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ABSTRACT

This study investigates the integration of Virtual Reality (VR) and Artificial Intelligence (AI) to enhance pre-hospital
triage training for Mass Casualty Incidents (MCIs). Traditional training methods, such as field drills and full-scale
simulations, are often costly and logistically challenging, while simpler methods like tabletop exercises remain
limited in realism. To address these limitations, a VR learning tool was developed to simulate realistic emergency
scenarios, providing emergency healthcare professionals with an immersive and cost-effective training environment
to refine triage skills. The VR learning tool records both VR sensor data and speech data, and then utilizes statistical
and AI methods (such as automatic speech recognition, and natural language processing) to process these data for
evaluation. The survey results showed that participants with varying levels of experience found the VR training
highly immersive and engaging. Additionally, AI-driven analysis of speech data from the training demonstrated
improved consistency and correctness in participants’ communication over time. This research demonstrates VR’s
potential as a valuable supplement to traditional training, identifying key areas for future development.
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INTRODUCTION

Mass Casualty Incidents (MCIs), as a result of natural or human-made disasters, require emergency personnel to
make critical decisions quickly under extreme stress (Marx et al., 2013). Traditional training methods, such as field
drills and full-scale simulations, are often costly and logistically challenging, while simpler methods like tabletop
exercises remain limited in realism. Virtual Reality (VR) provides an effective alternative, allowing realistic and
immersive training scenarios at a reduced cost compared to live simulations (Mills et al., 2020). Current research
has explored the role of VR in emergency scenarios such as car accidents (Berndt, Wessel, Mentler, and Herczeg,
2018; Koutitas et al., 2019) and natural disasters (Foronda et al., 2016; Ingrassia et al., 2015). Meanwhile, Artificial
Intelligence (AI) research has advanced resource optimization and assessment in emergency departments (ED),
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focusing on tasks such as predicting casualty and reducing waiting time (Billis et al., 2019; Cabrera et al., 2012;
Caicedo-Torres et al., 2016).

Despite these advancements, notable gaps persist in the integration of VR and AI for MCI training. Previous
VR-based studies primarily rely on the evaluation methods such as questionnaires and interviews (Lineberry et al.,
2013; Maclure, 2021), which can be subjective and fail to utilize objective data from advanced sensors. Additionally,
while AI applications in emergency healthcare predominantly focus on in-hospital scenarios, there is limited
research addressing pre-hospital triage for MCIs (Fan, 2012; Tahayori et al., 2021; Yan et al., 2019). Furthermore,
advanced AI techniques like speech and image recognition are underutilized in this domain, leaving opportunities
for more sophisticated applications.

This project introduces a VR learning tool that integrates AI, tailored specifically for pre-hospital triage training for
paramedic students responding to MCIs. While MCIs may involve multiple emergency services such as police or fire
personnel, the scope of this study is focused exclusively on the training needs of paramedics, who will play a critical
frontline role in casualty assessment and communication during such events. By creating an immersive and realistic
training environment, the VR learning tool aims to overcome the financial and logistical barriers of traditional
methods. It facilitates paramedic students, especially in the pre-hospital stage, in practising casualty assessment,
triage, and critical decision-making in a controlled, risk-free setting, while also enabling participants to practice
verbal communication such as the METHANE (Major incident, Exact location, Type of incident, Hazards, Access
and egress, Number of casualties and Emergency services) report. The METHANE report is a communication
protocol which is used to provide critical information during major incidents, including details on the situation,
hazards, casualties, and required resources. The tool leverages AI and Machine Learning (ML) to analyze diverse
data types such as time span, audio speech and decision-making processes, providing detailed insights into training
outcomes and areas for improvement.

While a limited number of studies have explored VR applications for pre-hospital triage, these often focus on
observational training, lack interactive engagement with virtual objects, or rely primarily on subjective evaluations.
In contrast, this study introduces a more comprehensive triage training and evaluation system that integrates
sensor and speech data capture with AI-driven performance assessment, in addition to the more traditional
questionnaire-based evaluations. The system captures real-time physical interactions with virtual casualties and
evaluates verbal communication skills using AI models, providing a multi-layered, data-rich understanding of
participant competence. This approach marks a methodological advancement by introducing objective and scalable
assessment mechanisms into pre-hospital triage training.

This research is guided by the following key questions:

1. What are the essential components required to build an effective VR learning tool?

2. How can AI be integrated effectively into a VR learning tool to enhance data analysis?

3. How can the training effectiveness of the VR learning tool be evaluated and improved?

The first two questions focus on the foundational aspects of developing and enhancing the VR learning tool.
Specifically, they address the identification of essential components—both hardware and software—that contribute
to effective training, ensuring a robust and functional VR training environment. Additionally, these questions
examine the integration of AI into the system, emphasizing how advanced techniques like visual and voice
recognition can enrich data analysis, providing deeper insights into participants’ performance and outcomes.

The third question focuses on evaluating and improving the training effectiveness of the VR learning tool. This
includes exploring factors such as correctness and training duration to refine the system for more efficient and
impactful learning experiences. The proposed sub-questions include: (1) How can data from the VR learning

tool be used to assess the competence of participants in MCI scenarios? (2) Can a VR environment convince

participants to behave in a way that will allow their performance to be assessed? and (3) How well do participants

accept VR technology for triage training in MCIs?

