


Supervisors 
 
Docent Jouni Nurmi, M.D., Ph.D. 
Department of Emergency Medicine and Services 
University of Helsinki and Helsinki University Hospital 
Helsinki, Finland 
 
Professor Klaus Olkkola, M.D., Ph.D. 
Department of Anaesthesiology, Intensive Care and Pain Medicine 
University of Helsinki and HUS Helsinki University Hospital 
Helsinki, Finland 
 
Reviewers 
 
Professor Jouni Kurola, M.D., Ph.D. 
Centre for Prehospital Emergency Medicine 
Kuopio University Hospital and University of Eastern Finland 
Kuopio, Finland 
 
Docent Ruut Laitio, M.D., Ph.D. 
Department of Perioperative Services, Intensive Care and Pain Management 
Turku University Hospital and University of Turku 
Turku, Finland 
 
Opponent 
 
Professor Annmarie Lassen, M.D., Ph.D. 
Department of Emergency Medicine 
Odense University Hospital and University of Southern Denmark 
Odense, Denmark 
 
 
 
 
 
The Faculty of Medicine uses the Urkund system (plagiarism recognition) to 
examine all doctoral dissertations. 
 

 
 

ISBN 978-951-51-7438-3 (pbk.) 
ISBN 978-951-51-7439-0 (PDF) 
 
Unigrafia 
Helsinki 2021  



 

3 

Background 
 
Appropriately assessing the physiological status of the patient in 

emergency care is essential in order to detect patients that would require 
urgent medical interventions. This requirement is highlighted in prehospital 
emergency medical services, which operate with limited diagnostic and 
therapeutic resources. Further knowledge on how to best detect physiological 
disturbances with simple and readily available measurements would allow 
personnel to recognise the patients at risk. This study aimed to establish the 
diagnostic accuracy and explore the factors affecting this accuracy of 
physiological scoring in prehospital emergency services settings. This study 
also investigated the feasibility of using photoplethysmography as an 
additional tool to recognise critically ill patients. 

 
Materials and methods 
 
This study was composed of four sub-studies, of which one was a 

prospective cohort study and three were retrospective cohort studies. The 
study included 212 consecutive adult patients presenting to a university 
teaching hospital emergency department within a 72-hour period in 2011 (I) 
and 35 800 adult prehospital emergency medical services patients in Helsinki 
and Uusimaa hospital district with sufficient data to calculate National Early 
Warning Score (II-III) from 2008 to 2015. A subgroup analysis was performed 
of the 26 458 prehospital patients that also had a blood glucose measurement 
performed (IV). In addition to routine vital sign measurements on arrival to 
emergency department, photoplethysmography variables were collected and 
compared between groups of critically and non-critically ill patients. (I) 
Diagnostic accuracy of National Early Warning Score in detecting mortality 
within one, seven and thirty days from emergency medical services contact 
was studied. (II) Effect of age on this predictive performance was compared in 
three different age groups and performance of National Early Warning Score 
modified to include age as an additional parameter was assessed. (III) 
Furthermore, a traditional model based on logistic regression was compared 
to a random forest machine learning model incorporating National Early 
Warning Score parameters and blood glucose measurement in predicting 
mortality. (IV) 

 
Results 
 
This study found minimum and mean photoplethysmography amplitudes 

differed significantly between critically and non-critically ill patients. When 
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diagnostic accuracy for detecting critical illness was assessed with area under 
receiver operating characteristic curve, minimum, maximum and mean 
photoplethysmography amplitudes had below moderate accuracy. Ability of 
National Early Warning Score values to predict mortality was best at the 
shortest studied time interval of one day and in the youngest age group of < 65 
years. Predictive performance worsened gradually when the time interval 
increased to seven and thirty days in all three age groups used in the study. 
Ability to predict mortality was improved when age was added as an additional 
parameter to the logistic regression model. Random forest machine learning 
model was superior to logistic regression when National Early Warning Score 
parameters were used and improved even further when blood glucose value 
was included in the model. The most significant predictive physiological 
parameters were low oxygen saturation, high respiratory rate, and low systolic 
blood pressure. Heart rate had very low contribution to overall predictive 
performance. 

 
Conclusions 
 
Lower photoplethysmography minimum and mean amplitudes can 

possibly be used in addition to other methods in the emergency department to 
differentiate critically ill patients when Modified Early Warning Score value ≥ 
4 is used to categorise critical illness, although the diagnostic accuracy is below 
moderate. National Early Warning Score can be used to predict mortality at 1, 
7 and 30 days. Its predictive performance is best at one day from emergency 
medical services contact and in patients aged < 65 years when compared to 
longer time intervals and older age groups. This mortality prediction can be 
improved by adding age as an additional parameter. Random forest machine 
learning model using National Early Warning Score parameters outperforms 
a logistic regression model in predicting one day mortality of prehospital 
patients and can be further enhanced by including blood glucose value. 
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Recognising patients at risk of acute physiological deterioration leading to 
death is a constant challenge in emergency care. Signs for impending collapse 
of cardiac, respiratory and central nervous systems should be detected and 
treated promptly. This challenge is even greater in prehospital emergency 
medical services, which operate in an environment where personnel, time, 
diagnostic tools and treatment options are always limited. Changes in the 
three systems mentioned above may be initially hard to detect. Still, even slight 
variations in normal physiological parameter values may foretell impending 
collapse, especially when present in multiple systems simultaneously.1 It is 
also imperative that the patients’ physiology is assessed thoroughly and 
systematically to pick up these changes in time. 

To facilitate systematic evaluation and to better summarise the findings in 
terms of risk assessment, the concept of physiological scoring has evolved. 
These scoring systems add up the deviation from normal physiological range 
of several simple-to-measure parameters, such as blood pressure and 
respiratory rate.2 Higher scores are related to increased risk of short-term 
mortality. From a number of different scoring systems, National Early 
Warning Score (NEWS) developed in the UK3 has been found to have the 
highest diagnostic accuracy in predicting short term mortality.4 

The most common application of photoplethysmography is pulse oximetry, 
the measurement of oxygen saturation in the capillary blood. In addition to 
this, photoplethysmography signal can be used to extrapolate physiological 
information relating to e.g., vascular tone, fluid volume status and respiratory 
rate.5 As pulse oximeters are readily available in almost all medical facilities, 
they might provide an easily accessed tool for collecting physiological data that 
could be used to detect impending physiological deterioration. 

This study set out to explore whether NEWS could be used in a prehospital 
environment for detecting impending physiological deterioration leading to 
death with diagnostic accuracy comparable to in-hospital environments. The 
study also aimed to find out how advanced age affected the ability of NEWS to 
predict short-term mortality as it seemed reasonable that similar physiological 
values would have a different predictive capability in different age groups as 
age has significant effects on the underlying physiology.  Furthermore, the 
study compared a novel machine learning model to NEWS in predicting short-
term mortality and if the performance of the machine learning model could be 
further enhanced by including information on patient blood glucose levels. In 
an attempt to improve detection of critical illness through physiological 
monitoring, photoplethysmography amplitude index analysis was used in an 
emergency department patient cohort to compare for differences between 
critically and non-critically ill patients. The focus of the study was to improve 
the detection of patients at risk of dying in the very near future in order to help 
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emergency care personnel to direct their attention to treating these patients 
urgently. 
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Normal physiological homeostasis is disrupted when the human body is put 
under the stress of acute critical illness. Both major mechanical trauma and 
medical emergencies such as septic infection cause similar acute changes in 
normal physiology. Despite the insult, the relevant physiological mechanisms 
responsible for keeping an individual alive come down to the necessity of 
providing enough oxygen for the tissues to maintain their normal function. As 
oxygen delivery to tissues is dependent on cardiac output and blood oxygen 
content9, the key players in this process are the respiratory system extracting 
oxygen from the air we breathe and the cardiovascular system delivering 
oxygen to the tissues. These two systems are controlled and fine-tuned by the 
central nervous system10,11, which in turn is extremely dependant on adequate 
oxygen delivery. Even though normal cellular functions also require a constant 
energy supply in addition to oxygen, the body has several potential 
biochemical mechanisms for maintaining energy requirements for prolonged 
periods.12 In contrast, a complete disruption of oxygen delivery can result in 
death or permanent damage within minutes especially in the vulnerable 
neuronal cells in normothermic patients.13 

Aging affects all of the three aforementioned major systems. The capacity 
of the respiratory and cardiovascular systems to increase their function under 
stress is reduced and additionally the ability of the central nervous system to 
detect and respond to deteriorating physiological situation is hindered by 
normal physiological changes that occur over the years.14 This has significant 
consequences in the older adults, as similar insults lead to more pronounced 
physiological disturbances which are harder to detect from clinical signs.  

In this section the relevant physiological and pathophysiological 
mechanisms of the three major systems during acute critical illness are 
reviewed. Additionally, the changes to normal physiology caused by the aging 
of the body are outlined. In the following section the acute physiological 
changes are then taken into the context of physiological scoring, which aims 
to facilitate earlier detection of these disturbances. In the final section the 
specific methodology of using non-invasive photoplethysmography to 
recognise physiological disturbances is reviewed.  

Insults resulting in physiological abnormalities and the physiological 
changes themselves cause intricate humoral and neural responses via 
inflammatory and neuroendocrine pathways. Chemical changes, especially 
acid-base balance alterations, can be significant. These are largely excluded 
from this review to maintain the focus in parameters that can be easily 
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monitored and measured, and thus being the most relevant, in the resource-
limited prehospital emergency medical service settings. 

