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1. Introduction to Machine Learning in Emergency Medical Services 

Machine learning models have become an important aspect of enhancing emergency medical 

services (EMS) or prehospital care. The continuous advancements in artificial intelligence (AI) 

and big data technologies have facilitated the integration of smart and intelligent systems in 

the healthcare and medical response domain at every level, whether it is in the prehospital or 

hospital setting. Adoption and implementation of decision support tools are guided by big 

data-driven simulation, machine learning models, and robust communication platforms that 

aid in analyzing and predicting the right treatment options for patients, reducing peak 

overcrowding, optimizing resource utilization, improving healthcare quality, and enhancing 

patient stays in hospitals, bringing us one step closer to achieving big data and AI in the 

hospital workflow. 

Adopting big data analytics, data management, and machine learning (ML) for EMS is still at 

a nascent stage in a few countries across the globe, but some studies have reported on the 

usage of real-time patient data to understand patient loads, improve decision-making in the 

triage process, and reduce response and handover times in hospitals. Very few studies have 

reported the utilization of data-driven decision-making to understand the nature and severity 

of diseases to refine or optimize EMS design, structure, or policies. This chapter will elaborate 

on this area and will provide a detailed discussion of all the research generating design, 

structure, and methods specifically developed for the medical response system. It will cover 

ML and AI-based research to improve hospital workflow, design, and policies, the EMS 

landscape, and the literature that focuses strictly on the application of AI in medical response 

systems. Despite the expansion of IoT-based and AI systems in the healthcare sector, research 

on utilizing ML systems to optimize EMS is very limited. The mission of the book is to 

ultimately uncover the massive potential of hospitals and EMS response planning. It is 
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hypothesized that machine learning is the present and future of the prehospital care sector. 

The research on utilizing machine learning models to mitigate the latencies of these EMS 

systems is scarce. There is no clear guideline or pathway supporting researchers on where we 

can use AI-based research to reduce decision-making latencies at the policy level of hospitals 

or emergency departments according to our literature search. This chapter aims to cover the 

advances of AI and its integration into the context of prehospital services to the best of our 

knowledge. 

1.1. Overview of Emergency Medical Services (EMS) 

1. Overview of Emergency Medical Services (EMS) Emergency medical services (EMS) play a 

vital role in public health, offering time-critical interventions in emergency situations, and 

thus can be fundamental in the survival and recovery of patients. EMS systems are provided 

in every country, state, and city at different scales and structures based on the geographical 

and population density of an area. They include a well-established and organized team of 

staff, medical personnel, management team, and vehicles that are responsible for ensuring 

timely health care services to the communities 24 hours a day. An EMS system generally 

consists of three main components. The first one is diverse personnel, including emergency 

medical technicians (EMTs), paramedics, and physicians working in the emergency 

department (ED) as emergency medicine practitioners. The second component is the 

emergency medical dispatchers (EMDs) who receive incoming calls from patients and their 

families through ambulance services. The dispatcher subsequently directs the necessary 

emergency resources to assist the patients or victims at the incidents and, if necessary, 

provides first-aid medical instructions to the caller prior to the arrival of the first responders. 

Lastly, it involves the transportation and pre-hospital care phase. Various emergency medical 

care teams travel to the incident location in ambulances in order to provide necessary 

emergency medical treatments to the patients in need. The main types of cases received by the 

EMS system are medical emergencies, trauma incidents, and injuries, as well as disaster 

events. The term ambulance refers to a vehicle equipped to transport patients to treatment 

facilities in cases of medical emergencies. In 1700, ambulances that were horse-drawn and 

equipped with necessary medical supplies were used in the Napoleonic Wars. In 1865, the 

first civilian hospital-based "horse ambulance" was used in Melbourne, hence became the 

birth year for modern-day ambulance services. Subsequently, the idea quickly rippled across 

major cities and countries all over the world. Initially, the ambulance was mainly used for 
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transporting patients quickly to the hospitals because of the unavailability of quick treatment 

at the incident location itself. However, over time, ambulances are now treated as mini-

hospitals facilitating better treatment to the patient from the time they are attended at the 

incident location until they are further transferred to appropriate health care facilities. The 

basic concept of rendering emergency medical services has not changed; however, now 

advanced versions of ambulances are operated by emergency medical practitioners (EMPs) 

with medical equipment and drugs and can provide definitive ICU care equivalent to a 

hospital, since it is said that the first hour after the injury, which is called the golden hour, is 

critically important for the patient’s outcome. If EMS comes within minutes, the patients' lives 

can be saved, and better patient-related outcomes can be expected, such as reducing disability 

after trauma. However, there remains a huge gap between the first and the most recent EMR 

services in terms of patients' outcomes after emergency incidents. This is due to a shortage of 

highly skilled emergency medical professionals and the absence of strong recommendations 

from scientific societies. 