To address these questions, the research is structured into several phases: defining relevant training tasks, constructing
a data collection platform with appropriate hardware (e.g., VR headsets, controllers, and sensors) and software for
simulated scenarios, conducting experiments to capture diverse data types such as task completion times, speech,
and interactions and analyzing the collected data using ML and traditional statistical methods. This structured
approach aims to ensure the VR learning tool’s effectiveness in improving training for MCIs.
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LITERATURE REVIEW

The literature review of this study provides a comprehensive synthesis of key advancements in VR and AI
applications in healthcare, with a specific focus on emergency training, triage, and decision-making processes.
These insights highlight the transformative potential of VR and AI technologies while identifying critical gaps that
warrant future exploration.

Applications of VR in Healthcare Training and Education

VR has established itself as a versatile tool for healthcare training, offering risk-free environments for skill
development. Early research emphasized its potential to simulate complex scenarios for enhanced engagement and
learning outcomes. Mantovani et al. (2003) and Gaba (2004) demonstrated VR’s utility in critical care training,
highlighting its ability to provide realistic simulations without endangering patients. Aggarwal et al. (2006) showed
VR’s efficacy in laparoscopic skill acquisition, which was validated by Larsen et al. (2009), who confirmed effective
skill transfer from VR to clinical settings.

In nursing and anatomy education, Kilmon et al. (2010) and Izard and Méndez (2016) explored VR’s potential to
improve learning precision and interactive engagement. These applications underline VR’s role in both technical
skill development and the enhancement of soft skills such as decision-making and patient communication. More
recent surveys and reviews by Mistry et al. (2023), Guo et al. (2024), and Sung et al. (2024) show the growing
popularity and importance of VR in healthcare training and education.

VR and AI for Emergency Healthcare and Triage

Andreatta et al. (2010) and Cone et al. (2011) showed that VR enhances situational awareness and decision-making
in emergency scenarios. Ingrassia et al. (2015) validated VR-based triage training, while Berndt, Wessel, Mentler,
and Herczeg (2018) and Koutitas et al. (2019) highlighted its adaptability for diverse applications. Additionally,
Berndt, Wessel, Willer, et al. (2018) further confirmed VR’s immersion and presence in MCI training.

AI has complemented these efforts by optimizing decision-making in triage systems. Yan et al. (2019) and Kang
et al. (2020) leveraged ML algorithms to enhance triage efficiency, while Kerr et al. (2021) utilized fuzzy logic
in robotic systems to manage ambiguous patient data. Billis et al. (2019) and Cabrera et al. (2012) focused on
optimizing emergency department (ED) workflows through resource allocation models. These studies collectively
highlight AI’s capability to streamline emergency care operations and improve patient outcomes.

More recent studies reaffirm VR and AI’s potential while identifying limitations. Harada et al. (2024) and
Behmadi et al. (2022) showed VR’s impact on The Simple Triage And Rapid Treatment (START) triage training,
emphasizing skill retention and user engagement. Paslı et al. (2024) evaluated GPT-4’s triage accuracy, demonstrating
alignment with in-hospital physician decisions but highlighting interpretability challenges. While Paslı et al.
(2024) demonstrated GPT-4’s potential for predicting triage outcomes in emergency departments, the present study
applies GPT-4 in a pre-hospital environment to evaluate structured verbal communication using the METHANE
communication protocol. Rather than scoring diagnostic accuracy, our implementation focuses on semantic
completeness, offering a different application of GPT-4 in evaluating speech data from the training sessions.

METHODOLOGY

This study used design science methodology and employed a comprehensive research framework to develop and
evaluate a VR learning tool for MCIs training. The framework consisted of three major components (see Figure 1):
development tools, the VR Learning Tool, and the VR training experiment.

Component 1: Development Tools

To develop an effective and immersive VR learning tool, the project employed two categories of development tools:
VR development tools and AI development tools. Each played a vital role in creating a realistic VR environment
and integrating advanced AI capabilities for data analysis and interactivity. The VR development tools included
modelling software and the Unity Engine, which facilitated the creation and assembly of 3D objects and virtual
environments. As shown in Figure 2, the modelling process followed a structured workflow, starting with the
identification of necessary objects such as vehicles, buildings, and humanoid characters. These objects were
categorized as static or dynamic based on their role in the simulation. Static objects, like cars and streetlights, were
created using Blender and Google SketchUp, while dynamic objects, including humanoid casualties, underwent a
multi-step polygon modelling process. For simple characters, low polygon modelling was used with Adobe Fusion
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Figure 1. Research Framework

Figure 2. Virtual Character Modeling Workflow

whereas more complex characters requiring detailed features, such as trauma injuries, were first crafted in high
polygon format using ZBrush or Maya and then optimized to lower polygons for performance efficiency. Textures,
including those representing medical conditions, were designed in Adobe Photoshop and integrated into the models
using Maya or Unity, adding realism to the virtual casualties. Animated humanoid characters were equipped
with dynamic joint structures, with approximately 20 joint groups per character, enabling natural movement and
interaction. The final models were exported as *.FBX files and imported into the Unity Engine for integration into
the VR scenarios.

The Unity Engine served as the central platform for assembling and scripting the VR environment. Figure 3
shows the entire workflow in the Unity Engine. The development process began with constructing a detailed urban
landscape, combining elements from the Unity asset marketplace with custom designs. Static objects, such as
vehicles, rocks, and roads, were strategically placed to provide context and visual realism to the scenarios. Dynamic
objects, such as virtual casualties, were programmed with detailed interaction behaviours. These interactions
were defined through scripting in Microsoft Visual Studio, enabling participants to engage with the environment
realistically. For example, actions such as managing a casualty’s airway triggered specific animations and responses.
The environment and objects were then integrated with VR hardware, allowing participants to interact intuitively
within the simulation. This comprehensive approach ensured a seamless blend of immersive VR elements and
realistic interactions.