 

The respiratory system’s most important functions are to extract oxygen from 
the air and to remove carbon dioxide produced during cellular respiration 
from the body.15 It is controlled by the central nervous system mainly via the 
respiratory centre, which receives information from peripheral 
chemoreceptors on levels of oxygen and carbon dioxide, central 
chemoreceptors on pH and mechanoreceptors from the lungs.15 A healthy 
adult at sea level maintains a breathing rate of 12-15 breaths per minute16 
resulting in arterial oxygen partial pressure of 11.0-14.4 kPa and arterial 
carbon dioxide partial pressure of 4.3-6.0 kPa and maintaining blood pH in 
the range of 7.35-7.45.17 

As arterial values are inconvenient to monitor repeatedly without intra-
arterial access, they are mainly used in high-intensity care settings such as 
operating theatres or intensive care units and can be used only as intermittent 
measurements. For this reason, assessment of respiration is in most clinical 
environments based on non-invasive methods. Oxygenation is routinely 
monitored by the use of continuous infrared pulse oximetry18, which correlates 
well with arterial oxygen tension in the normal physiological range, but is 
incapable of detecting hyperoxaemia and inaccurate at low oxygen partial 
pressures.19,20 In addition to arterial samples, carbon dioxide partial pressure 
can be continuously monitored from expired air by the use of capnography and 
it is feasible in prehospital settings and on spontaneously breathing patients.21 
Although the correlation of end-tidal carbon dioxide partial pressure to 
arterial carbon dioxide partial pressure is good in healthy anaesthetised 
adults, the correlation can be significantly worse in many pathologic processes 
and accurate measurements require a closed breathing system.22 Currently, 
capnography is also the gold standard for measuring breathing rate, although 
intermittent visual counting by medical personnel still remains the standard 
for monitoring breathing rate23, but has been found to have significant inter-
observer variability.24 Number of different methodologies such as pulse 
oximetry or transthoracic impedance are used clinically to continuously 
measure breathing rate even in ward settings, but their value is still 
inconclusive.25 

Based on the most relevant physiological functions of the respiratory 
system, respiratory failure caused by an acute illness can be essentially divided 
in to two different entities: failure of the lung tissue to maintain sufficient 
oxygen extraction leading to hypoxaemia, titled type I respiratory failure, and 
failure of the respiratory musculature to maintain sufficient ventilatory pump 
function to remove carbon dioxide leading to hypercarbia, titled type II 
respiratory failure.26 The diagnostic criteria are based on arterial blood gas 
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values: arterial oxygen partial pressure (PaO2) < 8.0 kPa is diagnostic for type 
I respiratory failure and arterial carbon dioxide partial pressure (PaCO2) > 6.0 
kPa is diagnostic for type II respiratory failure.26 These two types often coexist, 
but can present in isolation as well, depending on the mechanism. 

Pathophysiological mechanisms leading to hypoxemia in type I respiratory 
failure are related to either in isolation or in combination of  
 

1. ventilation-perfusion inequality, in which there is a lung region with 
decreased ventilation in relation to the perfusion of the same region. 

2. increased shunt, in which deoxygenated venous blood passes by the 
ventilated alveoli unoxygenated and returns to arterial circulation still 
deoxygenated decreasing the arterial oxygen content. 

3. diffusion impairment resulting from either increase of the distance 
from alveoli to the pulmonary capillaries, reduction of capillary surface 
area or increased capillary blood flow rate to such extent that alveolar 
oxygen does not have sufficient time to equilibrate with the capillary 
blood oxygen. 

4. alveolar hypoventilation, which results in hypoxaemia through reduced 
alveolar oxygen partial pressure, although hypercarbia dominates in 
this situation.26 

 
Pathophysiology of type II respiratory failure leading to hypercarbia is also 
multimodal, but the underlying cause is essentially ventilatory pump failure 
leading to insufficient movement of air in the airways in relation to carbon 
dioxide produced by metabolism. This failure can result either from excess 
carbon dioxide production from increased metabolic rate or insufficient 
alveolar ventilation due to relatively too low respiratory rate or tidal volume or 
a combination of these. Insufficient respiratory rate or tidal volume in turn can 
be caused by diminished central nervous system respiratory centre drive or 
transmission of these neural signals, mechanical chest wall deficit inhibiting 
respiratory muscle function or respiratory muscle fatigue.26 

As can be appreciated from above, the respiratory system can malfunction 
in a number of complex and inter-related ways. When it comes to emergency 
care settings, especially prehospitally, all of these will generally still present by 
altering the respiratory rate, which remains the basis of respiratory system 
assessment. As feasible diagnostic tools are scarce prehospitally, they are 
currently limited practically to measurement of peripheral oxygen saturation 
by pulse oximetry, and capnography when use of an airway device is indicated. 
Even though arterial blood gas analysis has been used in EMS systems 
incorporating prehospital physicians27 and transcutaneous capnometry in 
inter-hospital transfers28, these remain beyond the scope of routine EMS 
practice. Thus, definitively diagnosing the underlaying cause is rarely achieved 
and the treatment is mostly symptomatic and based on covering the most 
probable causes. From the perspective of physiological scoring, this also 
means that accessible parameters concerning the respiratory system are very 
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limited, but on the other hand especially respiratory rate has been shown to be 
reasonably accurate standalone predictor for mortality, as it is affected by 
failures of the other major systems, not just the respiratory system. 

The cardiovascular system’s main functions are to maintain a constant 
delivery of oxygen from the lungs to the tissues throughout the body and the 
end results of cellular metabolism such as carbon dioxide away from tissues.  
The flow of blood is achieved by the pumping action of heart, which is mainly 
responsible for the control of flow rate via heart rate and contractile strength. 
These are reflected in the equation outlining cardiac output (CO), which is the 
product of heart rate and stroke volume.  The flow rate is further modulated 
by the vascular system by adjusting the vascular wall tension. All of these 
actions are monitored and controlled both locally in the heart and blood 
vessels and centrally by the brain through complex neural, chemical and 
humoral mechanisms.  Healthy adults maintain an average blood 
pressure of 120/80 mmHg  with a 24-hour mean heart rate of 74 for men and 
79 for women.  

Of the parameters assessing the function of cardiovascular system, heart 
rate is the simplest to measure and monitor continuously and automatically. 
At the very basic level, heart rate can be monitored by palpating and counting 
the arterial pulse.31 Automatic measurement can be achieved either by pulse 
oximetry detecting the peripheral capillary pulse wave or by recording the 
electrical activity of the heart via electrocardiogram, which have a good 
correlation even in prehospital settings.19 Even though a number of novel non-
invasive methods have been developed,32 blood pressure is most commonly 
measured intermittently by non-invasive oscillometric method.33 The most 
accurate gold standard of continuous beat-by-beat blood pressure monitoring 
requires intra-arterial access.34 Although inaccurate, systolic blood pressure 
can also be estimated by assessing the radial pulse character.35,36 Currently, no 
clinically feasible methods for continuous cardiac output monitoring for 
prehospital environments exist, although it can be estimated via 
echocardiography37,38, if sufficiently experienced and skilled operator is 
available.39 Adequacy of tissue oxygenation can be assessed by measuring the 
level of lactate, the end-result of anaerobic metabolism and surrogate of 
insufficient tissue perfusion, from blood samples. It is feasible in prehospital 
environments when point-of-care measuring devices are used and can be used 
as a prognostic marker for both trauma and medical patients.40–42 

Generalised acute circulatory failure, also known as circulatory shock or 
just shock43,44, is a state where due to pathophysiological abnormality the 
cardiovascular system is unable to maintain adequate tissue perfusion to keep 
up with the oxygen demand. The pathophysiological mechanisms for shock 
can be divided in to four causative factors: hypovolaemia, cardiogenic factors 
resulting in impaired pump function such as cardiac arrythmias or significant 
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valvular leaks, obstruction of blood flow due to for example cardiac 
tamponade, and distributive factors.45 These are called hypovolaemic, 
cardiogenic, obstructive and distributive shock, respectively.43,45 These 
processes may present as single entities or in any combination and with 
entirely acute presentation or with a combination of acute and chronic 
presentation. 

Unlike respiratory failure, no international consensus exists for exact 
criteria diagnostic of shock, although definitions and diagnostic criteria do 
exist for some specific subtypes of shock, such as cardiogenic shock46 and 
septic shock.47 Diagnostic workup to recognise shock include factors dealing 
with recognising inadequate tissue perfusion, such as clinical sign of skin 
mottling or measuring blood lactate levels. These often lead to abnormal 
physiological measurements, specifically hypotension and/or tachycardia, 
both of which may or may not be present during shock depending on the 
underlying cause and the body’s compensatory capability.45 Additionally, 
some subtypes of shock require advanced diagnostic methods, such as cardiac 
ultrasound in cardiogenic shock48, in order to confirm the underlying cause. 

As with respiratory failure, in emergency care and prehospital settings, 
assessment of acute circulatory failure relies on basic non-invasive methods 
such as heart rate and blood pressure. If available, point-of-care lactate 
measurement can be used to assess the adequacy of tissue perfusion. With 
limited diagnostic tools the definitive diagnosis can rarely be determined, with 
some obvious exceptions, such as hypovolaemic shock resulting from massive 
external haemorrhage or extreme cardiac rhythm abnormalities. 

The central nervous system, consisting of the brain and the spinal cord , is the 
mainframe for collecting information on physiological functions and 
maintaining body homeostasis.  It is extremely dependent on constant blood 
flow as neurons are extremely dependent on aerobic metabolism and complete 
interruption of blood flow to the brain will lead to unconsciousness in 5 to 10 
seconds.  Due to this, acute alterations in consciousness can, and often do, 
result from factors originating at least partly outside the central nervous 
system, called metabolic encephalopathy  or critical illness related brain 
dysfunction.  Naturally, a number of causes affecting the brain directly can 
also result in altered consciousness, such as seizure activity, local disturbances 
in oxygen delivery due to embolus or bleeding or centrally acting drugs.  
When caring for a critically ill patient, the prevention of further neurological 
damage in order to preserve patient autonomy and quality of life is facilitated 
by maintaining sufficient circulation and gas exchange and diagnosis and 
treatment of the underlying cause of altered consciousness.  Thus, 
appropriate clinical assessment of consciousness and essential neurological 
functions is required when caring for emergency patients. Even though 
diagnostic tools in prehospital environments are generally scarce and limited 
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to clinical investigation, highly advanced methods such as computed 
tomography angiography (CTA) have been used prehospitally to reduce time 
to thrombolysis after stroke in some emergency medical services systems.  
Highlighting the difficulty of diagnostics in lack of imaging facilities, even very 
unconventional methods such as acupuncture have been suggested to 
diagnose psychogenic unconsciousness in a case report.  Detecting patients 
in need of time-critical treatment is essential, as especially traumatic brain 
injury patients benefit from early prehospital initiation of advanced 
therapies.  