2. Importance of Optimizing Response Times 

One of the primary goals of emergency medical services (EMS) is to minimize the time it takes 

to respond to a medical emergency. Indeed, there is a body of research that directly links 

decreased response times with improved patient outcomes. The sooner treatments are given, 

the higher the likelihood patients have of surviving. There have been a variety of strategies 

suggested to decrease these response times. The traditional model emphasizes ambulance 

unit-based methods to reduce response times, such as dynamic posting, increasing unit 

locations, and effective dispatching using automated algorithms and heuristic dispatch 

processes. An automatic system that combines crucial parameters for an EMS response time 

estimate could aid in making dispatch decisions. 

Conversely, delays in any part of this process can contribute to decreased overall 

effectiveness. For a medical emergency, delayed access to definitive care in the earlier steps of 

the EMS system can yield worse outcomes. Trauma mortality increases with delays, while 

stroke morbidity also increases with time lost. Poor EMS efficiency can lead to greater 

morbidity and mortality rates. Some research has also examined factors contributing to 

increased response times based on the demographic and geographic makeup of the services' 

catchment areas. It is critical that EMS services, which operate with limited resources, focus 
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on providing prompt treatment, as this has been shown to directly affect patient outcomes. In 

any case, optimization focuses on the various parts of an entire system and concentrates on 

the granular bottleneck. This top-down approach is important to generate a systems view of 

the problems in the EMS system. We consider the impact of optimizing a single granular part 

of the EMS system. Although the EMS system is very broad, the focus of this optimization 

looks specifically at the EMS process of a call for service, described as a queueing model. A 

call for service arrives at a dispatch center and is placed in a queue until a resource becomes 

available to take the call. The optimization approach ought to streamline this queue for local 

conditions, ideally minimizing the wait time for the patient. There are a few commonalities 

between emergency room operations research and our approach to the queueing model. The 

emergency room operations researchers also look at overall system flow, clustering patient 

types, use of simulations, analysis of models based on empirical data, and incorporation of 

patient triage type. 

2.1. Factors Impacting Response Times 

A medley of factors can affect the timing of emergency medical services, or EMS, arrival to 

the scene of an emergency. These factors can be divided based on whether they are internal 

or external elements, providing extensive lists of possible variables. Examples of internal 

metrics include resource availability, personnel experience with the procedures, equipment 

maintenance, and immediate need, while principal external metrics may describe or relate to 

traffic conditions, communications, law enforcement dispatch, EMS dispatch, civilian 

dispatch, and triage processing times. These categories are popular considering who or what 

is at fault for less than impressive arrival times. Two geographical distinctions can be made 

when discussing these factors: the setting may be simply urban and rural, or the entire study 

may be concerned with certain areas of the world. 

Regardless of a 911 system’s structure, in general, response times seem to be faster, between 

8 and 10 minutes, than those reported by services which usually operate with a two-tiered 

medical control and full-time dispatcher system that generally arrives on scene between 10 

and 15 minutes after activation. It is widely and historically acknowledged that on-scene times 

can be shortened through increased patient and professional training, and improvements in 

communications technologies and dispatcher training. More recently, some hope has been 

placed in new locator technologies, such as GPS, to lessen this amount. It is not difficult to see 
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that the expected effect of converting one of these variables can vary from location to location 

and system to system. Opinions within a singular region can significantly differ. As such, the 

appropriate ratio of investment in various factors is questionable. 

3. Triage Processes in Emergency Medical Services 

In the emergency medical services (EMS), assessment for patients' priority is essential to 

arrange an appropriate time for taking patients to the health center. In this regard, the 

objective of triage is to categorize the patients according to the severity of their injury or 

illness, and subsequently offer medical care to the most serious first. Consequently, those with 

less acute problems must unfortunately wait. This situation instigates caregivers to make a 

quick decision, concentrating on giving help to the severely injured or ill. Because triage 

requires a quick decision, frequently in chaotic conditions, it must be simple and 

straightforward. Easy in the sense that even the newest personnel can make a decision. Fast 

in the sense that it is executed swiftly. The result of flawed triage is the potential to declare a 

patient secure when in reality they are not. The injured may then collapse and lose their lives 

in one final step. 