AI development tools were critical for implementing ML algorithms, and enhancing data analysis and interactivity
in the VR environment. Visual Studio Code (Microsoft Corporation) served as the primary Integrated Development
Environment (IDE) for developing and testing AI algorithms, with Pycharm (JetBrains) and Ubuntu (Canonical)
used for debugging specific tasks. Python (Python Software Foundation) was chosen as the primary programming
language due to its extensive library ecosystem, high portability, and flexibility, making it ideal for developing
advanced ML projects. These AI tools enabled features such as speech recognition, semantic analysis, and real-time
performance evaluation, allowing the system to capture and interpret participant interactions comprehensively.

By integrating these VR and AI development tools, the project successfully created a sophisticated and interactive
training environment. This integration not only enhanced the realism of the VR scenarios but also provided robust
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Figure 3. Unity Scripting Workflow

tools for analyzing participant performance, making it an effective platform for paramedic student training in Mass
Casualty Incident scenarios.

Component 2: VR Learning Tool

The VR learning tool consists of a data collection platform designed to capture and analyze a wide range of
participant interactions and performance metrics during VR training sessions. The platform integrates both
hardware and software elements, including VR devices, media data collection tools, and a high-performance desktop
computer. These components work together to ensure precise tracking, recording, and processing of data, providing
a comprehensive foundation for evaluating the effectiveness of the VR learning tool.

Data Collection Platform

The data collection platform comprised hardware and software components designed to capture a wide range of data
for evaluating participant performance and interaction with the VR learning tool. The hardware included motion
sensors, a VR headset (HMD), media data collection devices, and a high-performance desktop computer, each
playing a critical role in ensuring accurate data capture and analysis. Figure 4 shows the details of the training
environment setup.

Numbered Items:

1. VR application desktop

2. Motion sensor (left)

3. Motion sensor (right)

4. VR headset

5. VR controllers

6. Observation computers

7. Overhead camera (front)

8. Side camera

Figure 4. Training environment setup for the VR MCI simulation.

The primary VR device was the Oculus Rift VR headset (Item 4), featuring dual screens for stereoscopic 3D visuals.
Embedded sensors within the headset tracked head movements, dynamically adjusting the visuals to create an
immersive 3D environment for users. Supporting the headset were Oculus motion sensors (Item 2, 3), which
enhanced motion tracking capabilities. Two motion sensors were deployed in this study to support room-scale VR
training, ensuring precise monitoring of user actions. Additionally, the Oculus touch Controllers (Item 5) allowed
participants to interact naturally within the virtual environment, enabling realistic and intuitive engagement with the
training scenarios.
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Media data collection devices were strategically positioned around the training area to capture participant interactions
comprehensively. A wide-angle camera (Item 7) was mounted at a height of 2000mm at the front of the participants,
while side cameras (Item 8) were positioned at chest height (1600mm) on either side. A voice recording device
(Item 6) was placed directly in front of the participant to capture audio inputs during the sessions, such as verbal
reports and interactions. The desktop computer (Item 1), configured to meet the rigorous demands of both VR
system operation and software development, served as the backbone of the data collection platform. Equipped with
an Intel Core i5 processor, 32GB of RAM, and an NVIDIA GeForce RTX 2070 Super graphics card, the desktop
facilitated real-time processing, storage, and analysis of the collected data.

Data Evaluation Process

The evaluation process followed a structured workflow to assess the performance and effectiveness of the VR
learning tool (Figure 5). This workflow consisted of two stages: transforming raw data into processed data, and
subsequently deriving performance evaluation results through a structured analysis framework. An Evaluation

Matrix was developed to systematically assess participants’ performance across multiple dimensions. This matrix
integrates both quantitative metrics—such as task completion time, casualty categorization accuracy, and scenario
sequencing—and qualitative measures, including semantic coverage of METHANE reports and subjective feedback.
It supports a comprehensive comparison across participants and scenarios, providing a basis for formative and
summative evaluation.

Figure 5. Data Evaluation Process Workflow

Raw data were obtained from four primary sources: sensor data, survey data, audio data, and researcher observations.
Sensor data captured participant interactions facilitated by the Oculus touch controllers, including actions such
as measuring casualties’ vital signs and assigning triage categories. Scenario data, comprising timestamps and
scenario indices, were collected to contextualize these interactions within the training framework. Survey data were
gathered through pre-experiment and post-experiment surveys. The pre-experiment surveys collected participants’
demographic information, prior exposure to VR, and familiarity with MCIs, while the post-experiment surveys
solicited feedback on the effectiveness of the VR learning tool and suggestions for potential improvements.

Audio data constituted a significant dataset, emphasizing participants’ verbal METHANE reports, which detailed
incident characteristics, including the number and condition of casualties. These audio inputs were processed using
the Whisper automatic speech recognition (ASR) model, which transformed the audio recordings into structured
textual time-series data for further analysis. Subsequently, semantic analysis of these textual reports was performed
utilizing the GPT language model, enabling the evaluation of their precision and completeness relative to predefined
scenario descriptions. Researcher observations complemented these data sources, offering qualitative insights into
participant behaviours, including their levels of engagement and communication styles, which suggested avenues
for tailored training methodologies.

