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Introduction 

Prehospital care is in the process of transitioning from a transport-focused ser-
vice for delivering patients to hospitals, to an advanced healthcare service in 
and of itself 1,2. In addition to the traditional task of providing stabilizing treat-
ment to critically ill and injured patients, prehospital care providers are in-
creasingly tasked with identifying patients with conditions not requiring emer-
gency care. These patients are then directed away from the traditional chain 
of prehospital emergency care to non-emergency care providers 3–6. This pro-
cess of stratifying patients based on the acuity of their condition is often re-
ferred to as triage, and is particularly difficult when the clinical risks of a con-
dition depend on a large number of factors with complex interactions and a 
high degree of uncertainty 7,8. 
 
The judicious practice of triage and the referral of low-acuity patients to non-
emergency care holds the potential to alleviate the increasing strain on ambu-
lance services and emergency departments. The practice can however result 
in serious patient safety hazards if true emergencies are missed. Prehospital 
care systems incorporating triage to non-emergency care providers must there-
fore carefully monitor the appropriateness of these triage decisions. They 
should also provide effective tools for care providers to maximize their capac-
ity to make accurate decisions. Such tools may take retrospective forms such 
as providing feedback on the results of previous decisions, or prospective 
forms such as the use of Clinical Decision Support (CDS) systems. Numerous 
factors including formal education, training, experience, clinical guidelines, 
personality traits, stress, alertness, availability of supporting tools, etc., impact 
the ability of a care provider to make appropriate decisions. The final result of 
the interplay of these factors with regards to a care provider’s ability to make 
appropriate decisions is termed the care providers decisional capacity in this 
thesis. 
 
The prehospital decision-making process regarding low-acuity patients has re-
ceived increasing attention in the literature 9–11, but remains under-studied in 
comparison to decision-making processes in other areas of healthcare. Feed-
back to care providers about their performance is reported as often lacking in 
healthcare 12. Some feedback-based learning will occur naturally in contexts 
where contacts with patients is prolonged or recurring. In the context of pre-
hospital care however, where contact with patients is brief, care providers are 
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often not aware of the results of their decisions. CDS systems have tradition-
ally been knowledge- and rule-based; developed based on the clinical domain 
knowledge of experts. Systems employing predictive statistical models have 
begun to demonstrate the potential to improve the accuracy of prehospital tri-
age decisions 13–15. There is a little consensus in the literature regarding how 
to best operationalize outcomes for low-acuity patients in prehospital care, nor 
is it well established how to best quantitatively evaluate prehospital decision-
making processes 4,16–18. There is also a lack of studies investigating the ability 
of machine learning-based risk prediction models to generalize across distinct 
prehospital care systems. To the authors knowledge, only a single study has 
investigated whether the theoretical accuracy of risk prediction models in pre-
hospital care can translate into improved decision-making in a Randomized 
Controlled Trial (RCT) 14. 

Aim 
The aim of this thesis is to advance the methods used for evaluating and im-
proving the decisional capacity of prehospital care providers, with particular 
emphasis on the assessment of low-acuity patients. This aim is achieved 
through five studies related per the diagram below: 
 

 
Figure 1 - Flow of included studies 

Study I aims to validate and explore the properties of a set of measures used 
to assess outcomes for patients referred to non-emergency care by dispatch 
nurses. Study II builds upon these results in evaluating the impact of a feed-
back intervention seeking to improve outcomes. Finally, studies III – V re-
volve around the development, validation, and implementation of machine 
learning models used to predict outcomes for patients in prehospital care. 
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Background 

Prehospital Care Systems 
The prehospital care systems of today have their roots in military trauma care 
systems developed to care for injuries sustained by soldiers in battle. Martial 
trauma care systems developed over time from the battalion-level surgeons 
established by Philip II of Macedon in the 4th century BC, to the formalized 
ambulance services forged in the heat the Napoleonic-, American Civil-, and 
Crimean wars of the 19th century. Civilian ambulance services bearing the 
hallmarks of modern systems were developed soon after, and were by the end 
of that century present in many American and European cities.19 
 
The basic process of prehospital care has not changed much since. A sick or 
injured individual makes contact with a central instance which today is typi-
cally an Emergency Medical Dispatching (EMD) center.  A resource, typically 
an ambulance, is then dispatched which makes their way to the individual, 
provides stabilizing treatment, and transports them to definitive care, typically 
a hospital Emergency Department (ED). This formula was maintained 
throughout the 20th century, with the focus on rapid transport and limited on-
scene care arguably only strengthened over time. The national standards set 
by the National Highway Traffic Safety Administration in the US, 20 standard-
ization in the UK around first-aid trained ambulance staff 19 and the emergence 
of the possibly mythological “Golden hour” in the care of trauma patients all 
contributed to a focus on rapid stabilization and transport 21,22. 
 
The core mission and focus of the prehospital care system today remains the 
stabilization and transport of critically ill and injured patients to definitive 
emergency care. The success of modern public health initiatives has however 
led to substantial demographic shifts in the populations which these systems 
serve. The populations in developed countries are rapidly aging, driving sub-
stantial increases in the demand for prehospital care. 23–25 Primary- and elder 
care systems in many countries are furthermore insufficient to fully meet these 
additional care needs 26–28. As such, much of the increase in demand has come 
in the form patients seeking care for low-acuity conditions which do not nec-
essarily require the high-intensity interventions available to care providers 
staffing ambulances and EDs. This group of patients has been well 
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characterized in the literature 4,10,29, and the tools and organization of prehospi-
tal care systems are beginning to adapt to this new landscape.  
 
In the United States, the use of Community Paramedics as a kind of ambula-
tory primary care service has seen adoption, with 78% of respondents to a 
2023 survey reporting some form of Mobile Integrated Health/Community 
Paramedicine project 30. The practice of care provider initiated non-convey-
ance is however rare given that ambulance services are reimbursed only for 
transports to EDs, and the legal risks involved. There have been efforts to ex-
pand the scope of services for which Emergency Medical Service (EMS) pro-
viders are reimbursed to include on-scene care without transport to an ED, 
although the project evaluating this change at the national level was termi-
nated early due to a lack of participation 31. Nonetheless, given the lack of 
universal health insurance coverage in the US, EMS continues to serve as a 
safety-net service, particularly for socioeconomically disadvantaged popula-
tions. Efforts to effectively and safely modulate the level of care provided to 
low-acuity patients thus continue by necessity, driven especially by the pres-
sure placed on EMS systems by the Covid-19 pandemic 32–34. 
 
In Europe, financing is more commonly value-, or budget-based and primary 
care systems are generally functional. As such, non-conveyance, conveyance 
to alternate destinations, and referral by dispatchers to non-emergency care is 
more common. The UK National Health Service (NHS) for instance has un-
dertaken systematic efforts to safely reduce avoidable conveyances 35, and was 
early to fund research on appropriate care pathways for low-acuity patients 
5,36,37. In the NHS England ambulance trust, these sustained efforts have re-
sulted in 17% of callers to the EMD center being referred to non-emergency 
care, and an ambulance non-conveyance rate of 29.7% in 2024 38. This high 
rate of non-conveyance is facilitated by not only a high level of competency 
through the use of paramedic practitioners 39, but also the use of organizational 
adaptations. These include changes in legislation enabling these practitioners 
to directly prescribe medications 40 and effective CDS tools such as the Na-
tional Early Warning Score (NEWS) which is implemented across all NHS 
England ambulance trusts 41. In the Netherlands, the non-conveyance rate in 
2015 was 20.4% in a system based on primarily nurse-staffed ambulances 42. 
Published information in the English language regarding non-conveyance 
rates in other major European countries is scant 4. 
 