A significant aspect of emergency situations is the limited resources. On one side, limited 

resources impose restrictions on what steps can be performed. On the other side, it is also 

important to enhance the fast, first nonsystematic look at multi-incident disasters. 

Consequently, it is important that the patients' indicators for severity are chosen at only a brief 

moment for declaring while at the disaster scene. There are many currently known ways to 

perform this triage. One of the most familiar is to ask for the color. For instance, one of the 

most known instrumental triage systems available is a simple tool called START. START is a 

simple point-of-care triage tool that utilizes the altered consciousness indicator, a respiratory 

support indicator, radial pulse rate, and finally, the respirations, providing an easy-to-use 

triage tool both in the emergency health room and at a mass disaster location. Despite this, 

some challenges are related to these means, such as maldistribution of patients resulting from 

the decision tool and considerable wasted resources. As a result, the research area to 

determine the severity of encountered emergency patients is still current. One factor that 

influences human response is the decision tree that has been implicitly made in the caregiver's 

mind. While time has become a main aspect of human daily priority triage decisions, a 

subjective test cannot be carried out over this. In a sub-objective health practitioner 
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implementation, delays in treatment or medical care increase the possibility of death. 

Therefore, in response to these issues, rapid response time optimization ideas are sought to 

help support reducing mortality rates. Regression logistic and tree models have been 

proposed to predict prognosis, the death of patients, or the response of a patient in order to 

optimize the time of care in rapid response. 

3.1. Traditional Triage Methods 

Traditional triage defines the urgency with which patients need care and allocates them into 

priority treatment categories. In standard emergency rooms, patients waiting for treatment 

are prioritized over those less urgent patients. Emergency physicians are often highly reliable 

at predicting no more than 80% of those requiring care within minutes to 2 hours. In a mass 

casualty incident, patients are categorized in three similar steps, where priority is given to the 

injured who stand the most to benefit from rapid care. As revealed by evidence, up to 50% of 

patients initially triaged as 'delayed or ambulatory' are relegated to higher priority levels and 

transported to hospitals. Triage theory adopted eight key principles, built around age 

progression, sensorium alteration, and the rapidity of compensatory mechanisms. The theory 

classified five priority levels and proposed assessment at the casualty site. Efficiency, 

reliability, and predictive value are some of the differences between more developed triage 

systems adopted in developed countries. Hospital triage was established in use during the 

Napoleonic Wars, from the first closed head injury rating score in World War II to the 

Advanced Trauma Life Support centered on the critical flaws of triage in the trauma system, 

which still occurs. Discriminatory practices were noted, and hospital triage was rebranded 

'initial evaluation' in 1982, prioritizing clinical care over logistic norms and score calculations. 

Despite advances in clinical management and redevelopment more than a dozen times over 

three decades, the fundamentals of ATLS have since been radically unchanged, and formulaic 

triage has continued. Tools have shown superiority; one tool was superior with 94% accuracy 

in detecting high and low total Injury Severity Scores as compared to the 80%. 

Such tools may, however, be unsuitable for certain mass casualty, burn, or pediatric scenarios 

as they suboptimally represent case mix and valid injury scoring constructs or require special 

content or scales. Such efficient triage strategies do, however, require further development to 

meet their full potential. Randomized trials have shown triage score accuracy and time-on-

scene penalties, correlating with morbidity. Anecdotally, in the event of a mass casualty 
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incident, implementation of key vital-sign-based triage tools significantly increased the 

accuracy of triage binning to about 95%. Further, such tools have major limitations in the 

muddled battlefield triage spectrum; in burn, mass casualty, or pediatric trauma, special care 

has been used, which in turn has significant concerns. Physicians have clinical skills drop 20% 

after twenty-four hours without sleep, with rubber band shootings incorrectly rated as the 

lowest acuity for five days due to a misapprehension of semiotics consistent with 

drunkenness. Crucially, certain combats undermine, just as optimal practices distract from 

incision. During a significant incident, more precise triage would perhaps have shown 

interesting discrete findings in the cold clinical care group, which were probably wrongly 

bulked. Acuity inquiries provide the basis for critical dialogue and are required to optimally 

characterize the triage trajectory. Despite the advancement of trauma and triage scores by 

surgeons and global multiplication of public reading materials, consensus on precise unified 

principles and the development of further robust triage validation is required. We aim to 

evolve and test triage methods. 