Processed data derived from these sources provided metrics such as task completion times, correctness in casualty
categorization, and the sequencing of triage decisions. Statistical techniques were employed to analyze sensor,
survey, and observational data, while advanced AI tools such as Whisper facilitated the comprehensive examination
of audio inputs. The integration of quantitative metrics and qualitative feedback yielded a detailed evaluation of
participant performance and the VR tool’s overall training effectiveness.
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The integration of hardware, software, and evaluation methodologies within the data collection platform directly
addressed the study’s objectives. It contributed to Research Question 2 by demonstrating the use of AI to enhance
data analysis and supported Research Question 3 by assessing and improving the training effectiveness of the
VR learning tool. The findings informed iterative refinements, ensuring the system’s adaptability and utility in
emergency healthcare training.

While subjective feedback remains a valuable component of training evaluation, this study advances beyond
traditional approaches by adopting a multi-modal, data-driven evaluation framework. The evaluation process
integrates objective sensor data (e.g., task completion time, participant interaction sequences) and quantitative
analysis of structured speech content using Whisper and GPT-based semantic evaluation. By combining time-
stamped interaction logs, speech, and researcher observations, this framework provides a more comprehensive
evaluation of participant performance in complex MCI simulations.

Component 3: Training Experiment

The training experiment was designed to evaluate the performance of VR technology in enhancing triage training,
with a focus on participant recruitment, the establishment of an optimized training environment, and a comprehensive
approach to data collection.

Recruitment Process

The recruitment process is conducted to identify paramedic students (20–65 years, fluent in English, with practical
emergency-care experience) who are suitable for triage training. Posters at Auckland University of Technology
(AUT) campuses prompted interested individuals to contact the primary researcher. A three-week consideration
period was offered with non-response interpreted as declining. Exclusion criteria (visual impairments, photosensitive
epilepsy, or insufficient triage knowledge) are also established to protect the participant from potential illness and
ensure the validity of the data collection. The recruitment process successfully enrolled 10 participants.

Training Sessions Setup

The car crash and earthquake scenarios were selected due to their relatively high frequency and different levels of
complexity in MCIs. Car crashes are common high-pressure events that offer clear visual cues for triage, while
earthquakes require broader situational awareness and present more ambiguous conditions, challenging participants
to make complex decisions. Earthquakes are also frequent natural disasters in countries like New Zealand, making
them highly relevant for local emergency response training.

The sessions took place in a VR facility at AUT South Campus featuring a performance area and a surrounding
watching area to ensure participant safety (See Figure 4).

Each training session comprised three scenarios:

• Scenario 0: a tutorial scenario to familiarize participants with the VR interface and operations.

• Scenario 1: a car crash scenario (Figure 6a) with 9 casualties and two METHANE report tasks.

• Scenario 2: an earthquake scenario (Figure 6b) with 6 casualties and two METHANE report tasks.

(a) Scenario 1: Car crash scenario (b) Scenario 2: Earthquake scenario

Figure 6. Side-by-side comparison of Scenario 1 (Car crash) and Scenario 2 (Earthquake).
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In scenarios 1 and 2, the participant was instructed to perform the initial METHANE report, triage the individual
casualties and then complete the updated METHANE report. Each session lasted between 25–30 minutes, with
scheduled breaks between scenarios. These breaks allowed participants to provide feedback on their experiences and
report any discomfort. The principal researcher facilitated discussions during these intervals to gather qualitative
insights and ensure the participant’s readiness to continue.

RESULTS

This section presents the findings of the study, offering a comprehensive evaluation of participant performance,
user experiences, and communication effectiveness within the VR training environment. Among the 10 enrolled
participants, 8 completed all training scenarios and 2 partially completed them. Data collected from the VR learning
tool provided detailed insights into participants’ time management, correctness in triage tasks, and decision-making
processes across various emergency scenarios. Survey results captured participants’ perceptions of the VR training,
including its immersive quality, usability, and their overall acceptance of the technology. Additionally, advanced
AI models were employed to analyze participants’ speech reports, assessing their adherence to the METHANE
framework and identifying areas for improvement in structured communication. These results collectively highlight
the strengths and challenges of using VR and AI technologies in emergency healthcare training and provide
actionable insights for enhancing future implementations.

Sensor data results

The sensor data collected during the VR training sessions provided a comprehensive view of participant performance,
focusing on time management, correctness in triage categorization, and the sequence of triage actions. Using
embedded scripts within the VR learning tool, key controller actions were captured and consolidated into detailed
datasets for evaluation. We use only the sensor data from the 8 participants who completed all scenarios to ensure
completeness.

Scenario 1: Car Crash Accident

Analysis of the car crash scenario revealed notable variability in the time participants required to complete the triage
tasks. There are 11 tasks in Scenario 1, including two METHANE reports and triage of nine individual casualties.
The first task is delivering an initial METHANE report upon arrival, followed by triaging nine virtual patients, and
concluding with an updated METHANE report once all assessments are completed. Correctness refers specifically
to the accuracy of the nine triage decisions—measured by comparing each participant’s assigned priority level to a
predefined expert classification. The two METHANE reports were assessed qualitatively for completeness but were
not included in the numeric correctness percentage.