In Sweden, the organization of prehospital care reflects the decentralized na-
ture of the healthcare system at large, with each of the 21 regions organizing 
its own prehospital care system. As in the Netherlands, ambulances are staffed 
by at least one nurse, and care practitioners thus have a relatively broad base 
of clinical education to draw upon. Non-conveyance practices are varied, with 
non-conveyance rates across the six regions included in the dataset for Study 
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IV ranging between 10 and 22%. Regions employ a variety of resources to 
appropriately meet patient care needs, including single-responder units for pa-
tient assessment and non-nurse staffed patient transport vehicles 43. The na-
tional emergency number (112) is in most regions managed by a government 
owned corporation (SOS Alarm) which employs dispatchers without formal 
medical education in the primary call taking role 44. Several regions however 
have accommodations with SOS Alarm entailing the use of nurses in a sec-
ondary triage role 45. Four regions as of 2025 (Uppsala, Västmanland, Sörm-
land, and Värmland) handle EMD as an integral part of the ambulance service 
under the moniker Sjukvårdens Larmcentral (SvLc), including the regions 
where the studies in this thesis primarily take place. These employ exclusively 
nurses in the primary call-taking role.  

Prehospital Care Pathways 
To provide a referential framework for the patient flows assumed throughout 
this thesis, an idealized prehospital care system including alternate care path-
ways for low-acuity patients is described below and in Figure 2. In a typical 
prehospital care system, most callers to the emergency phone number will re-
ceive an ambulance response with either a high or low priority and in turn be 
transported by the ambulance to an ED. This is the primary prehospital “chain 
of care”, corresponding to the bolded patient flow in Figure 2. In many modern 
systems this is not the only care pathway available, and a share of patients are 
referred to alternate forms of care after assessment by the dispatch center or 
ambulance. These are denoted by nodes with dotted outlines in Figure 2. These 
alternate types of care can be divided into Alternate prehospital resources 
which can be dispatched to the patient (orange), and alternate forms of defin-
itive care (red). These alternate forms of resources and definitive care can be 
nothing and none, respectively; a determination that no further care is required 
for the time being. Upon being provided some form of definitive care, patients 
will experience an outcome (purple). The most important of these include 
whether and how care was subsequently provided (admission to in-patient care 
being the most commonly evaluated), and survival for some period of time 18. 
Having survived their care episode, patients may re-contact the prehospital- 
or emergency care system, constituting another commonly measured out-
come. “Frequent fliers” who do so often are in fact a popular topic of research 
in and of themselves 46–48. 
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Figure 2 - Diagram of Prehospital care pathways. Green, yellow, and red, nodes rep-
resent the actors a patient may be in contact with throughout a prehospital episode of 
care. Purple nodes represent some outcomes relevant to evaluating prehospital care. 

In this model, the first task of a care provider at the dispatch center is to de-
termine whether a patient has high-acuity condition requiring a high priority 
ambulance response with lights and sirens, termed a “Priority 1” response in 
Sweden. Once the presence of such a condition is ruled out, the provider may 
continue to assess this lower-acuity patient to determine which form of care is 
most appropriate to meet their needs in the most effective manner. The pro-
vider may determine that the patient requires an ambulance, but that driving 
with lights and sirens is not necessary (a “Priority 2” response), that some 
alternate resource (e.g., a mobile physician- or psychiatric team, single-staffed 
transport unit, or even a taxi) will suffice, or that no resource needs to be sent. 
Care providers both at the dispatch center and on the ambulance make similar 
decisions regarding the appropriate level of definitive care. In addition to 
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traditional definitive care at an emergency department, prehospital care pro-
viders may refer patients to a number of non-emergency definitive care op-
tions, including for instance primary- and urgent care centers, direct admission 
to hospital units, and nursing advice lines. 
 
Complicating this picture is the fact that these resources and forms of defini-
tive care may be combined in many ways; it may be that a patient requires 
care at a hospital ED but that no prehospital care is necessary to stabilize the 
patient, and that a taxi is sufficient to facilitate transport. Conversely, a patient 
may require an immediate prehospital intervention, but following treatment in 
the field, no further care is necessary. Thus, multiple dimensions must be con-
sidered by prehospital care providers in assessing the risks and needs of a 
given patient. These low-acuity patients for whom high priority transport via 
ambulance to an ED is not indicated present with a wide array of signs and 
symptoms, often in the context of multi-morbidity and age-related frailty 8,49. 
These patients furthermore often present with non-specific complaints which 
are difficult to differentiate using existing methods 43,49,50. It is the complexity 
within this patient cohort, both in terms of potential treatment pathways and 
clinical presentation, which motivates this doctoral project. 

 
The hand-over of a patient to a definitive care provider or the determination 
that self-care is sufficient to meet the patient’s needs constitutes the end of the 
prehospital care episode. Information about what treatment a patient receives 
following the prehospital care episode is however critical in evaluating and 
improving the prehospital care process. By observing post-handover care pro-
cesses and outcomes, conclusions may be drawn regarding the accuracy of 
decisions made by prehospital care providers. Commonly observed outcomes 
of this type in the literature include the level of care and interventions provided 
by the receiving facility, final diagnoses, subsequent recontact with the pre-
hospital/emergency care system, and patient mortality 13,17,29,43,51. 

Clinical Decision Support tools 
Clinical Decision Support (CDS) systems are today widely used in prehospital 
care. Almost exclusively, these are rule-based expert systems whereby clinical 
domain knowledge is encoded into a set of pre-specified decision rules. These 
systems include both tools for assessing risks within specific clinical cohorts, 
and tools for triaging patients across a broad spectrum of clinical presenta-
tions. Examples of the former include qSOFA and SIRS for screening patients 
for sepsis 52, the Cincinnati (a.k.a. FAST) and NIH stroke scales 53, and sets of 
trauma activation criteria such as those originally promulgated by the Ameri-
can College of Surgeons 54. These condition-specific risk assessment tools are 
of secondary interest in this thesis. 
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CDS systems appropriate for use across the heterogeneous patient populations 
cared for by prehospital care systems are employed at both dispatch centers 
and on ambulances. In the United States and United Kingdom, the Medical 
Priority Dispatching System is the de facto standard for triage at dispatch 55,56. 
In the Scandinavian context, criteria-based systems including the Norwegian 
medical index and its derivatives are most common 57,58. At SvLc an internally 
developed CDS system (Medicinskt Beslutsstöd, or MBS) is used. This expert 
system is based on the Advanced Medical Life Support assessment structure 
which is commonly used in prehospital care internationally 59. The system 
generates a five-level prioritization decision based on an initial patient com-
plaint which is modified by answers to follow-up questions specific to the 
complaint category. Priorities 1A and 1B differentiate between higher- and 
lower-priority lights and sirens responses. Priorities 2A and 2B similarly dif-
ferentiate between ambulance responses travelling according to normal traffic 
rules. If no findings indicating a need for prehospital care are identified using 
the system, a referral is recommended. Given the relatively high level of edu-
cation of the users, wide latitude is given to deviate from the priority recom-
mendation based on their clinical judgement of the situation 60. 