The basis of prehospital and emergency neurological assessment 
internationally is the Glasgow Coma Scale (GCS).  The score was developed 
in the 1970s to systematically assess unconscious patients and to predict their 
outcome. It evaluates eye opening, verbal response and motor response and 
scores these from 1 to 4, 1 to 5 and 1 to 6, respectively, to a total maximum 
score of 15. Even though it does not give further information on the reason for 
altered consciousness, it still remains the most used tool for assessing general 
level of consciousness worldwide.  In addition to GCS, the even simpler AVPU 
(Alert, responds to Verbal stimuli, responds to Painful stimuli, Unresponsive) 
scale is used for neurological assessment as a part of a number of physiological 
scoring systems, even though its ability to predict in-hospital mortality is 
inferior to GCS  and has been found to be unsensitive to early changes in 
mental status.  On the other hand, AVPU has been shown to have good 
correlation with GCS in children in a prehospital setting  and the inter-rater 
reliability to be better than for GCS in the emergency department.  Inter-rater 
variability between GCS scores between prehospital and emergency 
department has been detected  and a consensus panel has suggested using 
elements derived from different scales for neurological assessment in the 
prehospital environment.  

For recognising stroke, multiple prehospital scales have been developed. 
These have been compared in a number of reviews , of which the most 
recent Cochrane systematic review advocates the use of Cincinnati Prehospital 
Stroke Scale (CPSS) to be used in prehospital environments over other scales 
based on current evidence as it is the most sensitive of the scales, although the 
reviewers note that further evidence is needed.  Even though a number of 
prehospital scales have also been developed for differentiating between 
ischaemic and haemorrhagic strokes and to detect large vessel occlusions 
amenable to endovascular mechanical thrombectomy, none of the current 
scales have sufficient accuracy to correctly predict the underlying intracranial 
pathology.   

As for metabolic encephalopathy, other than for cardiovascular and 
respiratory diagnostic methods given above, prehospital diagnostic tools are 
scarce. Blood glucose can be measured in order to detect significant 
hypoglycaemia and correlates well with reference laboratory values.  Even 
though venous blood sampling is more accurate, capillary blood samples are 
accurate enough to be relied on for clinical decision making.  In systems 
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where a prehospital physician is available, arterial blood gas analysis can be 
used, although in a recent randomised controlled trial its use did not result in 
improved diagnostic accuracy.  

As noted above, altered consciousness has a very large number of possible 
causes and definitive diagnostic tools that would be readily available 
prehospitally are scarce. Thus, the prehospital neurological assessment relies 
heavily on available clinical findings and patient history. 

As the body ages multiple changes in different organ systems reduce the body’s 
ability to withstand the stress of acute critical illness. In general, these changes 
do not prevent normal day-to-day functions in otherwise healthy individuals, 
but effect to greatly reduce the ability of the older adults to cope when their 
body is stressed through acute critical illness.  These changes make 
recognising critically ill geriatric patients more difficult, as the physiological 
responses differ from younger people. As a result, the outcome of seriously ill 
geriatric patient is consistently worse in similar insults compared to younger 
patients.  

Respiratory system is affected by many changes due to aging such as 
reduced chest wall compliance.  As the costal cartilages calcify, the compliance 
of the chest wall diminishes, thus increasing the work of breathing. The chest 
shape also changes due to kyphosis caused by vertebral compression or 
fractures, which presented in up to two thirds of patients aged 75-93 years in 
a study by Edge et al.  This increases the anteroposterior diameter of the 
chest, which causes impairment of function of the diaphragm, which also loses 
strength in the elderly  alongside respiratory skeletal muscles due to loss of 
muscle mass.  These changes result in a stiffer chest moved by weaker 
muscles enclosing lungs that are less elastic. All of these alterations lead to 
decreased vital capacity and collapsing of the peripheral airways resulting in 
increased work of breathing causing limited compensatory capacity of the 
respiratory system under stress caused by acute illness.  On top of this, the 
central nervous system respiratory centres’ responses to hypoxia or 
hypercapnia are decreased in the elderly , which further reduces the 
respiratory system’s ability to maintain body homeostasis. As a result, 
clinically, older patients will be more hypoxic and hypercapnic before their 
respiratory rate starts to increase during critical illness. The changes to the 
respiratory system caused by aging are summarised in Table 1. 
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In the cardiovascular system, both the heart and the vasculature go through 
changes as age increases. In the heart, the left ventricle thickens, the 
myocardial cells’ contractility is reduced due to accumulation of collagen83 and 
enlargement of the myocytes even though the total number of myocytes is 
reduced.84 This results in stiffer left ventricular wall leading to impaired 
diastolic passive filling, which in turn causes left atrial enlargement due to 
increased atrial workload increasing the incidence of atrial arrythmias.85 
Maximum heart rate is decreased in the elderly due to decreased beta-
adrenergic response83,85 reducing compensatory capacity when acute illness 
would require increase of cardiac output. In the vascular system, aging is 
associated with thickening of the intimal layer of major arteries and decreasing 
levels of elastin and increasing levels of collagen within the arterial wall, all 
promoting arterial stiffening7 leading to increased systolic and decreased 
diastolic arterial pressure.7 This effect is enhanced by inhibition of endothelial 
nitric oxide production caused by endothelial dysfunction.86 In combination, 
these changes cause increased workload in the heart during times of stress in 
critical illness making it more susceptible to ischemia. They also prevent the 
sufficient level of tachycardic response even when the patient is significantly 
hypovolemic.  

In the central nervous system, the volume of both grey and white matter in 
brain decreases as people get older. Volume depletion of white matter is 
greater than that of grey matter.8 The changes in the cardiovascular system 
mentioned above can reduce blood flow to the brain especially at times of 
physiological disturbances. Thus, geriatric patients are more prone to 
alterations of consciousness such as delirium in times of acute critical illness.14 

As the patients age, they are more likely to have comorbidities that affect 
their daily life which may not affect their physiological status, such as 
limitations in mobility, vision or neurocognition. Thus, it is essential to assess 
the functional performance of the patient even in addition to current 
physiological status to best tailor the care given to geriatric patients.87,88 
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As outlined in the previous chapter, disturbances in normal physiological 
functions caused by different diseases or injuries are numerous and often 
coincide or affect each other. In the early stages they may be hard to detect as 
the changes might be subtle. In emergency and acute care settings the specific 
cause of these disturbances leading to deterioration of the patient’s condition 
is often unknown.89 Nevertheless, virtually all of them still manifest 
themselves as abnormalities in respiratory, cardiovascular, or cognitive 
functions.  

If left unattended, these physiological disturbances might spiral to a point 
where the patient’s physiological compensatory capacity no longer suffices, 
and the patient goes into a sudden cardiac arrest. This situation has been 
recognized for decades on hospital in-patient wards90,91, where due to 
limitations in staff and equipment resources challenges arise in timely 
detection of patient deterioration.  

In order to recognise abnormalities in patient’s physiological variables, 
certain simple prerequisites have to be met: 

 
1. Understanding of the relevant physiology and the basic measurements 

used to assess them. 
2. Staff and equipment resources to perform these measurements at 

relevant time intervals. 
3. Knowledge of the limits of normality of the aforementioned 

measurements. 
 
All of these are an essential part of basic education of all medical 

professionals, although textbook information regarding appropriate 
assessment has been found to be insufficient92 and in retrospective analysis 
physiological disturbances preceding cardiac arrest might have been 
recognised, but they did not result in escalation of patient care.93 

In the following sections the necessity of recognising worsening physiology, 
and the concept of physiological scoring that has developed to answer this 
necessity, are reviewed. The National Early Warning Score system and use of 
physiological scoring in prehospital environments are then given a more 
thorough review as the most relevant in the context of this study. 

Even though clinical judgement of resident physicians at the time of hospital 
admission has been shown to predict both illness severity  and risk for 
developing morbidity  during hospitalisation for medical patients, the 
patients are mainly monitored by non-physicians on hospitals wards. 
Respiratory symptoms and signs, such as dyspnoea and tachypnoea, have been 
recognised as the leading abnormalities preceding in-hospital cardiac arrest  
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and unplanned intensive care admission.  Failure to recognise and respond 
to changes in abnormal findings has been indicated as a cause for preventable 
in-hospital cardiac arrest.  

In a study by Glickman et al. in an acute care setting of patients arriving to 
an emergency department (ED) due to an infection with haemodynamically 
stable sepsis 22.7% developed septic shock within 72 hours.  Henriksen et al. 
have also shown that of patients presenting to an ED with initially normal vital 
signs almost a third developed vital sign deterioration within 24 hours.  
Furthermore, Quinten et al. showed that in patients presenting to an ED with 
an infection, patients with high respiratory and heart rates are more likely to 
deteriorate and that serial vital sign measurements can be used for 
prognosticating patient deterioration within 72 hours.  These data indicate 
the importance of repeated physiological measurements, even in initially 
physiologically stable patients, to be of vital importance when attempting to 
detect developing critical illness. 

Before making any decisions about how to respond to these physiological 
changes, it is important to recognise patients that are unlikely to benefit from 
escalation of care due to futility, as it is in patient’s best interests to refrain 
from treatments that are unlikely to benefit the patient. 

Even though physiology-based scoring in prognosticating mortality had been 
established in intensive care already in the early 1980s in the form of Acute 
Physiology and Chronic Health Evaluation (APACHE) , this scoring system 
was far too complex and included variables rarely routinely measured on 
majority of medical in-patients, such as arterial blood gas analysis variables. 
Due to complexity arising from a large number of parameters, APACHE score 
was ill-suited for ward patients and has remained on the intensive care units, 
especially as its complexity has only increased in later revisions up to the 
current APACHE IV.  