Table 1. Time span, Rankings, and Correctness of Participants in Scenario 1

Participant SC1 Time span (s) SC1 Time span rank SC1 Correctness (%)

P2 487 3rd 66.7
P4 561 5th 33.3
P5 572 6th 77.8
P6 405 1st 66.7
P8 635 7th 33.3
P9 425 2nd 66.7
P10 459 4th 77.8
P11 757 8th 77.8

Average 537.6 62.5
Std. Dev. 118.5 18.7

Table 1 shows the total time spans, time span rank, and triage correctness for each participant, where Px refers to
Participant x. The total time spans ranged from 405 seconds (for P6) to 757 seconds (for P11), with an average
of 537.6 seconds. This average met the general triage time frame requirement, suggesting overall adherence to
performance expectations. Triage correctness across participants showed a generally consistent trend, with most
correctly identifying the level of six or more casualties. However, two participants reported pretty poor correctness,
correlating with symptoms of nausea and dizziness experienced during the VR session. This finding highlights
the impact of physical discomfort on cognitive performance and decision-making, emphasizing the importance of
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Table 2. Time Spans for Individual Tasks in Scenario 1

Participant Init. M C1 C2 C3 C4 C5 C6 C7 C8 C9 Updt. M

P2 53 94 91 34 14 28 30 18 14 77 34
P4 30 85 82 34 65 51 34 19 29 19 113
P5 101 54 69 19 45 47 30 47 46 47 67
P6 69 62 49 17 19 33 28 30 8 17 73
P8 82 127 175 0 18 22 26 26 64 43 52
P9 83 40 33 40 35 18 15 16 43 35 67
P10 41 48 62 19 74 38 27 32 40 38 40
P11 0 148 149 89 70 24 35 15 33 38 156

Average 57.4 82.3 88.8 31.5 42.5 32.6 28.1 25.4 34.6 39.3 75.3

Std. Dev. 33.0 39.0 49.2 26.5 24.7 11.9 6.2 10.8 18.0 18.6 40.7

ergonomic and user-centered VR design. The Pearson correlation coefficient of time span and correctness is -0.13,
indicating a weak negative correlation between time span and correctness.

Table 2 shows the time spans for each individual tasks. Here, Init. M refers to the initial METHANE report,
Updt. M refers to the updated METHANE report, and Cx refers to Casualty x. The results indicate that C1 and
C2 required notably more time than the other casualties and have higher standard deviations. This is due to two
main reasons: (1) they were always firstly triaged; (2) the tasks associated with these two casualties were more
complex. For example, Casualty 2 (C2) requires additional procedural steps in applying a tourniquet and performing
airway assessments, indicating the complexity of this case. Due to different finish order and performance, the task
completion time of the rest of the causalities show variety distribution. A closer examination of the (Initial and
Updated) METHANE tasks revealed disparities in how participants approached the initial and updated assessments.
Participants on average spent more time on the updated METHANE, but 5 out of 8 actually spent less time on the
updated METHANE. The higher average is due to P4 and P11 spending significant time on the updated METHANE.
So in general, we can see that there is less time spent on the updated METHANE than the initial one.

Scenario 2: Earthquake
The scenario 2 consists of eight predefined tasks, including two METHANE reports and the triage of six virtual
casualties. In this earthquake scenario, participants exhibited greater consistency in time spans compared to
Scenario 1. The total time spans ranged from 230 seconds for Participant 4 to 431 seconds for Participant 9, with an
average of 299.5 seconds (See Table 3). This is the result of an improved familiarity with the VR environment and
the less casualties in scenario 2. Moreover, the highest and lowest casualty triage times in Scenario 2 were both
reduced compared to Scenario 1 (See Table 4). Participants displayed varied prioritization strategies, with Casualty
4 receiving the most attention due to its higher complexity. On average, participants allocated 47.3 seconds to
Casualty 4, whereas Casualty 2 and 6 required much less time, suggesting their assessments were less demanding.
Furthermore, while the initial METHANE reporting times remained similar between the two scenarios, the updated
METHANE times in Scenario 2 tended to decrease, reflecting potentially more matured processes.

Table 3. Time span, Rankings, and Correctness of Participants in Scenario 2

Participant SC2 Time span (s) SC2 Time span rank SC2 Correctness (%)

P2 314 4th 50.0
P4 230 1st 50.0
P5 289 3rd 50.0
P6 271 2nd 33.3
P8 264 5th 33.3
P9 431 8th 50.0
P10 322 6th 50.0
P11 275 7th 33.3

Average 299.5 43.7
Std. Dev. 60.5 8.6

Triage correctness in Scenario 2 was lower than in Scenario 1, with most participants correctly identifying only
three casualties out of six (See Table 3). The findings suggest a need for enhanced training and support to improve
decision-making in more challenging scenarios.
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Table 4. Time Spans of Individual Tasks in Scenario 2

Participant Init. M C1 C2 C3 C4 C5 C6 Updt. M

P2 71 25 21 9 43 32 32 81
P4 45 18 19 14 42 33 25 34
P5 51 30 22 17 60 28 16 65
P6 47 18 13 30 27 40 25 71
P8 62 21 12 22 20 48 24 55
P9 94 103 22 60 27 19 19 87
P10 57 60 23 32 54 31 23 42
P11 31 39 26 16 105 4 2 52

Average 57.3 39.3 19.8 25.0 47.3 29.4 20.8 60.9

Std. Dev. 19.1 29.3 4.9 16.2 27.1 13.3 8.9 18.5

Comparative analysis across the two scenarios revealed patterns of consistency and adaptability among participants.
Some, like Participant 6, ranked 1st and 2nd in time span across both scenarios, demonstrating consistent efficiency
(Table 4). Others, such as Participant 4, shows a significant improvement in time span ranking in Scenario 2,
suggesting that practice or adaptation to specific scenario requirements can enhance performance. On the other
hand, participants like Participant 9 experienced a notable decline of time span ranking, highlighting challenges in
adapting to differing scenario demands.