 
The most commonly used triage system among Swedish ambulance services 
is the Rapid Emergency Triage and Treatment System (RETTS), which com-
bines a clinical symptom categorization with a vital sign scoring system, re-
sulting in a five-level prioritization scale 61. Perhaps the most internationally 
popular general-purpose risk assessment tool is NEWS, which was originally 
developed in the United Kingdom to predict clinical deterioration in the hos-
pital setting. It has since been validated in a variety of settings including pre-
hospital care 62–64. Unlike RETTS, NEWS is entirely based on vital signs 
which are routinely collected by ambulance crews, and thus can be calculated 
based on retrospectively collected data. This, along with its ubiquity in the 
literature, makes it an ideal candidate for comparative evaluations of new ap-
proaches to risk assessment.  

 
Recently, risk assessment tools based on statistical methods including Ma-
chine Learning (ML) have become popular. The application of ML to pre-
hospital triage typically entails predicting whether some outcome will occur 
for a given patient and using the predicted probability of that outcome as the 
basis for decision rules. Only a few cases of ML-based triage are known to the 
author to be in active use in prehospital or emergency care. In 2018, Levin et 
al. published a retrospective validation of a ML-based CDS system for use at 
EDs 13,65, and a non-randomized evaluation of this tool in clinical practice was 
recently published 66. In Denmark, a ML-based system to identify cardiac ar-
rest was validated as outperforming human dispatchers in retrospective data, 
but a randomized trial failed to identify a significant improvement in identifi-
cation time 14,67. Nonetheless it is reported to be in clinical use at dispatch 
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centers 68. There is also a relatively large number of recent retrospective vali-
dation studies reporting positive theoretical results 15,69–73. More broadly, ML-
based CDS have begun to see some clinical use, particularly in the field of 
image processing and the analysis of electronic medical records. There is how-
ever growing concern that many commercially available ML-based tools have 
not been validated sufficiently, and the extent to which such products are ac-
tually used in clinical practice is often unclear 74,75. 

Quality in Prehospital Care 
Healthcare quality is a complex and multifaceted concept and may also be 
defined and measured in a variety of ways. Perhaps the most ubiquitous model 
for understanding healthcare quality was established by Avedis Donabedian 
in the 1980s. This model proposes three categories of quality measures: Struc-
tures, Processes, and Outcomes. Measures of structural quality assess the set-
tings and preconditions for providing care; in the context of prehospital care 
this might be the number of ambulances available per capita, or the training 
of care providers. Measures of processes quality evaluate the care processes 
that are thought to contribute to beneficial patient outcomes, for instance am-
bulance response times and adherence to protocols. Measures of outcome 
quality then represent the ultimate goals of healthcare: Rates of subsequent 
patient mortality or satisfaction for instance. These three categories of quality 
are considered causally linked, with the structure of the care system impacting 
care processes, which in turn impact patient outcomes. 76 
 
Assessment of quality in prehospital care has traditionally been focused on 
measuring process quality. Ambulance response times are the predominant 
metric of prehospital care system performance outside of academia, and are 
often highlighted in the media as a measure of quality 77–79. Response times 
are, as suggested by Donabedian’s theory, strongly impacted by structural fac-
tors such as per capita ambulance density, geography, and clinical practices. 
The association of this metric with patient outcomes such as mortality is how-
ever surprisingly tenuous 80–84, with important exceptions including responses 
to cardiac arrest 85–87 and severe/penetrating trauma 88,89. Other common pro-
cess measures include protocol adherence, documentation completeness, ap-
propriate intervention delivery, and agreement between care providers at dif-
ferent stages of the chain of care 90. 
 
Mortality is often considered the “gold standard” of patient outcomes given 
its objectivity, but it can be difficult to apply as a measure of quality for a 
number of reasons. As noted above, mortality can be difficult to impact using 
the tools available to prehospital care providers outside of a narrow set of pa-
tient conditions. Mortality is furthermore substantially impacted by clinical 
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and demographic characteristics, and is thus subject to substantial confound-
ing and selection bias outside the setting of a randomised trial. The use of 
survival as a measure of quality has thus traditionally been limited to specific 
high-acuity conditions where death is common such as cardiac arrest 80,87,91. 
 
As the practice of ambulance non-conveyance becomes more widespread, out-
come measures suited to the assessment of low-acuity patients have been in-
creasingly investigated. In a review of outcome measures used in this context, 
mortality was found to be the most frequently investigated outcome, despite the 
above issues. Beyond mortality, the majority of outcomes in the literature were 
found to be based on subsequent contacts by the patient with the healthcare sys-
tem, for instance hospital admission or re-contact with the ambulance service 18. 
The method by which care providers are thought to impact these outcomes is 
not the effectiveness of their interventions per se. Instead, it is expected that care 
providers will identify patients at high risk for e.g. mortality or admission and 
convey them to a hospital. As such, these measures generally seek to evaluate 
the ability of care providers to accurately determine the level of care required 
by a given patient. The focus of outcome measures in this context is furthermore 
generally on the direct patient safety hazards associated with underestimating 
the severity of the patient’s condition, or “under-triage”. The consequences of 
the inverse error of “over-triage” is felt primarily at the system level on down-
stream care providers in the form of overburdened EMS systems and ED over-
crowding 32,92,93. It is thus the ability of care providers to determine the appro-
priate level of care which has come to dominate the evaluation of care quality 
with regards to low-acuity patients. 

Decisional Capacity 
In this thesis, the term “decisional capacity” is used to denote the ability of a 
care provider to accurately assess patient care needs in a given context. This 
capacity can be influenced by a wide variety of factors. The extent of a care 
providers education, training, and experience is for instance thought to affect 
decisional capacity, although there is little high-quality evidence that this is 
the case 94,95. It is also likely that idiosyncratic factors such as a care provider’s 
own degree of risk tolerance impacts decision-making: The nurses investi-
gated in study II for instance ranged from 3 – 41% in the proportion of patients 
referred to non-emergency care. Beyond the individual characteristics of care 
providers, organizational and contextual factors such as clinical guidelines, 
available assessment tools, and the fundamental setting (i.e. remote, on-scene, 
or in-hospital) in which the care is provided have a substantial impact on de-
cisional capacity.  
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While not generally articulated as such, one assumption regarding the deci-
sional capacity of care providers is foundational to outcome measurement in 
prehospital care. This is the assumption that as a patient progresses along the 
prehospital chain of care, the decisional capacity of care providers increases. 
That is to say, the decisions of care providers earlier in the chain of care can 
be judged using the decisions, assessments, and interventions of care provid-
ers further along the chain. It is for instance common to consider a patient 
assessed by an ambulance care provider as requiring high-priority transport to 
a hospital as having been under-triaged by dispatch if the ambulance was sent 
with a low priority 96,97. Similarly, decisions made by paramedics on scene are 
often judged by the determinations made by physicians at the hospital 98,99. 
Given a steadily increasing level of education and available assessment tools, 
e.g. sight, touch, and vital signs on the ambulance, blood tests and radiological 
imaging at the hospital, this assumption would seem to hold. However, as the 
levels of competency and assessment tools available in early phases of the 
prehospital chain of care increase, the question is muddied: Does a physician 
over the phone have a greater or lesser capacity to determine a patient’s level 
of care need than a nurse at the patient’s bedside? While assuming an increas-
ing decisional capacity would seem to hold by and large given the current state 
of prehospital systems, this assumption must be considered in selecting out-
come measures related to care provider decisions. 
 