4. Resource Allocation in Emergency Medical Services 

Resource allocation within EMS is a highly demanding task owing to its complexity. Resource 

constraints and varied, uncertain patient demands necessitate intelligent decision-making in 

resource allocation. The ambulances, emergency care physicians, and nurses are prone to be 

allocated either excessively or defectively, leading to a poor quality of patient care. Several 

models like queuing models, superior probability models, and mean response time models 

help in allocating resources at EMS. These models encapsulate various strategies and 

constraints for efficient and effective resource allocation. Research has been oriented towards 

improving and optimizing the parameters of these models. In real-world scenarios, various 

optimization models are used for the same. 

Both reallocation to meet sudden changes in demand and infrastructure are extremely 

challenging. The major challenge in operating and managing EMS is the constraints in 

finances and manpower. The former emphasizes the necessity of a sufficient amount of funds 

for EMS improvement, whereas the latter presents the average number of qualified staff not 

only in ambulatory and reference hospitals but also in helicopter EMS, who are extremely 

underqualified, and the situation worsens in developing countries. The agile response to 

situations and changes is expected in the former in the allocation of resources to cope with 
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different scenarios. In the latter, the alterations in the allocation of resources have to be 

instantaneous in real time to meet various demand predicting problems. All these demand 

allocation strategies, along with predicting the need, come under the emergency medical 

service logistics spectrum. There are overall logistics that include those in operations as well. 

The overall strategy of logistics is shattered into operations where the planning and execution 

change dynamically and instantaneously. In this paper, we present the strategies used in 

optimization for resource allocation in emergency medical logistics. In the following sections, 

we delve into the paper by explaining the outline. 

Predicting the resource allocation by methods like queuing methods, probability, and 

distribution of variables in a dynamic spectrum generates the nowcast of patterns. Finally, the 

usage of machine learning predicts the promising sequences generated by fields for allocation 

in the emergency medical logistics of the present and near future. The essence of agile 

ambulance allocation does not allow keeping overhead catering capability underutilized on a 

daily basis. Furthermore, machine learning methods require real-time prediction of optimal 

ambulance allocation according to incoming future emergency events. Hence, researchers 

divide the prediction methods of ambulance allocation into two sub-parts, presenting the 

predicting spectrum of future policy for ambulance resource allocation in emergency medical 

logistics, which is easier than figuring out the exact allocation of an ambulance. The resource 

allocation needs predictions that generate the who, where, and when of demand. The 

allocation results after having the predicted scenarios of demands are instances of solving 

static problems of demand. Suppose n is the possible scenarios of demand at a unique instance 

of time. Let dn denote the distribution of demand in the continuous time predicted horizon. 

We give the predicting spectrum and nowcast of the resource allocation. Formally denote the 

nowcast of the resources, the output scenario demand capacities for the ambulance, and we 

determine the number of distributions that process to market the demand arrival to the 

ambulance. In short, both predictions, as those made by queuing theory and those made by 

fields, have to generate the sequence to study how data operationalization is working in the 

allocation of ambulances. 

4.1. Challenges in Resource Allocation 

Resource allocation has been identified as one of the main challenges and ambitions for the 

future of EMS, due to strong political motivational arguments for statistical fairness and in 
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response to growing public concern over long transport times for priority patients in 

underserved areas. Emergency medical services may operate on highly variable budgets and 

have been described as "resource limited." Variation in funding by state, region, and 

population exists. Disaster management systems seek to balance potential patient demand 

against limited resource capabilities. EMS may operate daily at a loss when demand exceeds 

resources, causing some patients to wait excessively long times for transport, while other 

patients receive timely care. Equipment shortages, such as drugs, are common. Often, "push" 

systems, rather than "pull" systems, of response and deployment exist, allowing customers 

(patients and payors) to demand service but not permit them to refuse service when queued. 

Measurable increases in patient care and timeliness occur with added resources. Due to 

resource limitations intrinsic to complex adaptive systems, it may be impossible to pool 

resources and deploy them in anticipation of local future needs. 