As studies exploring the reasons for in-hospital cardiac arrests suggesting 
that sudden cardiac arrest was commonly preceded by hours of decline in basic 
physiological functions were published , systems to detect and respond to 
worsening physiology started to develop. In Australia, a concept of Medical 
Emergency Team (MET)  inspired by the trauma team concept emerged. It 
was founded on the base of an existing in-hospital cardiac arrest team. Specific 
alert criteria, including physiological variables and a list of pathologies, were 
used so that the team consisting of medical professionals specifically trained 
in treating critically ill patients could be alerted anywhere in the hospital 
including wards, emergency departments and critical care areas before a 
patient went into a cardiac arrest. 

MET alert criteria were the first of the so-called track-and-trigger systems 
(TTS), which were further advocated in a report by the National Institute for 
Health and Care Excellence (NICE) , which called for better recognition of 
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acute illness for in-hospital patients. The essential idea of TTSs is to monitor 
specific parameters of a patient (track) and when a set value is reached, 
prompt an action such as alerting the MET (trigger). These systems can be 
divided into single-parameter, multiple-parameter, and aggregate weighted 
scoring systems.  In single-parameter systems crossing a predetermined 
threshold of any parameter will trigger a response, such as the MET alert 
criteria above. In multi-parameter systems a threshold needs to be crossed in 
multiple parameters to trigger a response or the response is graded according 
to the number of thresholds crossed. In aggregate weighted scoring systems 
multiple variables are scaled and scored according to the level of detected 
abnormality and the sum of all parameters is aggregated and the response is 
graded based on the accumulated score. 

Single-parameter systems are easiest to use, as they require the user only 
to detect that a physiological variable is outside of the alerting thresholds. They 
offer high specificity, but to keep the false positive ratio low to avoid triggering 
the alert in patients that do not require escalation of care, the single-parameter 
systems have low sensitivity and low positive predictive value. Multiple-
parameter systems have high sensitivity and low specificity at low number of 
crossed thresholds, but when the number of abnormal measurements 
increases, sensitivity decreases and specificity increases.  

The aggregate weighted scoring systems offer a varying range of 
sensitivities and specificities over the scoring range and achieve an optimal 
balance at a set cut-off score. The downside of these systems is the complexity 
of scoring and aggregating the different variables making them more prone to 
user errors than the single-parameter systems. The complexity can be 
countered with the use of electronic patient monitoring charts, which 
incorporate automatic calculation for a scoring system.  

Over the years, a number of TTSs were developed mostly locally in different 
hospitals and a review by Smith et al.  found 72 different aggregate-weighted 
TTSs, of which 33 included only physiological variables in unique 
combinations, although all of these included pulse rate, breathing rate, systolic 
blood pressure and level of consciousness as variables. These systems were 
found to be able to predict hospital mortality with area under receiver 
operating characteristics curves (AUROC) ranging from 0.657 to 0.782. Of 
these, Modified Early Warning Score (MEWS)  was already at the time used 
widely , although researchers have been unable to show clear patient 
benefit after implementation either for MEWS  or MET criteria.  In 
the UK this led to further improvements based on these results in the form of 
VitalPac Early Warning Score (ViEWS), which was able to predict 24-hour 
mortality with an AUROC of 0.888 compared to the 33 other systems ranging 
from 0.803 to 0.850.  
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National Early Warning Score (NEWS)  was developed in the UK by the Royal 
College of Physicians following the reports advocating the use of TTSs  and a 
call for one system that could be implemented all over the National Health 
Services (NHS) hospitals. 

The physiological variables selected to be used as scoring parameters are 
based on the NICE report evaluating a number of studies: pulse rate, 
respiratory rate, temperature, systolic blood pressure, peripheral oxygen 
saturation, level of consciousness and whether additional oxygen is 
administered to the patient (Table 2). Scoring thresholds are set as ranging 
from zero to three with more points awarded as a measurement moves further 
from a normal range. For some scoring parameters, namely respiratory rate, 
body temperature, systolic blood pressure and heart rate, the physiological 
variable receives scores when moving both higher and lower than the normal 
range. The maximum score is 20 and the scoring thresholds are almost 
identical to the earlier ViEWS system.  NEWS also recommends a clinical 
response based on the estimated clinical risk at different total scores. The 
scoring system was later revised as NEWS2 to take into account a possible 
underlying pulmonary disease affecting target peripheral oxygen saturation 
range and to encompass a wider definition for disturbances in 
consciousness.   

°°
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NEWS has become the golden standard in physiological scoring as it has been 
evaluated to have the best predictive performance for 24-hour mortality, 
critical care admissions and composite of these outcomes  in a variety of 
populations and clinical settings.  Simpler scoring systems have shown 
almost similar performance in specific situations, such as quick Sepsis Related 
Organ Failure Assessment (qSOFA)  in recognising sepsis, but performance 
of NEWS is not dependent on underlying pathology and has been adopted in 
a number of countries after implementation in UK in 2012. 

The value of the NEWS2 iteration, especially regarding the additional 
peripheral oxygen saturation scoring, has raised significant controversy as 
patients might not be diagnosed with the relevant pulmonary diseases.  
So far there is only one study which has assessed the possible benefit the use 
of NEWS2 might have on patient outcome in terms of reduced mortality.  
This retrospective cohort study by Bedoya et al. assessed the effect of 
implementing NEWS2 score on intensive care admission and mortality of 
hospitalised patients when compared to pre-implementation. The study failed 
to show a change in the combined outcome. 

As the relevant physiology and the prognostic value of the physiological 
measurements should remain similar regardless of the setting, questions have 
been raised, whether physiological scoring could be used in prehospital 
emergency medical services (EMS) systems as well as in the hospitals.  The 
need for tools for improving the ability of prehospital personnel to predict the 
outcome of the patients has also been recognised.  

Initially the efforts were focused on detecting critical illness with scores 
specifically developed for the prehospital environment. Both Challen and 
Walter  and Seymour et al.  published data in 2010 on scores including 
physiological data and patient history. In a retrospective cohort study Challen 
and Walter looked at whether a scoring system derived from MEWS , 
including patient background information in addition to physiological 
variables, could be used to predict hospital admission.  They concluded that 
the scoring system was prone to over-triage but could be potentially used to 



Review of the literature 

26 

detect low-risk patients not in need of urgent care. Seymour et al. used a 
retrospective cohort to develop a score including physiological variables and 
EMS mission location to predict critical illness defined as severe sepsis, 
delivery of mechanical ventilation or death during hospitalisation.  Although 
they did not report on mortality prediction, a later external validation study by 
Kievlan et al. was able to show that the prehospital Critical Illness Prediction 
(CIP) score was able to predict in-hospital mortality with AUROC of 0.77.  

Further studies in critical illness detection by prehospital staff were done 
by Fullerton et al.  and Leung et al.  Fullerton et al. looked at whether 
MEWS score was superior to prehospital clinician judgement in detecting 
critical illness. They defined clinician judgement as pre-alerting the receiving 
hospital by the prehospital personnel and critical illness as immediate 
operative management, admission to intensive care, high dependency or 
coronary care unit, transfer to a tertiary hospital, cardiac arrest, or death. They 
did not report prediction of mortality but concluded that MEWS was superior 
to clinical judgement in detecting critical illness. Leung et al. explored the 
ability of prehospital MEWS to predict the need for life-saving interventions 
within four hours of emergency department (ED) presentation in a prospective 
cohort of 1493 patients.  This study did not report mortality prediction and 
the scope for life saving interventions was very wide, ranging from 
cardioversion to continuation of supplemental oxygen, and the study reported 
21.5% of the patients requiring these interventions. 

.  In this study in an unselected prehospital 
cohort increasing NEWS values calculated retrospectively from prehospital 
records were shown to be associated with increased risk of death within one, 
two, seven, fourteen and thirty days. Increasing NEWS values were also 
associated with intensive care unit admission within two days of hospital 
admission. Even though the study cohort was 1684 patients, only 25 patients 
encountered the primary outcome of death within 30 days and 13 patients the 
secondary outcome of death within 48 hours, which resulted in wide 
confidence intervals for AUROCs used to assess the predictive performance. 

A similar result was reported by Abbott et al. in 2018  in a smaller study 
of 180 patients, with increasing odds-ratios for a combined outcome of critical 
care admission or death within 48 hours at higher scores. In this study 
comparisons were made using the prespecified NEWS risk groups of low, 
medium and high risk at scores 0-4, 5-6 and 7 or more, respectively, according 
to the original NEWS risk stratification, instead of point-by-point analysis. 
Furthermore, in this study higher odds-ratios were reported for NEWS at 
hospital admission compared to prehospital NEWS, supported by similar data 
from another study focusing on older patients aged 65 years or more.  Shaw 
et al.  have shown an association between median prehospital NEWS with 
ED disposition, with lowest median scores for patients discharged from ED 
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and increasing median scores for ward admission and intensive care 
admission or death, respectively.  

In a larger retrospective cohort study in 2018 including 12 424 patients, 
Hoikka et al.  reported that one-day mortality was strongly associated with 
high NEWS scores with a sensitivity of 0.801 and specificity of 0.954. In this 
study all missing vital sign data was considered as normal with respiratory rate 
data missing for 57.4% of patients. AUROC was not used for analysis and no 
data were reported on the predictive performance of individual score values. 

Recently Martín-Rodríguez et al. have used prehospital NEWS2 to predict 
mortality in a prospective observational cohort study.  The patients were 
selected from prehospital units manned by a physician who made the decision 
regarding oxygen saturation scoring. The study included 1 054 patients with 
complete data. As the patients were selected from a physician-manned unit, 
mortality was reasonably high at 5.2% at two days, 7.7% at seven days and 
11.3% at thirty days. Predictive performance for mortality at 2-day, 7-day and 
30-day time intervals assessed by AUROC (95% CI) was 0.88 (0.82-0.94), 
0.86 (0.81-0.91) and 0.82 (0.77-0.87), respectively. 