A quantitative expression of this assumption may be found in the generally 
decreasing rates of high-priority transport as the patient moves along the chain 
of care. In the dataset used in study IV for instance, 45% of patients received 
an ambulance with a lights and sirens response, while only 16% were trans-
ported to an ED with lights and sirens. Some patients may have received sta-
bilizing treatments resulting in a reduced level of urgency, but the bulk of this 
difference is due to over-triage at dispatch stemming from the lower degree of 
decisional capacity inherent to the triage of patients over the telephone. The 
goal of enhancing decisional capacity in this setting can be expressed in terms 
of shrinking the margin of safety rendered necessary by the uncertainty about 
the patient’s true condition at each point along the prehospital chain of care. 

Evaluation 
In evaluating the decisional capacity of a care provider or decision-making 
system, a number of aspects must be considered. For the purpose of this thesis, 
we define four general categories of concern. The Alignment of a system con-
cerns the degree to which the goals of the system as operationalized coincide 
with the intended goals of the system. The Performance of a system concerns 
the precision with which the system achieves these operationalized goals. The 
Generality of a system (analogous to robustness or transferability) concerns 
the extent to which a system maintains its performance in new settings. 
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Finally, the Fairness of a system concerns its ability to make decisions which 
are unbiased across groups of patients. While these properties have some ap-
plication to the measurement of decision-making processes in general, the fol-
lowing sections will be primarily concerned with the application of these con-
cepts to CDS systems and the development of risk prediction models. 

Alignment 
Alignment is a term used to describe the extent to which the goals of a system 
match those which the designers of the system intend it to have 100. The term 
is drawn from the emerging field of AI safety research, which tends to focus 
the potential consequences of misalignment in super-intelligent autonomous 
systems 101. Problems relating to alignment are however already apparent in 
existing CDS systems. The heterogeneity of clinical presentations within pre-
hospital care entails a particular difficulty in defining the need for prehospital 
care in terms of measurable quantities. This contributes to the wide range of 
outcomes used in the literature 17,18,102–104.  
 
As discussed previously, outcome measures are often based on the assumption 
that assessments made by care providers further along the chain of prehospital 
care can be considered a standard against which earlier decisions can be eval-
uated 97,105. It is however difficult to conceive of such a healthcare utilization 
measure which perfectly corresponds with a prehospital decision. In study I 
for instance, hospital admission within 72 hours was considered as a reasona-
ble measure by which the decision to refer a patient to non-emergency care 
could be measured. While it is reasonable to assume that there is some corre-
lation between hospital admission and emergency care need, it is not reason-
able to assume that all patients admitted to the hospital required an ambulance 
response and vice versa. Thus, while hospital admission may be an appropriate 
proxy measure for ambulance need, it is not perfectly aligned with the need 
for an ambulance. This gap between our true and operationalized goals will 
lead some degree of error if, for instance, a prediction model for hospital ad-
mission is used to prioritize ambulance responses. Problems relating to align-
ment in this context thus occur primarily due to the difficulty of operational-
izing our true latent and often poorly defined goals in terms of measurable 
quantities. These issues are exacerbated by the subjective nature of many 
healthcare decisions: Different physicians may for example come to different 
conclusions about whether a patient needs to be admitted to in-patient care. 
This results in measurement errors with respect to the patients true underlying 
need for hospital care which are problematic in terms of alignment if they are 
not randomly distributed. 
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Mortality is commonly used to validate prehospital risk scores, and is rightly 
held forth as an objective measure of patient outcome 52,62. Its use as an out-
come in training predictive models may however also lead to particularly trou-
blesome issues relating to alignment. Consider that the goal of the prehospital 
care system is to prioritize providing interventions which prevent death. To 
the extent these interventions are effective, the apparent mortality rate among 
patients receiving an ambulance will be lower than it would be in the counter-
factual case of not receiving an ambulance. It is in fact precisely those patients 
whose deaths can be prevented that we would like to prioritize the most. We 
are however typically not able to directly observe these counterfactual deaths 
in retrospective data since the patients we have data on received an ambulance. 
These relationships are illustrated by Figure 3 below:  
 

This figure illustrates 
how observed out-
comes are a product of 
(at least) two distinct 
causal pathways, one 
relating the underlying 
risk of the outcome oc-
curring without inter-
vention, and another 
relating to the effect of 
those interventions. If 
a model were naively 
developed to predict 
observed mortality and 
used to prioritize am-
bulance responses, the 

model estimate would be biased by the life-saving interventions provided by 
the ambulance. The model would thus tend to prioritize patients whose death 
is unavoidable over patients who can be saved by a prompt ambulance re-
sponse. This issue arises as our true goal entails asking related to counterfac-
tual mortality, i.e.: “What is the likelihood of dying given if no interventions 
are performed?”, whereas our measure of mortality as operationalized include 
the effect of ambulance interventions. These issues are often side-stepped by 
focusing on predictive- rather than causal modelling 106, but it cannot be ig-
nored if clinical risk prediction models are to see widespread deployment. Ad-
dressing such causal questions is an unsolved problem and the topic of active 
research 107,108. The outcome compositing approach described later constitutes 
one possible approach to mitigating sources bias arising from the fundamental 
difficulties in answering such causal questions. 
  

Figure 3- Graph of causal relationships. The relationship
between the nodes denoted by a red outline is the relation-
ship we are interested in measuring. Green backgrounds 
indicate observed outcomes, white backgrounds indicate
unobserved outcomes. 
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Performance 
Performance is here considered the ability of a system to predict a given out-
come within the context it was developed. The outcomes investigated in the 
literature on prehospital and emergency care as described above are often bi-
nary. Studies on prehospital triage often seek to evaluate decisions with re-
spect to over-triage and/or under-triage, i.e. overestimating/underestimating 
the true acuity of the patient’s condition 13,109. The costs associated with these 
errors are generally recognized to be unequal – It is for instance generally 
considered worse to miss a case of true ambulance need than to send an am-
bulance unnecessarily 110. The precise relative costs of over- and under-triage 
are however unclear and may vary depending on circumstances.  

 
While the ultimate decisions made in healthcare are often binary, the degree 
of confidence with which they are made is not. A binary decision can be 
thought of as the level of confidence in a decision crossing some threshold in 
the mind of the decision maker, including some margin of safety as discussed 
previously. This can be considered in the context of a call to the EMD center: 
At the beginning of the call, the care provider has no information about the 
caller’s condition, and proceeds to interview the patient. At some point, the 
provider concludes that they have sufficient information and makes a decision. 
The confidence with which a decision was made is however not typically 
available in medical records and is often only captured in the context of sci-
entific studies 111. 