Overall, the sensor data indicates the importance of balancing efficiency with thoroughness in triage tasks. It
also highlighted the critical role of physical comfort in a VR environment, as discomfort can negatively impact
decision-making and performance. These findings provide valuable insights for refining VR-based training programs,
emphasizing the need for user-friendly interfaces and tailored training to optimize outcomes in emergency healthcare
scenarios.

While basic time tracking and task accuracy are common in training studies, this research extends prior work by
capturing detailed interaction data within a VR environment. By linking time-stamped actions to triage decisions and
verbal reports, the system provides deeper insight into participant decision-making flow—going beyond traditional
metrics to support more comprehensive performance analysis.

Survey Results

The survey results provided valuable insights into the participants’ backgrounds, their experiences during the VR
training sessions, and their perceptions of the training’s effectiveness. Both the initial and post-experiment surveys
were carefully designed to evaluate participants’ prior experiences and gather detailed feedback on their interactions
with the VR learning tool.

Initial Survey

The initial survey, comprising four questions, collected essential demographic and experiential data. The participants,
predominantly aged 18–24 (seven participants) with the remainder aged 25–34 (three participants), represented
a younger demographic comfortable with digital tools (Figure 7a). In terms of educational background, nine
participants held a bachelor’s or undergraduate diploma, while one participant had completed a certificate programme
(Figure 7b).
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Figure 7. Survey Results: Age and Educational Background Distributions
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The participants’ familiarity with VR technology varied widely (Figure 8a): three were new users with no prior VR
experience, six had some experience with fewer than ten uses, and one was an experienced user with more than ten
uses. This diverse range of familiarity indicates the challenge of accommodating varying experience levels within
the group.
Participants’ prior knowledge of MCI training methods varied (Figure 8b). All participants gained theoretical
knowledge from lectures and textbooks, six participants engaged in paper-based simulations, and eight participants
participated in live simulations such as AUT MI Day. However, none had experience with VR-based simulation.

3

6 1

New (VR Use = 0)
Some (VR Use <= 10)
Experienced (VR Use > 10)0

(a) Experience of VR Technology

10

6
8

0

Lecture and textbook
Paper Simulation
Live Simulation
VR Simulation

(b) Experience of MCI Training

Figure 8. Survey Results: VR Technology and MCI Training Experiences

Post-Experiment Survey
The post-experiment survey included 16 questions designed to evaluate participants’ immersion, engagement,
usability, skill confidence, physical well-being, and the overall effectiveness of the VR learning tool. Among those
16 questions, 12 used a Likert scale to measure responses, while 4 were open-ended, allowing detailed answers.
These questions aimed to capture participants’ experiences and gather feedback for potential improvements. The
results for Q1-Q12 are summarized in Tables 5. We assigned a score of 5 to “Strongly Agree” at the top of the scale
and a score of 1 to “Strongly Disagree” at the bottom.

Table 5. Survey Feedback Summary

Question Strongly Agree (5) Agree Neutral Disagree Strongly Disagree (1) Average Std. Dev.

Q1 (Immersion) 5 4 1 0 0 4.4 0.66
Q2 (Presence) 3 4 3 0 0 4.0 0.77
Q3 (Presence) 3 6 0 1 0 4.1 0.83
Q4 (Engagement) 6 4 0 0 0 4.6 0.49
Q5 (Emotion) 2 5 3 0 0 3.9 0.70
Q6 (Usability) 1 4 5 0 0 3.6 0.66
Q7 (Skills) 4 4 2 0 0 4.2 0.75
Q8 (Skills) 4 4 1 1 0 4.1 0.94
Q9 (Nausea) 2 1 1 3 3 2.6 1.50
d Q10 (Dizziness) 0 2 2 3 3 2.3 1.10
Q11 (Adoption) 10 0 0 0 0 5.0 0.00
Q12 (Adoption) 10 0 0 0 0 5.0 0.00

• Immersion and Presence (Q1-Q3)
In Q1, nine participants (five strongly) agreed that the VR learning tool was more immersive than paper-based
MCI triage simulations. In Q2, seven participants (three strongly) agreed that the VR environment felt natural
to interact with. In Q3, nine participants (three strongly) agreed that they were able to examine the objects
closely in the VR environment. These results suggest that participants generally found the VR learning tool
to provide an immersive, realistic, and interactive experience, particularly regarding natural interaction and
close object examination.

• Engagement and Usability (Q4-Q6)
In Q4, all ten participants (six strongly) agreed that they felt engaged in the virtual environment experience.
In Q5, seven participants (two strongly) agreed that they felt tense in the VR environment, while three
participants were neutral. In Q6, five participants (one strongly) agreed that the interaction devices were
easy to use, and the remaining five participants were neutral. The results suggest that the VR environment
effectively engaged participants, while there is room for improvement in tension reduction and the usability
of interaction devices.
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• Skill Confidence (Q7-Q8)
In Q7, eight participants (four strongly) agreed that they felt confident selecting objects in the VR environment,
while two participants were neutral. In Q8, eight participants (four strongly) agreed that they were confident
using the controller to move around, one participant was neutral, and one disagreed. The results suggest that
most participant felt confident in both selecting objects and using the controller to move around in the VR
environment.