NEWS as a prehospital mortality prognostication tool has been 
retrospectively compared against qSOFA , Critical Illness Prediction (CIP) 
and MEWS  and very recently NEWS2 with Shock Index (SI), Glasgow-Age-
Pressure Score (GAP) and Revised Trauma Score (RTS).  Silcock et al. found 
NEWS to be superior to qSOFA in predicting 30-day mortality and a combined 
outcome of 30-day mortality and intensive care admission within 48 hours of 
hospital admission.  In addition, qSOFA has been shown to have inadequate 
ability to detect sepsis and septic shock in another prehospital cohort.  In the 
study by Lane et al.  prehospital CIP score was found to be best in predicting 
in-hospital mortality, 2-day mortality and ED disposition of discharge, ward 
admission or combined intensive care admission and ED mortality, although 
NEWS had almost identical performance. In the Spanish study by Martín-
Rodríguez et al., prehospital NEWS2 was found to be the most accurate score 
to predict 48-hour mortality when assessed with AUROC.  Very recently, 
NEWS has been found to be improved upon when adding blood glucose as an 
additional scoring parameter when used in a prehospital setting.  

As the two published reviews on prehospital scoring systems 
conclude , physiological scoring systems have the potential to be used in 
prehospital mortality prediction and NEWS2 revision encourages its use 
prehospitally.  Still no studies to date exist showing survival benefit after 
implementation and the existing data are not sufficient to draw any 
conclusions regarding specific cut-off values for clinical decision-making. In 
addition to the scores mentioned above, some others have been developed 
specifically for prehospital environment.  Although the optimal 
prehospital scoring system remains to be decided, the current published 
literature shows that NEWS seems to be better than most other scoring 
systems consistent with in-hospital data , although further evidence 
comparing NEWS and CIP is warranted. As noted in the literature 
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reviews , the studies inconsistently reported a wide variety of outcome 
measures, but for studies reporting both short-term and 30-day mortality, the 
predictive performance worsened at the later time-interval.  This could be 
expected as moving further along in time from a single set of physiological 
measurements allows for introduction of a number of confounding factors not 
related to that specific set of measurements and thus negatively affecting the 
capability to predict mortality. 

Photoplethysmography (PPG) is an optical measurement method that uses 
absorption of light to measure changes of blood volume in a tissue described 
initially in 1937 by Hertzman.  By far the most common application of this 
method in modern medicine is pulse oximetry for measuring vascular bed 
haemoglobin oxygen saturation and heart rate based on the waveform, 
although the waveform has wealth of additional information as well.  More 
recently the technology has made its way into consumer electronics in the form 
of heart rate monitors in wristwatch devices.  

In this chapter, the basic principles of the photoplethysmography and their 
relation to physiology and possible application in recognising physiological 
deterioration are reviewed. 

The basic technology for photoplethysmography is based on a light source and 
a photodetector which compares the amount of light reflected back to it to the 
amount of light emitted from the light source.  The light source conventionally 
emits red and near infrared light at multiple wavelengths ranging from 650 to 
1000 nm.  This wavelength area is least absorbed by water in the tissues, the 
absorption is least affected by the oxygenation state of haemoglobin at 805 
nm  and it has good tissue penetration , although green light has been 
shown to be superior to infrared light in heart rate and heart rate variability 
detection.  Light emitting diode (LED) technology is used as the light source, 
as LEDs can create narrow single bandwidth light, are inexpensive to 
manufacture, have good operating life and have very low heat production.  
The light detector continuously monitoring the amount of light can be placed 
on either the opposing or same side of the tissue from the light source. These 
are dubbed transmission and reflectance photoplethysmography, 
respectively.  In the former technique, the light travelling through the 
measuring site is detected on the opposing side and in the latter technique the 
light reflected back from the tissue is detected  with both techniques yielding 
clinically similar results.  

Several optical processes affect the interaction between the emitted light 
and the skin and the underlying tissues before the light reaches the 
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photodetector: scattering, absorption, reflection transmission and 
fluorescence.  These in turn are affected by static and dynamic factors. The 
static factors include the selection of measuring site, skin colour, amount and 
consistency of underlying tissues and the dynamic factors include autonomic 
nervous system activation and the state of cardiac and respiratory cycles. Due 
to these multiple optical factors, the absolute photoplethysmography values 
cannot be directly compared between individuals.  The detected light is 
converted to an electrical signal and goes through multiple stages of dynamic 
mathematical filtration before the resulting waveform is presented on a 
clinical monitor.  The signal is comprised of the static component, called direct 
current (DC), and the pulsatile component, called active current (AC) as shown 
in Figure 1. Most monitors used clinically use dynamic auto-gain and auto-
centre adjustments to display only the pulsatile component of the signal.  

As already mentioned, the most common applications of 
photoplethysmography are peripheral blood oxygen saturation measurement 
and heart rate monitoring. In addition to these, the photoplethysmography 
signal can be used to extrapolate a number of physiological parameters. 
Specifically, significant interests and hopes have been raised towards using 
photoplethysmography as an easily accessible non-invasive tool to assess 
patients’ haemodynamic parameters such as stroke volume or fluid volume 
status.  

The pulse amplitude can be used to evaluate the state of vascular tone, as 
factors that cause vasoconstriction, such as increased sympathetic tone, lower 
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the maximum amplitude and factors causing vasodilation increase the 
maximum amplitude. Pulse amplitude has also been suggested to be used to 
assess cardiac stroke volume, although current evidence is inconclusive.  

As the absolute value of pulse amplitude is ill-suited for comparison 
between different patients due to multiple factors outlined above, the concept 
of ratio of the pulsatile component of the waveform to the static component, 
called perfusion index (PI), has been developed.  It has been shown to be 
correlated with mean arterial pressure and stroke volume in anaesthetised 
patients. This good correlation seems to be limited to states of low sympathetic 
autonomous nervous system tone, which is induced by e.g. sufficiently deep 
general anaesthesia  or peripheral block , thus reducing its applicability in 
prehospital use. The effect of autonomic nervous system on 
photoplethysmography variables has been demonstrated by the change in 
these variables during a painful stimulus.  Lower perfusion index has also 
been linked with poor peripheral perfusion in critically ill adult patients , 
although this study was not designed to show whether this was due to volume 
depletion, increased sympathetic tonus or combination of these or other 
factors. Lower perfusion index has similarly been reported in critically ill 
neonates  and both adult and paediatric patients in shock.  A recent 
study found lower perfusion index to be a moderately accurate predictor of 
intensive care mortality in mechanically ventilated patients, with AUROC of 
0.759.  Data regarding mortality or admission in the emergency department 
settings is controversial, as Alten Oskay et al. did not find prefusion index to 
predict these , but Das et al. reported a significant predictive performance 
with lower perfusion index and hospitalisation and 30-day mortality.  Both 
studies were relatively small with the former including 780 patients and the 
latter 367 patients with very different exclusion criteria likely explaining the 
conflicting results. The only study concerning the use of perfusion index in a 
prehospital setting is a very recent paper by Savastano et al.  In a cohort of 
164 prehospital patients with a successful resuscitation from cardiac arrest 
they reported lower prehospital mean perfusion index to predict worse 30-day 
survival ratio and neurological outcome when analysed by a multivariable 
regression model corrected for a number of known predictors. 

Pleth variability index (PVI), a measure of change of 
photoplethysmography amplitude over successive pulse waves, has been 
studied especially regarding assessing fluid status of patients.  Cardiac 
diastolic filling and therefore stroke volume is more affected by the changes of 
intrathoracic pressure during the respiratory cycle when venous circulatory 
volume is lower. Thus, larger changes in pulse amplitude over the respiratory 
cycle could be interpreted as evidence for reduced intravascular volume. A 
systematic review by Chu et al. pooling data from several studies found PVI to 
predict fluid responsiveness with good accuracy in mechanically ventilated 
patients.  Despite this, recent randomised controlled studies have failed to 
show benefit from fluid management guided by PVI during major abdominal 
or orthopaedic surgery under general anaesthesia.  
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Photoplethysmography has been used in some additional applications, 
such as measuring blood pressure , measuring respiratory rate  and 
detection of atherosclerosis,  but none of these have made their way into 
current prehospital practice. Furthermore, spectral analysis of the 
photoplethysmographic waveform has been studied in detecting 
hypovolaemia  and high risk acute coronary syndrome patients.  At the 
moment, photoplethysmography is the gold standard for non-invasively 
assessing the oxygenation of the patient in all clinical environments and works 
well in continuously monitoring of heart rate, but further applications in 
prehospital environment will require sturdier evidence base and none of the 
other measurements mentioned above have found their way into standard 
clinical practice. 

As can be appreciated from the working principle of photoplethysmography 
presented above, its interpretation is very prone to several systematic errors, 
especially when considering derived physiological variables such as fluid 
volume status or respiratory information. These factors affecting 
photoplethysmography interpretation are exquisitely summarised in a recent 
thorough review by Fine et al.  

Darker skin tones absorb light more easily leading to decreased signal 
intensity and higher error rates. Obesity induces numerous potential effects of 
photoplethysmography signal, such as increase in capillary blood flow, 
capillary density, and skin thickness. Age has also an effect on factors such as 
reduced skin thickness, arterial compliance, and capillary blood flow. Gender 
on the other had affects factors such as smaller blood vessel diameter, higher 
heart rate and lower blood pressure in females. 

In addition to factors resulting from demographic factors, the 
photoplethysmography signal is also affected by several factors resulting from 
the physiology at the time of measurement, which can significantly alter the 
waveform. Respiratory cycle induces variation in intensity, amplitude, and 
frequency, which in turn are all dependent on respiratory rate and fluid 
volume status. Venous pulsations can modify the photoplethysmographic 
signal, which is often eliminated by applying small amount of pressure at the 
measuring site, but this can act to modify even the arterial component in 
hypotensive patients. Body temperature at the measuring site has a significant 
effect on local blood flow, with different measuring sites such as ear and 
fingertip also inducing an effect on the measurements even with similar skin 
temperatures. Furthermore, external factors such as motion at the measuring 
site and ambient light conditions can affect the measurements. 