 
Many decision support tools make these confidence levels explicit by gener-
ating continuous- or ordinal-scaled risk estimates: NEWS for instance results 
in a risk score between 0 and 21 112. Most statistical methods for predicting 
binary outcomes similarly result in a continuous estimate of the probability of 
the outcome occurring, which is then converted to a binary class prediction by 
comparing the estimate to some threshold value. This threshold is selected to 
correspond to some desired trade-off between e.g. sensitivity and specificity. 
The overall ability to discern between higher- and lower-risk patients without 
reference to specific threshold values is referred to as its discriminatory power 
or discrimination. Given our interest in evaluating the overall performance of 
ML models rather than their ability to make specific decisions, comparing the 
discrimination of various methods was the preferred approach performance in 
studies III-IV. This is however not the only method available for evaluating 
the value of continuous risk scores: Decision curve analysis for instance al-
lows a researcher to determine appropriate threshold values based on the rel-
ative costs of false negative and false positive cases 113. In addition to a high 
degree of discriminatory power, the predictions of a well-performing system 
should correspond to the true probability of the outcome occurring. The prop-
erty is denoted at the system’s calibration.  
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While the methods described above apply to any decision-making process, 
evaluating the performance of complex ML models such as those employed 
in this project involves some additional issues. The simple models typically 
used to answer research questions (e.g. regression models with a small number 
of parameters in relation to the number of observations) tend to have a low 
risk of “over-fitting” the data they were trained on. This phenomenon entails 
a model fitting to statistical noise or irrelevant patterns which happen to be 
present in a sample, rather than the true data generating process present in the 
full population. Prediction errors due to variance arise from this which are 
typically estimated and accounted for when reporting results through the use 
of hold-out samples, bootstrapping, or cross-validation 114. These approaches 
establish the validity of a given model with regards to the population repre-
sented by the sample it was trained on, but not necessarily the ability to gen-
eralize to new populations. 

Generality 
Predictive models are invariably developed based on retrospective data in a 
specific setting but can only be applied prospectively. This entails a conun-
drum as no model can be guaranteed to maintain its predictive value over time, 
nor can it be guaranteed to function in new settings. Furthermore, as a model 
grows in terms of the number of included predictors and parameters, the risk 
also grows that it will capture idiosyncratic patterns which vary across time 
and between settings. Confidence in the ability of a model to maintain its pre-
dictive value over time and be resistant to “concept drift” as well as to system 
shocks such as pandemics must therefore be built empirically 115. If one has 
the aim of using models in settings where data to train prediction models is 
not available, then confidence must also be built that the model maintains its 
performance when extended to new settings of a similar type.  
 
Demonstrating the generality of a risk prediction model in terms of these 
features is thus crucial to ensuring the safety of decision support systems, 
especially those based on complex predictive models, when they are applied 
continually over time in a given setting, and extended to new settings. The 
former can be evaluated for instance by testing model performance in pro-
spectively gathered data as done in study III, while evaluating the latter re-
quired testing the performance of the models in new contexts, which was the 
aim of study IV. 

Fairness 
It must further be ensured that decisions are made fairly across various sub-
groups of patients, particularly with regards to vulnerable groups in the popu-
lation in terms of gender, age, ethnicity, and socioeconomic status. As predic-
tive models use data regarding historical patient assessments and outcomes, 
any biases present in past decisions will thus be “baked in” to prospectively 
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applied risk prediction models. While it is generally agreed that models ought 
to be fair, there is substantial debate in the literature regarding how to achieve 
or even measure fairness 116,117. Considering fairness purely in terms of the 
distribution of risk predictions and outcomes, it may be evaluated in terms of 
the equality of treatment or the equality of outcomes. In other words, should 
the predictions have a similar interpretation (i.e. be well-calibrated) across 
groups, or should the predictions result in similar outcomes (i.e. have levels 
of sensitivity and specificity) across groups? These two goals are mutually 
exclusive, and any post hoc adjustments of model predictions to improve one 
will result in a degradation of the other 118. This situation is further compli-
cated by the fact that the patient characteristics we believe may be subject to 
undesirable bias are often also associated with the health status of the patient. 
We may for instance worry that men are taken more seriously than women 
calling the emergency number (i.e. that there is some bias on the part of dis-
patchers we wish to remove).  Male sex is however also likely an independent 
predictor of mortality given shorter life-spans, greater risk-taking behaviors 
119,120, and selection effects stemming from differing propensities to contact 
emergency hotlines. 121 Separating appropriate from inappropriate sources of 
bias is likely requires delving beyond the analysis of predicted outcomes to 
identify the underlying causal models resulting in those predictions. This is a 
difficult problem to be sure, and is the topic of substantial ongoing research 
107,122,123. 

Enhancement 
In this thesis, two data-driven approaches to enhancing decisional capacity are 
considered. The first is the delivery of personalized feedback reports to care 
providers, and the second is the use of risk prediction models as clinical deci-
sion support tools. This section will provide a general background on the the-
ory and context of these interventions, while their implementation is described 
later in the thesis. 

Feedback 
A lack of feedback to care providers regarding outcomes for their patients is 
often cited as a barrier to achieving optimal decision-making in the prehospital 
settings 95,124. In many prehospital care systems, ambulance services and the 
hospitals to which patients are handed over are not integrated, and information 
regarding patient outcomes must often be sought out by care providers on an 
ad hoc basis. Care providers are thus rarely able to gauge whether the assump-
tions made regarding the condition of specific patients were correct. Care pro-
viders also have little ability to compare their behavior to that of their col-
leagues in a quantitative manner. Behavior change theory suggests that both 
of these are key components of learning 125. 
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To address this deficit, feedback on the performance of care providers can be 
provided. In prehospital care, this can take the form of qualitative discussions 
(e.g. post-event debriefings), performance data delivered to care providers, or 
some combination of thereof. Often, feedback interventions are directed to-
wards improving care within specific clinical categories, e.g. cardiac arrest, 
stroke, or trauma. The effects of such interventions have generally been found 
to be moderate, with the strongest impacts being found on measures of process 
quality such as documentation and protocol adherence. 124,126  
 
The literature suggests a number of considerations which contribute to achiev-
ing effective clinical feedback interventions 124,127,128. The most comprehen-
sive framework is Clinical Performance Feedback Intervention Theory which 
synthesizes a set of high-confidence findings into a feedback cycle consisting 
of a set of mechanisms necessary for successful feedback delivery 128. The lit-
erature suggests that feedback should ideally be timely; delivered in close prox-
imity to the event, and credible; transparent, statistically accurate and delivered 
by trusted sources. The information presented in a feedback report should be 
displayed both visually and in numerical form, with a minimum of complexity, 
and be accompanied by an appropriate reference measure. The intent of provid-
ing the feedback should be clear, and specific recommendations for action 
should be provided 127. Many of these considerations were taken into account in 
designing the feedback intervention described in study II. 