Furthermore, demand for resources needed to fulfill system goals can be highly variable and 

difficult to accurately predict. Demand for EMS is insensitive to price, as the sickest patients 

already use EMS. Seasonal, diurnal, and special event trends affect demand, which also varies 

dramatically by day of the week. Ongoing real-time, dynamic allocation of resources is heavily 

influenced by local time patterns, important basic demographic data, changes in politically 

mandated mobility patterns, new local news events, ongoing education of the local population 

about when "911 is appropriate," and a long litany of small imponderable and somewhat 

unpredictable effects. In general, models of demand for new healthcare facilities 

underestimate. Furthermore, in systems already in operation, past and present inflow trends 

may not provide reliable future demand estimates due to constantly changing, interconnected 

internal and external factors affecting population sharing dynamics. Heavy reliance on 

historical data is a reasonable approach when optimally predicting through long-term and 

significant trends. When the strategy is adjusted, or the appropriate capacity is not available, 

relying exclusively on past data is not especially helpful and requires adaptive strategies. Data 

analytic modeling is a technique that may be used to predict resource needs. In the sections to 

come, we will discuss and recommend four approaches to reduce system waste and increase 

global societal efficiency. 

5. Machine Learning Applications in EMS 
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Machine Learning Models for Enhancing Emergency Medical Services: AI approaches for 

optimizing response times, triage processes, and resource allocation. 

5. Machine Learning Applications in Emergency Medical Services 

In the world of Emergency Medical Services (EMS), machine learning developments have 

been relatively small in scope, in part representing the maturation of the industry when 

compared to fields like finance and technology. Now that the groundwork for AI algorithms 

and blockchain infrastructure has been laid, EMS organizations are looking to integrate 

automated decision-making mechanisms into their services in pursuit of efficiencies 

unavailable through traditional means. 

The concept of Big Data is a key driver for EMS exploring AI. Most of the data collected by 

EMS agencies takes the form of records kept in an electronic patient care report and roughly 

consists of three types of information: health records, operational metadata, and patient 

metadata. However, limited to traditional methods and being overwhelmed by the sheer 

quantity of easily accessible information available to the EMS provider, the validity of that 

data is significantly reduced. Machine learning is positioned to distill information of volume, 

variety, and velocity, delivering insights from data untainted by cognitive limitations. One 

application that has already substantiated this claim is demand forecasting models, which 

yield recommendations for the number of ambulances likely to be required at a particular 

time based on significant case-level data. Now, EMS organizations are pursuing predictive 

modeling as an augmentation of existing capabilities or as a standalone system to prioritize 

dispatch and routing paths for calls that are anticipated to occur later. 

Success stories in EMS jurisdictions have been centered around machine learning applications 

that directly or indirectly optimize response times, such as demand forecasting and response 

optimization. Emerging initiatives that are uniquely focused on improving dispatch and 

routing systems with machine learning methods are just beginning to take root. That said, 

many EMS organizations subscribing to results (not process) based outcomes are considering 

machine learning because of its service-side applicability. Nonetheless, technological 

advancement must rectify the clean aspects of AI design with the complex realities of elite 

medicine if the utility of machine learning in EMS is to approach anything like the promise of 

that technology. Even if a solution suits an organization's software design, machine learning 

outputs will fall flat if they cannot be smoothly integrated into traditional EMS systems. 
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Regardless of the dimensions in which machine learning is applied, specifically in EMS, 

common applications uniquely benefit operations. Whatever the use case, EMS could likely 

elide years of development effort by studying and redeploying solutions generated by other 

businesses providing onsite services. 

5.1. Predictive Modeling for Response Time Optimization 

One key aspect of optimizing emergency medical services (EMS) involves the reduction of 

response or wait times from request to care. This is especially important because the timely 

administration of medical treatments is a significant factor associated with positive patient 

outcomes. A proactive approach for optimizing response times involves using predictive 

modeling algorithms that forecast demand patterns to reveal potential bottlenecks or resource 

needs. The accurate identification of both patient criteria and resource demands is highly 

related to prediction accuracy. Otherwise, the expected benefits of reduced wait times may 

not reach the anticipated level and thus not improve patient safety and overall outcomes. Two 

basic modeling methods employed are quantitative approaches based on regression analysis, 

applied in forecasting the average system demand, or machine learning algorithms that use 

historical demand to model the demand distribution. 