Taken together, all these sources of systematic error make it extremely 
difficult to draw conclusions from photoplethysmographic indices, especially 
when controlling the numerous factors is difficult, which often is the case in 
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emergency care environments. This is likely to explain the nonexistent current 
clinical applicability of photoplethysmography indices in this context. 
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This study was aimed to investigate the possible value of 
photoplethysmography and physiological scoring to detect physiological 
disturbances in emergency care. 
 
The specific aims of the study were as follows: 
 

1. To study the possible value of photoplethysmography amplitude indices 
in detecting critically ill patients in emergency department. (I) 

 
2. To study the possible value of National Early Warning Score in 

predicting short-term mortality in prehospital patients and its 
predictive performance at different age groups. (II, III) 

 
3. To study the possible value of random forest machine learning method 

in comparison with National Early Warning Score in predicting short-
term mortality in a prehospital patient cohort with special reference to 
blood glucose as an additional parameter. (IV) 
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This dissertation comprises of an observational prospective cohort study (I) 
and three retrospective cohort studies (II-IV). Study I included 251 
consecutive patients in emergency department, Studies II and III included 
patients encountered by emergency medical services and Study IV was a post-
hoc subgroup analysis of the cohort used in Studies II and III. Table 3 presents 
the summary of the study characteristics. 
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The first observational prospective cohort study (I) was conducted in a tertiary 
university teaching hospital emergency department, which treats general 
medicine, respiratory medicine, neurology, gastroenterological surgery, 
urology, vascular surgery and cardiothoracic surgery patients. The emergency 
department admits patients by referral from lower acuity units and directly 
from emergency medical services based on predetermined transportation 
rules. 

The remaining three retrospective cohort studies (II-IV) were all conducted 
in prehospital emergency medical services of the hospital district of Helsinki 
and Uusimaa, Finland. At the time of data collection, the hospital district had 
a population of approximately 1.6 million people. The whole hospital district 
is covered by a single EMS system, which consists of basic life support, 
advanced life support and mobile intensive care units. The basic life support 
units are manned by emergency medical technicians, the advanced life support 
units by paramedics and the two mobile intensive care units by EMS 
physicians. All EMS missions are dispatched by the national Emergency 
Response Centre Agency. 

All studies included adult patients aged 18 years or older. For Study I, 
consecutive patients presenting to the emergency department over a 72-hour 
period from 13 June to 16 June 2011 were included in the study. Patients with 
incomplete vital sign or photoplethysmography data were excluded from the 
analysis. Also, patients that required immediate emergency treatment on 
arrival preventing the study protocol measurements were excluded from the 
study. 

For Studies II and III, all patients encountered by EMS from 17 August 
2008 to 18 December 2015 were included in the study. Patients with 
incomplete data for calculation of NEWS, no valid Finnish personal identity 
code or clearly erroneous vital sign data were excluded from final analysis. For 
Study IV, a further subgroup of patients with a prehospital blood glucose 
measurement in addition to data mentioned above was selected for analysis. 
Study population selection is show in Figure 2. 
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For Study I, patient vital sign data was collected by two dedicated study nurses 
and recorded manually on study forms. For vital signs on arrival, blood 
pressure, pulse rate, respiratory rate, capillary refill (over or under 2 seconds), 
oxygen saturation (SpO2), level of consciousness (on a 4 level AVPU scale: 
alert, responds to voice, responds to pain, unresponsive), and body 
temperature were collected. Modified Early Warning Scores were calculated 
based on vital sign data. Photoplethysmography data was recorded for one 
minute from index finger using an AS/3 monitor and Collect S/5 software, 
version 4.0 (GE Healthcare, Little Chalfont, United Kingdom). Pulse 
amplitude was averaged every 10 seconds and maximum, minimum and mean 
amplitude values were determined for each patient before analysis. Data 
regarding in-hospital mortality and highest level of care during the hospital 
admission were collected from hospital records. 

For Studies II-IV, patient vital sign data was collected by prehospital 
personnel during EMS missions and recorded in a single electronic patient 
record system (Merlot Medi®, CGI Suomi Oy, Helsinki, Finland). For vital 
signs, systolic blood pressure, respiratory rate, peripheral oxygen saturation, 
level of consciousness on GCS scale, body temperature, heart rate, possible 
administered supplemental oxygen and blood glucose measurement data were 
collected. Of these, systolic blood pressure, heart rate and peripheral oxygen 
saturation were automatically measured with a monitor-defibrillator. 
Monitor-defibrillators in use during the study period were Zoll M and X series 
(Zoll Medical Corporation Inc, Chelmsford, MA, USA) and Lifepak 12 and 15 
(Physio Control Inc, Redmond, WA, USA). Automatically measured vital signs 
were transferred automatically to the electronic patient record system. Level 
of consciousness, body temperature and blood glucose were measured and 
entered in the patient record system manually, as well as possible use of 
supplemental oxygen. Level of consciousness was converted to AVPU scale as 
previously described by Smith et al.  Mortality data was collected from the 
national population registry and combined to vital sign data based on personal 
identity code. 

For Study I, statistical analysis was performed using GraphPad Prism, version 
5.0d (GraphPad Software Inc., San Diego, CA, USA). For Studies II and III, 
statistical analysis was performed using Prism 6.0 h (GraphPad Software Inc, 
San Diego, CA, USA) and R software (The R Foundation for Statistical 
computing, Wien, Austria). For Study IV, statistical analysis was performed 
using Prism 6.0 h and Python version 3.6.9 (Python Software Foundation, 
Wilmington, DE, USA) with the main statistical packages NumPy (version 
1.17.3) and sklearn (version 0.21.3). 
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For Study I, Spearman correlation was used for correlation analysis. For 
between-groups comparisons, Mann-Whitney test was used for non-normally 
distributed variables and unpaired T-test for normally distributed variables. 
Diagnostic performance was tested using area under receiver operating 
characteristics curve (AUROC) in all studies. Model improvement in Study III 
was assessed using continuous net reclassification improvement (cNRI)  and 
likelihood-ratio test (LRT). cNRI is used to compare the diagnostic 
performance of a model after adjustments to the original model. It compares 
the amount of correctly classified true and false positives and negatives in the 
original and the new model and presents the results as a sum of proportions 
of correctly reclassified cases with values ranging from -2 to +2. Likelihood-
ratio test compares whether two models produce differing results, and the 
result is presented as a p-value for accepting the null hypothesis. 

Continuous variables are presented as mean with standard deviation. 
Categorial variables are presented as percentages with 95% confidence 
interval (CI) or median with interquartile range. AUROCs are presented with 
95% CI. P-values for AUROC comparisons were calculated using DeLong 
test  (II-IV) and bootstrapping  (IV). P-value of <0.05 was considered 
statistically significant for rejecting the null hypothesis. 

For Study IV, random forest machine learning method was selected as it has 
been shown to be superior to logistic regression in predicting clinical 
deterioration.  It is a supervised machine learning method that uses multiple 
computer-generated decision trees that combine to form a “forest” of decision 
trees to find a combination of variable values that best predict a chosen 
outcome, is very resistant to over-fitting a model when a sufficiently large data 
set is used  and has been recently shown to perform well in similar context 
in a number of clinical environments.  In the context of the present study, 
a single decision tree evaluated if set number of random physiological 
variables with random cut-off values predicted mortality. For example, a single 
decision tree will investigate whether having a respiratory rate >20 min-1, 
heart rate <60 min-1 and systolic blood pressure >200 mmHg resulted in 
mortality. The algorithm generates a large number of decision trees with 
different variables and different cut-off values from different subgroups of the 
data set in order to find the variable values most likely to predict mortality. 
Random forest algorithm will also result in data on how important each of the 
parameters was in predicting the chosen outcome. 

All studies were conducted according to the principles of Declaration of 
Helsinki and according to the Finnish Medical Research Act. The prospective 
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observational cohort study (I) was approved by the Ethics Committee of 
Helsinki University Hospital (1/13/03/02/2011) and Department of Medicine, 
Helsinki University Hospital and was performed without external funding. No 
written consent from the participants was required by the Ethics Committee, 
as the measurements performed were part of the normal assessment of the 
patients. Studies II-IV were retrospective registry-based studies and according 
to Finnish legislation no ethical approval was required for these studies and 
the study protocol was approved by Department of Emergency Medicine and 
Services, Helsinki University Hospital. 
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For Study I, 212 of 251 (84%) patients fulfilling the inclusion criteria had all 
the relevant data for analysis and were included in the study cohort. For 
Studies II and III, after eliminating patients with insufficient information for 
final analysis, 35 800 patients from 750 964 (5%) EMS missions during the 
data collection period were included in the study cohort. For Study IV, 26 458 
of these patients had a blood glucose measured and were included in the 
subgroup analysis. 

The patients in Study I were younger, their level of consciousness was 
better and had a lower mortality ratio compared to Studies II-IV. Patients in 
the subgroup analysis of Study IV had similar characteristics compared to the 
full cohort of Studies II and III. Characteristics of the patients in the study 
cohorts of Studies I-IV are presented in Table 4. 
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Photoplethysmography amplitudes had wide standard deviations for 
minimum, mean and maximum values as well as for the amplitude variability 
in Study I. The characteristics of the photoplethysmography variables are 
shown in Table 5. Diagnostic performance in predicting higher or lower 
MEWS group was best for minimum amplitude and worst for maximum 
amplitude and overall diagnostic accuracy assessed by AUROC was below 
moderate for all variables as shown in Table 5. 

 
Despite wide standard deviations, significant differences were detected 

between the groups with higher and lower MEWS values for minimum and 
mean amplitudes (Figure 3). 
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The ability of NEWS in predicting mortality at different time intervals and age 
groups have been pooled in Figure 4. As can be seen, the predictive 
performance worsens over time consistently for all patients as well as in 
subgroups divided by age. Predictive performance is best in the youngest age 
group and slightly worse in the two older age groups, which are similar when 
compared head-to-head. A random forest model trained with NEWS 
parameters outperformed the model based on logistic regression for the cohort 
used in Studies II and III, with AUROC of 0.873 (95% CI 0.854–0.892). 
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Results from Studies III and IV regarding model modification assessed by 
AUROC are pooled in Figure 5. Study III had a larger study cohort resulting in 
narrow confidence intervals. Adding age as an additional parameter did not 
improve the model significantly when assessed by AUROC. Despite this, cNRI 
showed improved reclassification with the new model: 

 
Study IV had smaller study cohort resulting in slightly wider confidence 

intervals. Despite confidence interval overlap, all three models were 
significantly different, p=0.005 comparing NEWS and random forest with 
NEWS parameters, p<0.001 comparing NEWS and random forest with NEWS 
parameters and blood glucose and p=0.032 comparing random forest with 
and without blood glucose. AUROC distributions for NEWS and random forest 
model with NEWS parameters are visualised in Figure 6. 