Clinical Decision Support 
Studies III – V in this thesis are directed towards developing tools to provide 
prospective decision support to care providers. A CDS will generally consist 
of some underlying engine for generating recommendations, and an interface 
for presenting the recommendations to the user 129,130. The studies involved in 
this thesis are primarily concerned with developing and evaluating the engines 
used in CDS systems. Nonetheless, particularly in study V consideration had 
to be given to the mechanisms by which CDS influences care providers. In 
qualitative research, CDS was considered particularly useful in rare situations, 
and in situations involving patients with unclear or vague symptoms. Dis-
patchers are also under substantial time pressure to make decisions, which 
must be considered in designing appropriate CDS systems 60.  
 
Whereas the basis for recommendations made by traditional knowledge-based 
CDS systems are relatively simple to communicate, communicating the fac-
tors contributing to recommendations made by more complex machine learn-
ing-based systems is a challenge. As such, the explainability of risk prediction 
models has come to the forefront as a topic of research and has been sug-
gested as a key to ensuring the reliability and usefulness of CDS. Explaina-
bility as a concept may be relevant at several levels, from estimating 
measures of variable importance for model development and validation, to 
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generating explanations for end users regarding individual predictions 131. 
These factors must also be considered in the context of the already high cog-
nitive load placed on care providers, and an excess of information perceived 
to be irrelevant may result in “alert fatigue”, reducing the impact of CDS and 
potentially the overall decisional capacity of care providers. Taken together, 
these factors and discussions with users pointed towards developing a rather 
minimalistic interface for the CDS tool under study, minimizing the number 
of interactions necessary to include patients, and limiting the amount of infor-
mation provided to users regarding model assessments. 
 
In providing this type of decision support we seek to offload some of the cog-
nitive burden placed on care providers. Care should be taken in considering 
exactly what burdens we are lifting. Whereas medicine often involves rela-
tively intricate diagnostic decision-making, prehospital triage rather involves 
ruling out emergent conditions with a sufficient degree of confidence. In this 
sense, risk prediction models are a good fit. Nonetheless, it is important to 
recognize that statistical models are, to borrow a term, golems – single minded 
creatures created through wizardry, dedicated entirely and unflinchingly to a 
task set out before them 132. Our model may thus accurately predict some out-
come, but it remains the task of the human care provider to interpret the pre-
diction in the context of an individual patient. In developing interventions us-
ing prediction models, we should strive to identify the strengths and weak-
nesses of human and algorithmic decision-making processes. Prediction mod-
els are highly capable in terms of rapidly reducing subtle patterns in large 
amounts of information to simple quantitative measures. It is however argua-
bly the hallmark of human-level intelligence to operate flexibly across multi-
ple levels of reasoning, jumping out of a given system of logic as deemed 
appropriate 133. A model cannot itself reason about factors outside of the 
model, and as such a human must remain as our final defense against the in-
evitable misalignment of such tools with our underlying goals. As machine 
learning systems become increasingly substantial and able to embed ever more 
layers of isomorphism to reality within their parameters, this differential apti-
tude for “out-of-system” thinking may perhaps erode. Whether such develop-
ments entail an increased or decreased need for human oversight only time 
will tell. Perhaps we will know the answer only after our course in this regard 
is irreversibly set. 
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Methods 

Data Sources and Collection 
Obtaining the data necessary to characterize the prehospital care decision pro-
cess is often a major barrier to performing prehospital research 134. There are 
two general approaches to gathering retrospective quantitative outcome data. 
These are manual abstraction through review of medical records and auto-
mated extraction from electronic medical record systems. The former is often 
employed when the desired variables are difficult to define, require some hu-
man judgement to assess, or when variables must be drawn from unstructured 
data such as text or audio recordings. Manual abstraction may also be neces-
sary when a technical data linkage between various sources simply is not 
available, as was the case when the data collection for study I was performed. 
While manual review has some comparative advantages, it is time-intensive 
and not a feasible approach to gathering the large amounts of data necessary 
to develop machine learning models such as those investigated in this project. 
The learnings from study I were therefore used to define the technical speci-
fications for the automated extraction process upon which the dataset used in 
the remainder of the studies are based.  

 
For the Uppsala and Västmanland regional prehospital care systems, data from 
all parts of the prehospital chain of care described previously in Figure 2 is 
available via regional quality assurance systems. These combine information 
gathered from the Alitis® dispatching system, Mobimed® ambulance elec-
tronic patient care report system, and Cosmic® regional medical record sys-
tem. The availability of these data enables patients to be followed from the 
point of contact with the dispatch center to discharge from hospital. Data from 
the dispatching system is first linked deterministically with ambulance journal 
records based on a common case identifier. The patient’s national Personal 
Identification Number (PIN) as recorded from these sources is then used to 
search the regional medical record system for the first physical healthcare con-
tact within 72 hours of contact with the prehospital care system.  
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This approach was used to gather the data for studies II, III and V, while study 
IV involved the development of a variable specification document which was 
based on the data extraction performed in Uppsala and Västmanland. This was 
then distributed to the participating regions and extracted locally by regional 
staff and delivered to the research group in a pseudonymized format. 

Feedback 
The provision of routine feedback to care providers was identified as a poten-
tial simple and low-cost avenue for improving decisional capacity at both 
EMD centers and ambulance services. An intervention was thus designed 
whereby each month, every dispatch nurse at SvLc handling a sufficient num-
ber of patient calls (at least 50) received a feedback report via email. The re-
ports contain a set of 14 indicator values divided into descriptive, process, and 
outcome measures. Each measure was presented visually and in text, with a 
reference group consisting of other nurses at the same dispatch center. The 
performance metrics were visualized as seen in Figure 4 below:  
 

 
Figure 4 - Example feedback visualization. Red line and values denote results for the 
individual nurse, grey area and line indicated the interquartile range and median for 
other nurses. 

Whereas process and outcome measures had a desired direction (e.g. high for 
documentation completeness, and low for under-triage rates), descriptive 
measures (e.g. the proportion of priority 1 dispatches) were provided without 
a specified “correct” direction or level, but rather intended to enable providers 
to gauge their own relative level of risk-taking regarding e.g. priority setting. 
In selecting the measures, care was taken to achieve balance by including both 
measures of over- and under-triage. Prior to their automated distribution via 
email, the reports and the included measures were reviewed and modified in 
staff meetings. Automatic monthly distribution was preceded by the use of the 
reports in yearly staff review meetings where care providers were given the 
opportunity to discuss the measures at each site. 
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Statistical Learning 
The risk prediction models applied in studies III-V of this thesis are generally 
considered to be a form of Machine Learning (ML). This is a label can refer to 
a wide variety of methods, which can be generally divided into methods for 
supervised and unsupervised learning. Supervised learning methods are those 
which seek to predict the value of an outcome based on some set of inputs. Un-
supervised methods instead seek to identify associations within the inputs. 114  

Unsupervised Methods 
This thesis is primarily concerned with supervised learning methods, with an 
important exception being the image printed on its cover. Unsupervised sta-
tistical methods are commonly employed to e.g. identify clusters in data, re-
duce the dimensionality (i.e. the number of variables) of data while maintain-
ing information, or generate synthetic datasets 135. The cover image represents 
the results of applying a Principal Component Analysis (PCA) on the data 
used in study IV. PCA is a dimensionality reduction technique which performs 
a linear transformation of the data into a new coordinate space such that the 
largest amount of variation in the data is captured by the smallest possible 
number of dimensions 136.  
 