Case studies reveal that predictive modeling has been successfully adapted to different EMS 

patient systems as part of their automated triage algorithms in order to minimize resource 

requirements and improve system efficiency. Typical challenges experienced with these 

systems include accurate estimates of both demand distributions and resource supply, as well 

as high variability in patient demand. Furthermore, data quality will not only impact model 

accuracy and performance, but models will fail if either input or output data are skewed or 

contain outlying values. When these thresholds are not reached, situational awareness, 

decision support, or resource allocation models cannot be relied upon to actually improve the 

overall level of services. A critical theme regarding enhancement systems in HEMS is the 

development of accurate prediction algorithms to optimize situational awareness that may 

result in improved managerial decisions or influence the use of decision support systems. The 

application of performance data outputs shows clear applications to enhance operations and 

therefore provide an overall higher level of service. In order to improve system efficiencies, 

the development of new algorithms with high prediction accuracy that will enhance both the 

provision of healthcare and theoretical principles is important. 
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Predictive modeling for situational awareness is an advanced field of AI automation. 

6. Future Direction 

The future direction of machine learning applications in the realm of emergency medical 

services is quite promising. The rising trends in machine learning applications are to 

strengthen predictive analytics as well as AI by modifying the available data toward clearer, 

concise, and future modalities, which foresee more sophisticated algorithms being trained 

with real data arriving from the field to learn the optimal way of managing these incidents in 

real time. To initiate, multiple key players in the field of emergency medicine, including 

research institutions, technology design corporations, and venture funds, can collaborate and 

invest money in this domain of AI. The first stage would be catalyzed by the commitment of 

venture funds to research institutions to conduct promising pilot projects. The training 

intervention should continue to ensure the usability of products in the real world. This 

includes ensuring our paramedics are trained to use technologies incorporated into their 

workflows, models, and algorithms to provide support to emergency medicine physicians. 

More specifically, the new regulations can largely affect on-field operational research when 

those applications are focused on evolving either front-end AI, machine learning, or 

predictive analytics. In addition, there needs to be a discussion addressing the ethics of using 

technological appliances of that caliber, including topics regarding patient privacy violations 

if not handled appropriately. One of the key challenges moving forward, as regulatory 

policies become more comfortable with the application of AI in healthcare, is how to 

seamlessly operate any new ePCR with the hospital eHR systems. This would require 

significant collaboration between a large hospital corporation and the proprietary ePCR and 

eHR system facilitating companies since every hospital corporation has different eHR 

systems. Modern data science and machine learning applications are inevitably becoming 

fundamental in all industries. We believe they will be a transformative technology when 

utilized in emergency medical services. 

7. Conclusion 

In this paper, we presented and discussed state-of-the-art machine learning frameworks that 

can be integrated into the realm of emergency medical services. Through these AI approaches, 

room for optimization in EMS may be found with respect to decreasing response times, 
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maximizing efficiency in the triage process, and the efficient allocation of resources. Key to 

enhancing emergency medicine through these AI extensions is the availability and collection 

of large data sets of quality information that can be transformed through deep learning 

methodologies. As new data are constantly collected for use in the healthcare sphere, these 

machine learning applications may trend towards better medical outcomes as data-driven 

approaches are critical in healthcare delivery. 

Continued research into how AI methodologies can be best employed in the healthcare 

industry is necessary, especially with respect to data protection and patient privacy. Utilizing 

effective and 'explainable' AI that can learn from success or be observed in mistakes ensures 

that best practices are used for the benefit of all stakeholders involved. However, we agree 

with other investigators that machine learning in the healthcare delivery realm will impact 

many aspects of clinical workflows in the future. Due to the unique and multifaceted 

problems we have discussed throughout this work, we posit that the proposals and solutions 

we contribute, as well as implementing successful machine learning models in the industry, 

offer a blueprint for many medical operation endeavors. Collaboration between various 

emergency healthcare delivery stakeholders, including clinicians, administrators, and data 

scientists, will allow these solutions to be positioned at the forefront of healthcare delivery. 

We recommend those involved in emergency healthcare delivery embrace state-of-the-art 

solutions so that the majority of the world may have rapid access to the highest quality of 

emergency medicine. Therefore, through these solutions, researchers can instigate an 

innovative and transformative future in EMS. 
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