0.5 0.6 0.7 0.8 0.9 1.0

NEWS, age as an additional parameter

NEWS

Random forest, NEWS parameters and blood glucose

Random forest, NEWS parameters

NEWS

AUROC



Results 

44 

Figure 7 demonstrates the partial dependence of different parameters in 
predicting mortality in the random forest model in Study IV. Low oxygen 
saturation, high respiratory rate and low systolic blood pressure are the most 
significant predictors. It is important to note that the contribution to 
prediction does not follow the scoring thresholds of NEWS. Heart rate had 
lowest contribution to mortality prediction, but risk of mortality increased 
towards the low normal heart rate values. 

Similar results were obtained in Study III for mortality prediction at 1 day, 
7 days and 30 days for vital signs visualised as loess plots in Figure 8. 
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Overall parameter importance in the random forest model with NEWS 
parameters and glucose are shown in Figure 9. Level of consciousness and 
blood glucose were the most significant parameters predicting mortality in this 
model. 
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In emergency department, lower photoplethysmography minimum and mean 
amplitudes have below moderate accuracy to differentiate critically ill patients 
when a cut-off of MEWS ≥ 4 is used to categorise critical illness (I). In 
prehospital emergency medical services, NEWS values can be used to predict 
mortality at 1, 7 and 30 days. Its predictive performance is best at one day and 
it gradually worsens at 7 and 30 days (II). When age of the prehospital patients 
is considered, NEWS had best predictive performance for mortality in patients 
< 65 years of age and declines in older age groups of 65-79 and ≥ 80 years (III). 
Mortality prediction by NEWS can be improved by adding age as an additional 
parameter with score values of 0, 1 and 2 for the age groups mentioned above, 
respectively (III). Random forest machine learning model using NEWS 
scoring parameters outperforms NEWS in predicting one day mortality of 
prehospital patients. This predictive performance can be further enhanced by 
adding blood glucose in the random forest model (IV). The most significant 
NEWS parameters predicting mortality were high respiratory rate, low oxygen 
saturation and low systolic blood pressure (II-IV). 

For mortality prediction of NEWS in a prehospital context, results presented 
here are in line with previous findings. Other relevant studies from prehospital 
cohorts assessing mortality prediction of NEWS and reporting AUROC are 
presented with 95% confidence intervals in Table 6. As can be seen from 
relatively wide confidence intervals of other studies, the current research (II) 
with a significantly larger study population resulting in much smaller 
confidence intervals provides more accurate evaluation of predictive 
performance. All studies showed similar pattern for mortality at different time 
intervals selected for analysis, as predictive performance was reduced over 
time. Studies by Martín-Rodríguez134,137 using the updated NEWS2 iteration 
showed better performance, although the confidence interval remains wide 
due to low number of index cases and may also result from study cohort 
selection. The mortality prediction results are also very similar to a number of 
in-hospital studies performed in an emergency department and acute medical 
unit settings.187 Taken together, these data suggest strongly that NEWS can 
be used for mortality prediction in emergency patients, especially for short-
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term time intervals, with good predictive performance regardless of the 
clinical setting. 

 
Study III presents the first data regarding performance of NEWS in mortality 
prediction in different age groups in a prehospital setting. Data on this topic 
from in-hospital studies is also very scarce. Lee et al.  studied the ability of 
NEWS to predict in-hospital mortality of hospitalised patients in a Korean 
tertiary university hospital. They investigated whether adding additional 
factors of age, medical reason for admission or a cancer diagnosis improved 
the model’s predictive performance and found age to make a significant 
improvement in the model. Shamout et al. explored a model modified from 
NEWS, named age-specific early warning score (ASEWS) , which has 
different scoring thresholds depending on the patient’s age. In this study 
Shamout et al. used AUROC to compare the performance of NEWS and 
ASEWS in two age groups, 16-45 and >45-year-olds, in predicting a composite 
outcome of unplanned ICU admission, cardiac arrest or mortality within 24 
hours. They found ASEWS slightly outperforming NEWS, although their 
results are somewhat contradictory. In addition to data presented here, the 
current evidence suggests that taking the age of the patient into account might 
improve the accuracy of mortality prediction of NEWS, but the optimal 
method of accounting for age will require further studies. 

Study IV also presents the first data on using random forest machine 
learning method in predicting mortality in a prehospital setting and showing 
it to be superior to logistic regression. Recently Spangler et al.  have 
demonstrated that a model based on a gradient boosting machine learning 
method was superior to NEWS in predicting two-day mortality. The machine 
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learning model included several variables in addition to NEWS parameters, 
such as age of the patient, time spent on scene and transport time. 
Interestingly, age of the patient was the second most important parameter of 
all parameters in predicting two-day mortality, supporting the findings of 
Study III discussed above. Even though the exact machine learning method is 
not the same, it very closely resembles the methodology used in Study IV. In 
emergency department setting, random forest machine learning method has 
been used to predict mortality in patients with suspected sepsis  and 
pneumonia , patients discharged from ED  and patients admitted for 
nonspecific complaints.  All of these studies have found random forest to 
outperform traditional logistic regression and multiple prognostic scores. 

As electronic health records are common, the wealth of information 
contained in them could be used in more accurate prognostication by the use 
of machine learning. Thus, machine learning should be the methodology of 
choice in the future studies aiming to develop predictive scoring systems for 
emergency care environments, although the optimal machine learning method 
for these purposes remains inconclusive. 

For Study II, time-intervals of one, seven and thirty days were used for end-
point analysis. For Study III, we reported only one- and seven-day mortality 
and for Study IV, analysis of predictive performance was restricted to one day. 
When studies and data analysis progressed, it became more evident that the 
predictive performance for mortality weakens over time. This is likely due to 
more confounding factors are introduced over time, such as further 
diagnostics possibly altering the care given to the patient or progression of the 
pathological process. Thus, we decided to limit the analysis further in the 
preceding studies, as one-day mortality seemed to be the most relevant 
outcome. 

Even though the results in other studies from similar settings have been 
conflicting , this study provides data that supports the idea that 
photoplethysmography may be useful in detecting physiological disturbance 
in the emergency department, although more data are still required before 
clinical applications can be considered. Even though unable to use PVI due to 
it being unavailable in the instrumentation used for data collection and no 
comparative method was used to assess fluid volume status, these results are 
also suggestive that higher variability of photoplethysmography amplitude 
might be used for detecting patients benefitting from intravenous fluid 
therapy. This is supported by the correlation later demonstrated between PVI 
and fluid responsiveness , but again remains a preliminary finding 
unsuitable for clinical application. The most significant hindrance in using 
photoplethysmography indices in clinical decision-making lies in the variety 
of possible systematic errors outlined in chapter 2. These sources of systematic 
error cause the interpretation of the results to be very context-dependent 
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limiting the usability of photoplethysmography indices especially in 
emergency care settings. 

In order to have as solid evidence as possible regarding the association of 
mortality and NEWS values, this study opted to include only patients with full 
set of measured parameters and forgo imputations. (II-IV) Even though this 
raises questions about possible selection bias and study generalisability, it was 
considered that this methodology would best answer the study questions. The 
concerns regarding possible selection bias can be viewed in the light of very 
similar spread of vital sign measurements in the study cohort and overall 
population, as no protocols were in place directing vital sign measurements 
during the data collection period. Still, a very large proportion of all patients 
encountered by EMS were excluded from analysis due to missing vital signs, 
which may have caused significant selection bias. The most likely variables to 
be recorded were the ones that did not require manual input but were rather 
automatically collected such as oxygen saturation. Thus, for future studies, it 
would be optimal to have as many variables as possible automatically entered 
into the patient record system. 

All NEWS parameter data was from a single EMS system operating with 
one electronic patient record system. (II-IV) Thus, a very limited number of 
different models of measuring devices were used when collecting the data and 
the measurements were performed according to similar practices. These data 
were reliably connected to national mortality data, as all patients could be 
identified by a unique national personal identity code resulting in no loss of 
data regarding the interconnectivity between NEWS values and mortality. All 
EMS missions were performed using single EMS system treatment protocols 
and thus the treatment of all patients followed similar standards. 

For the emergency department, all measurements were performed using 
one set of measuring devices by two dedicated research nurses trained by the 
researchers, reducing possible errors from differing equipment or measuring 
techniques. (I) As the study protocol of Study I stated that immediate 
requirement of treatment should not be impeded by study measurements, the 
most unstable patients may have been excluded from the study population. 
This is likely to have skewed the results as the patients scoring highest MEWS 
were not included in the study and did not have their photoplethysmography 
data recorded. Despite this shortcoming, prospective study (I) had the benefit 
of systematically including consecutive patients reducing selection bias. As the 
photoplethysmography equipment used for data collection in Study I did not 
have the ability of collecting the raw data signal or real-time calculation of PVI, 
10 second averages were used instead for other variables and PVI was 
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calculated based on these averages. As stated in chapter 2.3.3, 
photoplethysmography and the derived indices have a significant number of 
possible sources of error when collecting and analysing the signal. Any number 
of these may have had an effect at the time of signal collection for an individual 
patient. 