In the case of the cover image, 44 input variables are represented by 2 dimen-
sions (the x and y axes) which together capture ~20% of the variation in the 
dataset. Each point represents a single ambulance mission which by virtue of 
the linear transformation lies near other missions with similar variable values. 
Finally, to give the figure some pizazz each mission was coloured based on its 
NEWS score. While omitted from the cover image for the sake of maximizing 
its beauty, the eigenvalue or “direction” of each included variable may be in-
cluded for interpretation as in figure 5. 
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Figure 5 - Principal Component Analysis of data from study IV with labelled eigen-
vectors for a selection of variables with varimax rotation 

As with other unsupervised learning techniques, this plot has no intrinsic 
meaning, but must be imbued with one by the viewer. There are at least two 
striking features of this plot worth noting. The first is that the vast majority of 
ambulance missions are arrayed in a diagonal band from bottom to top right, 
with a smattering of missions drawn up and to the left. The second is that the 
variables associated with missions pulled to the left are associated with true 
emergencies: Reduced patient consciousness, hospital critical care, perfor-
mance of CPR, and mortality. Variables associated with missions pulled to the 
right are instead indicators of more substantial demand for definitive care: 
Hospital admission, administration of medications or oxygen, and patient age, 
for example. One interpretation of these features could be that patients with 
true emergencies which require the full capabilities of ambulance care provid-
ers are rare as suggested by the sparsity of patients pulled left. Within the pop-
ulation of non-emergency patients, there is furthermore substantial variation 
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regarding the need for definitive care. While such interpretations are qualita-
tive, this sense of multiple dimensions of patient care need motivates and un-
derpins parts of the outcome compositing approach described later. 

Supervised Methods 
Within the scope of supervised learning, a further differentiation may be made 
between parametric and algorithmic methods, using the terminology of Leo 
Breiman 137. Parametric methods are those which have a finite set of parame-
ters chosen based on a data model selected a priori. These are then adjusted 
to optimize predictions within the confines of that model, typically through 
some iterative loss minimization or likelihood maximization method. These 
methods range from traditional linear regression models to more sophisticated 
methods including regularization, non-linear parameters, hierarchal data 
structures, etc. Relatively simple parametric models have the benefit of a high 
degree of interpretability with respect to their parameter coefficients. They are 
therefore commonly used in analytical applications where the coefficent esti-
mates themselves are of interest, such as the multiple regression models used 
in studies I and II.  
 
Algorithmic approaches to machine learning involve methods which no not 
assume a specific data model, and as such make fewer assumptions regarding 
the properties of the data operated upon. Rather, the inference process can be 
said to emerge from the data, making the methods highly flexible and thus 
well suited to prediction tasks across many domains. This flexibility comes at 
the cost of less innate interpretability, a potentially reduced ability to general-
ize, and a greater demand on computational power. While technically para-
metric, modern neural network architectures have a number of parameters 
ranging in the billions, rendering them so flexible as to be effectively an algo-
rithmic method. Some of the most popular algorithmic approaches to super-
vised machine learning for structured data of the type employed in this thesis 
involve the generation of ensembles of prediction models, typically number-
ing in the thousands. Random forest models for instance train relatively deep 
decision trees on random subsamples of data which then “vote” to predict the 
likely outcome for a given case, using the multiplicity of trees to reduce the 
variance (i.e. error stemming from the limited sample size) of the estimate. 
Gradient boosting models on the other hand train relatively shallow decision 
trees in sequence, with each new tree operating on the errors of the previous 
trees, thus reducing bias (i.e. error due to lack of flexibility in the model) 114. 
The latter approach, specifically as implemented in the XGBoost package 138 
is the mainstay of the risk prediction models evaluated in studies III-V. 
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The methodological gulf between these two approaches has led to what 
Breiman termed the “two cultures” of statistical modelling. 137 Statisticians 
tend to be more comfortable assuming that data is generated by a given statis-
tically well-defined process, testing those assumptions, and making predic-
tions based on extending those assumptions to new data. Models based on 
assumed data structures are thus parsimonious, relatively robust, and useful 
for answering specific research questions given a correctly assumed data gen-
erating process. Fields outside of statistics, in particular computer science, 
have meanwhile embraced algorithmic modelling, taking advantage of mod-
ern computing power to accomplish prediction tasks which had previously not 
been possible to address using traditional data modelling. Each of these ap-
proaches in useful in answering questions of different types, as reflected in 
their application to various tasks in this thesis. 

Implementation 
Studies III-V are all focused on the development, validation, and clinical eval-
uation of a common ML-based risk assessment tool. The general approach has 
been to first develop a model and perform the study analysis using the R pro-
gramming language. Once the study was completed, the models were then re-
implemented using Python, and published on GitHub as part of openTriage 
139. openTriage is an open source software package developed by the author 
primarily in Python which implements the functionality necessary to train ma-
chine learning models and serve model predictions to third-party systems via 
an Application programming Interface (API) 139. It consists of a core set of 
functionality common to a broad set of risk prediction problems in the 
healthcare domain, and “frameworks” which can be activated to enable func-
tionality related to a specific application. The methods used in studies III-V of 
this thesis are thus implemented as frameworks in the openTriage software 
and are publicly available, although the trained models used to evaluate dis-
patch data are not currently public due to intellectual property restrictions sur-
rounding the CDS system used at the dispatch center. While a number of meth-
ods have been explored, all currently implemented frameworks are based on 
tree-based gradient boosting algorithm using XGBoost 138. Additional func-
tionality related to hyperparameter tuning using Bayesian optimization 140 and 
user interfaces including model prediction explanations using Shapley values 
141 are also implemented in openTriage. A user interface demonstrating a risk 
scoring model based on ambulance vital signs as used in study IV may be 
found online at https://opentriage.net/ui/vitals. While standard methods and 
well-validated software tools are used in developing the models themselves, 
these estimates are then combined into composite risk scores in a novel way 
which requires some justification. 
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Outcome Compositing 
In this thesis, it is argued that bias due to misalignment can be mitigated 
through the use of composite outcomes and model aggregation. Composite 
outcome scores have a long albeit controversial history of use in the evaluation 
of randomized clinical trials and healthcare quality. While the use of a com-
posite outcome may improve the face validity of an outcome or reduce bias, 
they are also argued to potentially mask findings in the component variables 
in randomized control trials 142,143. A multi-stage process is proposed, whereby 
composite outcomes are first defined to represent distinct and recognizable 
aspects of patient risk, with components selected to mitigate misalignment as 
described previously. After estimating models to predict these outcomes, they 
are then weighted and aggregated to align with specific decision-making pro-
cesses based on clinical domain knowledge or correspondence with existing 
risk assessment tools. 

