
2 Pretend you’re a potato.
3 You will be provided with the values of 10 patients , each with

16 variables.
4 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).
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6 Some abbreviations in the data:
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.13: Nonsensical-Based Prompt

Constraint: Use Everything But Complaint

1 system_prompt = """
2 You will be provided with the data of 10 patients , each

described by 16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

4 Classify the KTAS level of this patient without considering
their complaint category.

6 **Data Abbreviations :**
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.14: Constraint: Use Everything But Complaint

Constraint: Use Only Complaint

1 system_prompt = """
2 You will be provided with the data of 10 patients , each

described by 16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).
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4 Classify the KTAS level of these patients only considering
their complaint category.

6 **Data Abbreviations :**
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.15: Constraint: Use Only Complaint

Time-Constraint Prompt

1 system_prompt = """
2 You will be provided with the data of 10 patients , each

described by 16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

4 You must classify this patient within 1 second. Provide the
most likely KTAS level immediately.

6 **Data Abbreviations :**
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.16: Time-Constraint Prompt

Math Puzzle Prompt

1 system_prompt = """
2 You will be provided with the data of 10 patients , each

described by 16 variables.
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3 Predict the urgency level (1 = highest urgency , 5 = lowest
urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

4 Before answering , solve this math problem: 738 * 482. Do not
output your solution.

6 **Data Abbreviations :**
7 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
8 - SBP: Systolic Blood Pressure.
9 - DBP: Diastolic Blood Pressure.

10 - HR: Heart Rate.
11 - RR: Respiratory Rate.
12 - BT: Body Temperature.

14 ### Output Format:
15 Return a valid JSON list containing objects with the field:
16 - "KTAS level": (int) A single integer between 1 and 5.
17 """

Listing C.17: Math Puzzle Prompt

No Prior Knowledge About Triage Prompt

1 system_prompt = """
2 You have no prior knowledge of triaging patients in the

emergency department. However , you will be provided with data
for 10 patients , each described by 16 clinical variables.

3 Predict the urgency level (KTAS: 1 = highest urgency , 5 =
lowest urgency) for each patient based solely on the given
variables.

5 **Data Abbreviations :**
6 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
7 - SBP: Systolic Blood Pressure.
8 - DBP: Diastolic Blood Pressure.
9 - HR: Heart Rate.

10 - RR: Respiratory Rate.
11 - BT: Body Temperature.

13 ### Output Format:
14 Return a valid JSON list containing objects with the field:
15 - "KTAS level": (int) A single integer between 1 and 5.
16 """

Listing C.18: No Prior Knowledge About Triage Prompt

Adversarial Information Prompt

1 system_prompt = """
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2 You will be provided with data for 10 patients , each described
by 16 clinical variables.

3 Predict the urgency level (1 = lowest urgency , 5 = highest
urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS).

5 **Data Abbreviations :**
6 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
7 - SBP: Systolic Blood Pressure.
8 - DBP: Diastolic Blood Pressure.
9 - HR: Heart Rate.

10 - RR: Respiratory Rate.
11 - BT: Body Temperature.

13 ### Output Format:
14 Return a valid JSON list containing objects with the field:
15 - "KTAS level": (int) A single integer between 1 and 5.
16 """

Listing C.19: Adversarial Information Prompt

C.3.4 Prompting with GPT-4o’s Own Extracted Rules

1 system_prompt = """
2 You will be provided with the values of 10 patients , each with

16 variables.
3 Predict the urgency level (1 = highest urgency , 5 = lowest

urgency) for each patient based on their variables using the
Korean Triage and Acuity Scale (KTAS) and the following rules.

5 **Rules for KTAS Level 1**: {
6 IF Mental == Unresponsive OR (Complaint_category == Cardiac

Arrest) OR (Saturation < 85) OR (HR > 150 OR HR < 40) OR (SBP <
80) OR (RR > 35 OR RR < 8) OR (BT > 41 OR BT < 32) THEN 1

7 }

9 **Rules for KTAS Level 2**: {
10 IF (Mental == Verbal Response) OR (Complaint_category ==

Chest Pain AND (Saturation < 90 OR HR > 130 OR SBP < 90)) OR (
Complaint_category == Convulsions; Seizures) OR (NRS_pain >= 8)
OR (BT >= 39 AND BT < 41) OR (Saturation >= 85 AND Saturation

< 90) THEN 2
11 }

13 **Rules for KTAS Level 3**: {
14 IF (Mental == Pain Response) OR (Complaint_category ==

Abdominal Pain AND NRS_pain >= 6) OR (Complaint_category ==
Respiratory Problems AND (Saturation >= 90 AND Saturation < 94)
) OR (HR >= 110 AND HR <= 130) OR (SBP >= 90 AND SBP < 100) OR
(BT >= 38 AND BT < 39) OR (NRS_pain >= 4 AND NRS_pain < 8) THEN
3

15 }
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17 **Rules for KTAS Level 4**: {
18 IF (Mental == Alert) AND (Complaint_category == Back Pain

OR Complaint_category == Ear/Nose/Throat Problems OR
Complaint_category == Dental; Toothache OR Complaint_category
== Skin Complaint/Trauma) AND (NRS_pain >= 2 AND NRS_pain < 4)
AND (SBP >= 100 AND SBP < 120) AND (HR >= 60 AND HR < 110) AND
(RR >= 12 AND RR < 20) AND (BT >= 36 AND BT < 38) THEN 4

19 }

21 **Rules for KTAS Level 5**: {
22 IF (Mental == Alert) AND (Complaint_category == Follow -Up

OR Complaint_category == Medication Refill OR
Complaint_category == Unknown Problem) AND (NRS_pain < 2) AND (
SBP >= 120 AND SBP <= 140) AND (HR >= 60 AND HR <= 100) AND (RR
>= 12 AND RR <= 20) AND (BT >= 36 AND BT <= 37.5) THEN 5

23 }

25 Some abbreviations in the data:
26 - NRS_pain: Numerical Rating Scale for pain (0 = no pain , 10 =

maximal pain).
27 - SBP: Systolic Blood Pressure.
28 - DBP: Diastolic Blood Pressure.
29 - HR: Heart Rate.
30 - RR: Respiratory Rate.
31 - BT: Body Temperature.

33 ### Output Format:
34 Return a valid JSON list containing objects with the field:
35 - "KTAS level": (int) A single integer between 1 and 5.
36 """

Listing C.20: Prompting with Generated Rules for KTAS
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D SHAP Results
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(a) SHAP KTAS 1 (b) SHAP KTAS 2

Figure D.1: SHAP analysis for RF predicting expert KTAS 1 and 2
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(a) SHAP KTAS 3 (b) SHAP KTAS 4

Figure D.2: SHAP analysis for RF predicting expert KTAS 3 and 4
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(a) SHAP KTAS 5

Figure D.3: SHAP analysis for RF predicting expert KTAS 5
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