• Physical Well-Being (Q9-Q10)
In Q9, three participants (two strongly) agreed that they suffered from nausea, one participant was neutral,
and six participants disagreed (three strongly). In Q10, two participants agreed they suffered from dizziness,
two remained neutral, and six disagreed (three strongly). The result shows that only a minority of participants
experienced nausea or dizziness, while the majority felt neutral or better.

• Technology Adoption (Q11-Q12)
In Q11, all ten participants strongly agreed that the VR system can be an integral tool for MCI training. In
Q12, likewise, all ten participants strongly agreed that they would like to see more VR-based MCI scenarios,
such as different incidents or disasters. The results indicate that all participants strongly recommend the value
of the VR learning tool for MCI training.

• Feedback and Suggestions
Open-ended questions revealed areas for improvement, including slower movement speeds to reduce nausea
and more realistic physics for object interaction. Participants also suggested dynamic elements, such as
interactive casualties and environmental sound effects, to enhance realism. Additionally, the inclusion of
wireless headsets and larger physical spaces was recommended to improve usability and safety during training.

For Questions 1–8 and 11–12, a higher mean (out of 5) corresponds to a more positive evaluation (e.g., greater
immersion, usability, or skill confidence). In contrast, for Questions 9 (Nausea) and 10 (Dizziness), a higher mean
represents more reported discomfort. The standard deviation (SD) shows how much individual responses vary: Q9
and Q10 have higher SD values, indicating greater variability in perceived physical comfort, while lower SD values
in the other questions suggest more uniform responses.

Overall, the survey results demonstrate a generally positive reception to the VR learning tool, highlighting its
immersive and engaging nature. Nonetheless, issues such as physical discomfort and a steeper learning curve for
some users point to areas for further refinement. Implementing improvements in motion mechanics, realism, and
interactivity could significantly enhance the effectiveness of VR training within emergency healthcare scenarios.

Speech Recognition and Semantic Similarity Evaluation

This study employed advanced AI models to evaluate participants’ verbalized reports during a VR-based MCI
training scenario, focusing on adherence to the METHANE framework. The OpenAI Whisper algorithm was used
to transcribe participants’ speech data. These transcriptions provided a rich dataset for analysis, exemplified by
Table 6, which displays sample excerpts of participant speech during the simulation.

Table 6. Example of speech content based on time series data.

TimeSeries Speech content
01:10:22 PM If I start my METHANE report now, I say major incident declared.
01:10:27 PM Exact location is the, just before the Papakura exit 458 on State Highway 1.
01:10:34 PM Type of incident is an MVA, motor vehicle accident.
01:10:38 PM Hazards include traffic in both lanes on either side.

METHANE evaluation using GPT model

The OpenAI GPT4 model was employed to assess how comprehensively participants covered each METHANE
component in their reports. The GPT4 model uses an expert METHANE report (see Table 7) for Scenario 1, as
the ground truth reference for assessing component coverage in participants’ METHANE reports. The initial and
updated METHANE reports provided by participants were analysed and categorised as Full, Part, or None for each
METHANE component. The initial part of the GPT prompt is presented in Figure 9. This categorization was based
on several pre-defined rules, which compared the participant’s speech transcripts to the predefined expert report for
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Paramedic Expert Judgment Task

Suppose you are a paramedic expert, and you will judge the METHANE reports from a participant
in a VR experiment on MCI triage.
There are two reports: the initial METHANE report at the beginning of the experiment and
the updated METHANE report at the end of the experiment.
You will be given two sample reports by an expert as the ground truth, and you will make your
judgment according to these reports.
In each judgment, you will report whether each M E T H A N E element is:

• Fully covered (Full)

• Partially covered (Partial)

• Missing (None)

Figure 9. GPT Evaluation Prompt for Judging METHANE Reports

each scenario. Each METHANE component was rated as “Full” if it was explicitly and accurately covered, “Partial”
if it was mentioned but lacked detail or precision, and “None” if it was not mentioned entirely.

This approach enabled a more automated and scalable analysis of communication quality than traditional free-text
scoring methods. The results are shown in Table 8.

Table 7. The expert METHANE report for Scenario 1

Initial METHANE report Updated METHANE report

M Ambulance to control, I would like to
declare a major incident.

Ambulance to control, I would like to
confirm a major incident.

E The location of the incident is on State
Highway 1 towards junction 458, head-
ing southbound.

The location of the incident remains on
State Highway 1 towards junction 458,
heading southbound.

T The incident is a multi-vehicle Accident. The incident is a multi-vehicle accident
involving 3 number of vehicles.

H There is debris like glass on the road. There is debris like glass on the road.
A Access is via a southbound entry point

before Junction 458, with egress at Junc-
tion 458.

Access is via a southbound entry point
before Junction 458, with egress at Junc-
tion 458.

N There is an estimated nine casualties. There is an estimated nine casualties.
We have the following casualties’ status
codes: 2 status zero casualties, 2 status
Ones casualties, 3 status Twos casualties,
2 status Three casualties.

E There are currently no other emergency
services on scene. Please send fire to
contain hazards and Police to control
traffic and eight further ambulances.

Police and fire have not yet arrived. We
require an addition 2 number of ambu-
lances and please send Westpac HEMs
(helicopter).

Initial METHANE Reports:

The analysis of initial reports revealed considerable variability among participants in both coverage and detail.
Participant 6 demonstrated exceptional performance, achieving full coverage across all METHANE components.
Their report included precise declarations of the major incident, location details, incident type, hazards, access
routes, casualty numbers, and emergency service needs. This consistency indicated a strong understanding of the
METHANE communication protocol and its application.