Even though no power calculations were performed when designing the 
study (I-IV), the large study cohort with a sufficient amount of index cases 
resulting in mortality resulted in reasonably small 95% confidence intervals 
supporting appropriate power of the study. (II-IV) 

As the EMS systems are quite similarly structured in most Western societies 
as the Finnish EMS studied in Studies II-IV, these results are likely to be 
generalisable to these settings. Even though Finland in general is racially quite 
homogenous, the study area also has the population with the most diverse 
racial backgrounds also supporting the generalisability of the findings. Even 
though the possible selection bias discussed above might have affected the 
results, the cohort used (II-IV) included a wide spectrum of primary 
complaints highlighting the variability of the patient cohort. Patients in the 
study cohort also included a wide variability of different vital sign 
configurations resulting in good presentation of scores throughout the NEWS 
scale. As both the effect of vital sign deterioration, age and blood glucose 
measurements assessed in these studies are not affected by the study setting, 
the results are likely to be generalisable to populations beyond the scope of 
EMS. 

Even though the prospective emergency department study (I) included all 
admitted patients, the generalisability of these results is limited by the fact that 
the study was performed in a tertiary referral university hospital emergency 
department, which likely affected the selection of primary complaints. Also, 
the definition of critical illness chosen for the study may not be optimal. The 
cut-off used to differentiate critically ill patients was based on previous 
research by Gardner-Thorpe et al. , but this study investigated ICU 
admissions for surgical ward patients and the same cut-off may not be 
applicable for describing significant physiological deterioration in an ED 
setting. 

Even though the study design used (II-IV) is capable of presenting 
diagnostic accuracy of NEWS in predicting short-term mortality, this design is 
not ideal for answering the question of which of the dying patients’ prognosis 
could have been possibly altered. As we did not exclude patients with decisions 
limiting level of care or interventions, some patients may have been in 
palliative care and death resulted in the natural course of the underlying 
uncurable end-stage disease. 
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Use of photoplethysmography indices to detect physiological deterioration or 
differentiate the critically ill patients has gathered significant interest. 
Unfortunately, neither the results presented here or in the current literature 
are sufficient to give specific recommendations regarding clinical applications. 
Further studies in emergency care settings are required to reveal whether 
photoplethysmography indices could be used in this context either as a stand-
alone tool, or more likely, to supplement current methods such as 
physiological scoring to improve prediction of mortality. 

The results presented in this study support the notion that NEWS could be 
considered as a standard of minimum patients’ physiological assessment in 
prehospital EMS. By measuring all the NEWS parameters, the acute 
physiology of a patient is thoroughly charted, although for complete 
assessment based on primary complaint it is often relevant to complement 
these physiological measurements, namely by measuring blood glucose  and 
electrocardiogram (ECG) .  

The findings also suggest that even though NEWS parameters do represent 
a good snapshot of acute physiology, mortality prediction can be improved by 
also taking in to account the age of the patient. Furthermore, the strict scoring 
cut-offs are likely to be suboptimal and may not represent the target 
population and can be improved upon by machine learning when used for 
mortality prediction. Data presented here highlights that existing 
physiological scoring models become more inaccurate in the geriatric 
populations as the scoring thresholds may not be adequate for older patients. 
Thus, it remains to be answered what is the optimal physiological scoring 
parameter composition for prehospital mortality prediction and whether the 
parameter composition is the same for all clinical environments. As an 
example, Figures 7 and 8 show that in this study heart rate seemed to have a 
negligible effect on mortality except for the very low values. 

This study also raises questions whether scoring should include parameters 
in addition to physiological measurements. Specifically in the geriatric 
population, assessing functional status could add relevant information 
regarding the capacity of the patient to overcome an acute physiological 
disturbance. Random forest machine learning could be an optimal tool to find 
the ideal variable composition to be used, as it can report the relative 
importance of different variables used when assessing a selected outcome such 
as mortality (Figure 9). Although, variable selection should not be based on 
single data set but rather a number of different populations in order to reduce 
the risk of over-fitting the model. 

As the clinical responses suggested in the original NEWS working party 
report  are not suited for prehospital environments, questions relating to how 
to benefit from the wealth of information provided from NEWS scoring remain 
– both from EMS and entire healthcare system perspective. Should NEWS 
values in EMS be rather used as rule-in or as rule-out? Specifically, should a 
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sufficiently high score value automatically require the patient to be 
transported to an emergency department? If so, what would this score value 
be? Should it also automatically prompt an alert from the EMS to the 
emergency department so that the patient can be assessed and treated as soon 
as possible on arrival? Or should it be used as a tool when considering non-
conveyance decisions? If so, what should be the cut-off score for these 
decisions? Finding answers to these questions is essential when aiming to 
achieve true survival and quality-of-life benefit to patients, as differentiating 
patients benefiting from intensive medical interventions from the patients that 
will die regardless of all efforts, suffering needlessly in the process if treated 
too intensively, should be a key function of these scoring systems. 

In order to fully benefit from physiological scoring and especially in order 
to benefit from the wealth of available information, it is essential that 
physiological scoring systems are implemented on electronic platforms 
requiring as little input as possible from the end-user. As was evident from the 
large exclusion rate of patients due to missing data (II-IV), as much as possible 
of the scoring information should be automatically collected, as largest 
exclusion rates were for parameters requiring manual input. The patient 
record system should also be able to calculate the predictions automatically 
and function as a decision support tool by providing clinically meaningful 
prompts for suggested course of action based on the predictions. 

Thus, in their current form in clinical prehospital context physiological 
scoring systems can be used to crystallise the physiological status of the patient 
to a single score. This score value can be then used to assess the mortality risk 
of the patient. Low extreme scores represent low risk of mortality, and high 
extreme scores represent high risk of mortality. Unfortunately, these extremes 
also often present as clinically evident thus not providing much help in clinical 
decision making. Still, a grey area of mid-level scores remains, where scoring 
may alert caregivers to an underlying pathology in a seemingly well-off patient 
presenting only moderate alterations in vital signs. It is also relevant to note 
that age has a significant effect on the scoring and must be considered when 
interpreting the scores in the geriatric patients, for whom physiological 
scoring is especially likely not to be enough when considering the likely 
outcome and optimal care decisions. NEWS value obtained in the prehospital 
phase can also be useful when tracking the trend of the physiological status of 
the patient throughout the care pathway. 

Based on available scientific knowledge, it would seem reasonable to consider 
implementing physiological scoring, namely NEWS as the scoring system with 
best predictive performance, in all EMS systems. Still, further research to 
answer the open questions raised above is warranted. Future research efforts 
should ideally focus on how the information available from NEWS could and 
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should be used in order to improve patient survival. It would be interesting to 
see whether survival benefit could be attained merely from implementation of 
NEWS, although previous in-hospital research suggests that this may not be 
enough.  

As stated above, it is imperative that the scoring systems evolve to 
differentiate the patients that will benefit from medical interventions from 
those that will not. Even though current physiological scoring system models 
are already very good at predicting upcoming short-term mortality, care 
intensity decisions cannot be solely reduced to a single physiological score, 
especially when limitations of care are considered. Machine learning based 
models appear superior to traditional tiered scoring models but will also 
require a solid scientific basis for possible recommendations of clinical 
interventions based on their predictions. As these models could include a very 
large number of parameters it would be essential to establish the most relevant 
ones for EMS mortality prediction. As the results of this study reveal, blood 
glucose and age are likely among these, but the subject requires further 
research. Photoplethysmography variables may also be useful when 
incorporated into scoring models, but further data on their relevance is 
required. It is also paramount to establish which photoplethysmography 
indices, and in what specific conditions, are optimal for emergency care use 
taking in to account the high number of sources of systematic error in signal 
collection. For the geriatric patients, machine learning methods could be used 
to supplement physiological information with data regarding functional status 
to improve predictive performance and thus reduce the burden of using 
multiple scoring systems. It is imperative that research in future machine 
learning based models also considers the possible value of functional status 
and comorbidities of the patients. The future models would need to be self-
correcting based on the most recent data as the parameters and their values 
predicting mortality are likely to shift over time when the relevant population 
or the treatment practices change. 

From the perspective of EMS – ED interaction, it might be worthwhile to 
study whether the trend of NEWS scores during the prehospital phase could 
provide information in regard to which patients to prioritise in triage decisions 
on arrival to ED. Patients whose physiology the EMS personnel have not 
managed to stabilise and whose NEWS value has not thus decreased during 
the prehospital phase could be the population to focus on in the ED in order 
to reduce mortality. Information regarding clinical course during the 
prehospital phase might be useful for organising the relevant ED personnel to 
be available on patient arrival to provide critical interventions without undue 
delay. This will require seamless integration of EMS and ED patient record 
systems to facilitate real-time transmission of information from the back of 
the ambulance to the receiving hospital. Identifying the specific cause of 
mortality in the cases resulting in death and further analysis of physiological 
scoring based on the cause of mortality might also reveal whether 
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physiological scoring works as well in different subpopulations, such as 
patients presenting with cardiac or respiratory pathologies. 

The evolution of both patient record systems and the ever-increasing 
amount of prehospitally feasible measurement devices will require intensive 
research efforts in order to have a solid scientific background for selecting the 
optimal EMS equipment. As EMS will always remain an environment with a 
constant scarcity of resources, whether it be time, personnel, equipment, or 
training or all of these at the same time, it is essential to base decisions relating 
to these resources on appropriate scientific evidence. 
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The following conclusions can be drawn from this study: 
 

Photoplethysmography indices cannot currently be recommended for 
detection of critically ill patients in emergency department, as lower 
minimum and mean amplitudes predict critical illness defined by 
MEWS ≥ 4 with below moderate accuracy. Whether 
photoplethysmography could be used to supplement other diagnostic 
methods, such as physiological scoring, remains to be shown. 

 
NEWS can be used to predict mortality at one, seven and thirty days 
from time of patient contact in prehospital EMS. Predictive 
performance is best at one day from EMS contact and gradually 
worsens at seven and thirty days, respectively. Predictive performance 
of NEWS is best in patients < 65 years of age when compared to patients 
aged 65-79 and ≥ 80 years. Adding age as a three-category variable to 
standard NEWS improves predictive performance. 

 
Random forest machine learning model based on NEWS parameters is 
superior in predicting one-day mortality in prehospital EMS compared 
to a logistic regression model based on standard NEWS. The predictive 
performance of the random forest model is further improved by adding 
blood glucose into the model. 
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