In contrast, Participant 4’s initial report lacked coverage across most components, omitting critical details such as
the specific hazards, access points, and required emergency services. This significant gap highlighted challenges
in effectively communicating essential information during the initial phase of the scenario. Similarly, Participant
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11 failed to submit an initial report, a substantial omission given the importance of structured communication in
emergency responses.

Partial coverage was observed in the reports of other participants. For example, Participant 2 addressed components
like Access and emergency services, but their descriptions lacked clarity and completeness, failing to meet the
standard set by the predefined METHANE report. Participant 8 also provided partial coverage, with vague
descriptions of the incident type and casualty numbers, indicating room for improvement in articulating critical
details.

Updated METHANE Reports:

A notable improvement was observed in the updated reports, with most participants addressing previously missed
components and providing greater detail. Participant 4, who had significant gaps in their initial report, achieved
full coverage in their updated submission. This improvement demonstrated an increased understanding of the
METHANE framework and its application in the scenario. Participant 2 also enhanced their report, addressing the
Access and Casualty Numbers components more comprehensively, although some minor gaps remained.

Participants such as 10 and 6 maintained high performance in their updated reports, providing consistent and
detailed coverage across all METHANE components. Participant 6’s updated report reiterated key details from the
initial submission while adding more specific information, such as the breakdown of casualty statuses, aligning
closely with the predefined METHANE report.

Participant 11, despite missing their initial report, delivered a partially complete updated report. While they
addressed components like Major Incident Declaration and Casualty Numbers, their descriptions of Location and
Incident Type lacked precision. This indicates the ongoing need for practice and feedback to strengthen reporting
skills.

Table 8. Individual METHANE component results for Scenario 1

Participant Type M E T H A N E

P2
Initial
Updated

P4
Initial
Updated

P5
Initial
Updated

P6
Initial
Updated

P8
Initial
Updated

P9
Initial
Updated

P10
Initial
Updated

P11
Initial
Updated

Legend: Full coverage Partial coverage No coverage

Summary and validation

Table 8 highlights the progression of participants in covering METHANE components. Many of the initial reports
lacked completeness, but the updated METHANE reports demonstrated notable improvements in both coverage
and detail following iterative practices. Those who adhered closely to the METHANE structure produced clearer,
more actionable reports, illustrating the value of standardized communication protocols in emergency scenarios.
To further enhance VR-based training, efforts should focus on commonly missed elements (such as hazards and
emergency services), provide detailed evaluations after each METHANE report, and incorporate practice under
simulated stress conditions (e.g., time constraints and environmental distractions).
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Unlike previous studies that relied solely on manual scoring or speech transcription, this study employed GPT-4 for
semantic evaluation, enabling a more automated and scalable analysis of communication quality. GPT-4 was used
to assess the completeness and accuracy of METHANE reports by comparing them to predefined expert scenario
descriptions, offering a structured approach to quantify adherence to reporting protocols. To validate the reliability
of GPT-4’s assessments, a paramedic expert independently reviewed and validated the METHANE evaluations
alongside the research team. The validation results indicated a high level of consistency between GPT-4 and the
expert, with strong agreement across most METHANE components. Additionally, although the current sample size
(N=8) was sufficient for a preliminary investigation, expanding the cohort in future research would help to reinforce
the robustness and generalisability of the conclusions.

CONCLUSION AND FURTHER RESEARCH
This study investigated the integration of VR and AI technologies in pre-hospital triage training for MCIs,
demonstrating their potential to improve emergency healthcare education. The findings highlighted how immersive
VR environments, paired with AI-driven performance assessments, provide a robust platform to evaluate participant
competency. Quantitative analysis, such as on task completion time and qualitative analysis such as on participant
feedback offered a deeper understanding of user behaviours and decision-making under in the MCIs simulation and
training. The use of advanced VR controllers facilitated realistic interactions, enabling behaviours that closely
mirrored those required in real-world emergencies. This immersive quality proved instrumental in accurately
assessing participant readiness and decision-making capabilities. Although participants generally accepted VR
technology positively, initial unfamiliarity challenges indicate the importance of comprehensive onboarding and
support to maximize engagement and learning outcomes.
However, the study recruited 10 participants, providing initial insights but limiting statistical depth and representa-
tiveness. While the VR scenarios offered a useful foundation for examining real-world-like behaviours, expanding
scenario diversity could improve behavioural analysis. Although creating realistic vital sign models and quantifying
triage within VR posed challenges, iterative refinements helped approximate real-world conditions.
Overall, this study shows the potential of VR and AI in emergency healthcare training. By addressing existing
limitations and advancing the technological capabilities of VR learning tools, future research recommends an
inclusive recruitment strategy to increase participant diversity and deepen the study’s findings. Expanding both the
sample size and the complexity of training scenarios would offer a more comprehensive view of how VR influences
participant behaviour across various emergencies. Advancing vital sign modelling—potentially through dynamic
simulations and ML—and refining casualty interactions would boost realism and educational impact. Moreover,
incorporating image-based pattern recognition methods (e.g., video data evaluation and pose recognition) would
enable a more comprehensive assessment of participant performance. Finally, diversifying scenarios (such as
natural disasters or industrial accidents) would further enhance the VR tool’s applicability to real-world conditions
and help healthcare professionals prepare for a broader range of emergency situations.
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