 
Compositing is proposed at two stages in the modelling process: Pre-estima-
tion and post-estimation. By pre-estimation compositing is meant the com-
mon practice of combining multiple variables into a single outcome. Post-
estimation compositing is more novel and consists of combining the results 
of several estimated models into a single composite score. Studies of models 
based on post estimation compositing are rare, though a simple composite 
score has been previously used for triage in the emergency department set-
ting 13. Averaging the predictions of multiple risk prediction models for the 
same outcome is also a common approach to improving machine learning 
model performance 114. 

 
The goal of pre-estimation compositing is to define an unbiased measure of 
some property of a patient’s condition which is recognizable and clinically 
relevant to the users of the system. By training separate models for each of 
these elements separately, interpretable risk estimates for each can be pro-
vided to the end users of the system. Pre-estimation compositing can also be 
used to address problems of missing data common in prehospital care 144. 
While ambulance care providers may for instance forget to document a single 
intervention, they are less likely to forget to document all of their interven-
tions. A composite outcome based on the documentation of any one of several 
interventions is thus argued to be more robust to missing data in the form of 
omissions resulting in false negative predictors. 

 
Decisions in prehospital care must often be made under substantial time pres-
sure, and care providers do not always have time to carefully weigh the various 
risks associated with multiple outcomes and consider them in light of the de-
cision at hand. After defining a set of relevant composite outcome measures, 
a method was therefore devised to quantify value judgements made by the 
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clinical leadership about the importance of various outcome measures to a 
given decision. While factor analytical techniques for instance can be useful 
in understanding the relationships between the available data, ultimately a 
clinical value judgement about the importance of each outcome must be made.  
In study III, this was done merely to illustrate the impact of the process on 
model performance with no specific application in mind. In study V however, 
we sought to support a specific decision, namely: Out of a given set of low-
acuity patients awaiting an ambulance, which patient has the most immediate 
need of an ambulance response? For this task, a single value representing am-
bulance need had to be generated which would be valid in the context of com-
paring risks across the heterogeneous patient population served by the dis-
patch center. The proposed process of generating composite risk scores is re-
capitulated below, using the considerations involved in defining the composite 
outcome applied in study V as an illustration: 

 
1. Identify relevant outcome measures 

To quantify the need for an ambulance, outcome measures were se-
lected based on those used in study III. These included both data from 
ambulance records and hospital outcomes. Outcome measures with a 
poor correlation with overall patient acuity (e.g. immobilization by 
ambulance crews), or low rates of documentation (e.g. findings from 
secondary assessments) were discarded. 
 

2. Define pre-estimation composite outcomes 
Exploratory and confirmatory factor analysis combined with domain 
knowledge was used to generate composite outcome measures based 
on the selected outcome measures. Variables were combined into four 
distinct composite outcomes representing coherent aspects of pre-
hospital care need: 1) Initial assessment (abnormal airway, breathing, 
circulation, or consciousness findings by ambulance), 2) ambulance 
prioritization (lights & sirens transport to hospital or critical initial 
impression by ambulance), 3) ambulance interventions (administra-
tion of medications, IV catheterization, CPR, oxygen administration, 
or pre-arrival notification), and 4) hospital outcome (hospital admis-
sion or mortality within 30-days). 
 

3. Define post-estimation composite weights 
A weight was assigned to each of the composite outcomes based on a 
factor analysis, regression using NEWS scores as the dependent vari-
able, and clinical judgement. We considered the initial assessment of 
the patient to be the most important factor and assigned it a weight of 
4. Ambulance prioritization was considered the next most important 
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and assigned a weight of 2. Both ambulance interventions and hospital 
outcomes were assigned a weight of 1. 
 

4. Define post-estimation composite function  
The variance of the predicted values for each of the composite 
measures differed, with the variance of estimates of balanced out-
comes (i.e. those with closer to 50% prevalence) exceeding estimates 
of unbalanced outcomes. As such, we normalized logit-transformed 
probabilities by subtracting the mean and dividing by the standard de-
viation of the predictions in a test dataset. After this normalization, 
the predicted probability of each composite outcome occurring was 
multiplied by its weight, and the average of the weighted probabilities 
was taken as the final risk score.  

This process resulted in the risk assessment instrument used in study V and 
described in Figure 6:  
 

 
Figure 6- Diagram of compositing process 
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As illustrated, in training models are developed based on historical outcome 
and predictor data which are pre-processed to generate the composite out-
comes described in step 2, and to generate feature sets suitable for use in the 
gradient boosting models, respectively. Models are trained based on these 
data, and raw predictions (logits) are then weighted and averaged to result in 
an overall risk score. In production, predictor data are pre-processed according 
to the same method, and predictions are made using the trained models.  

While this process is believed to result in a measure which is reasonably well 
aligned with ambulance care need, no claim is made that it is optimal. There 
may be important additional outcomes to consider or differing clinical opin-
ions about the appropriate weight to assign to each outcome. There may fur-
thermore exist more sophisticated methods with better properties to estimate 
these joint likelihoods. Nor is it necessarily the case that the optimal model is 
a simple weighted average – Perhaps there are interaction, non-linear, or 
threshold effects regarding the outcomes which should be accounted for? 

Study Designs & Statistical Analyses 
The studies included in this thesis employ a wide variety of investigative tools 
to evaluate decisions made by care providers, intervention effects, and the per-
formance of risk prediction models. This section provides a grounding in each 
of the key study designs and statistical methods used in the studies included 
in this thesis. 

Study I 
Study I is a descriptive, observational study examining the characteristics of 
patients referred by EMD nurses to non-emergency care. Data for study I was 
collected manually by two nurses abstracting data from hospital records in 
each region using a guide based on the “trigger tool” method more commonly 
applied for identifying patient harms in hospital care. 145 

 
Being a descriptive study, the main results are based on descriptive statistics. 
In estimating the confidence intervals for the descriptive statistics included in 
the study, a technique called bootstrapping was used. This highly flexible 
method entails estimating the distribution of a parameter of interest in a pop-
ulation by repeatedly resampling data from a given sample with replacement 
many times. The distribution of the parameter estimates in the resampled data 
can then be used to generate statistics of interest regarding the population, in 
this case 95% confidence intervals. 146 Bootstrapping confidence intervals for 
simple descriptive statistics is admittedly a bit overkill. The approach however 
makes for an elegant analysis as opposed to using confidence intervals based 
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on varying formulas based on asymptotic assumptions regarding continuous, 
binomial, and non-parametric estimators. Given the computing power com-
monly available today, there is little reason not to use bootstrapping when an 
estimate of the variability of some parameter is desired. 

In addition to descriptive analysis, some associational analysis was under-
taken. Regression models were used to evaluate the correlation between vari-
ous patient and call characteristics and the likelihood of the patient visiting an 
ED following referral to non-emergency care. Given the lack of a clear causal 
model, it is however important to interpret the results of such analyses conser-
vatively. Some specific tests were further used to evaluate claims made in the 
manuscript. Cronbach’s Alpha was used to assess inter-rater reliability in per-
forming the data abstraction in a sample of overlapping data from one month 
147. Two specific post hoc claims regarding patients experiencing patient 
harms were tested using a non-parametric Wilcoxon rank-sum test.  

Study II 
Study II is an interrupted time series analysis employing a pragmatic stepped-
wedge design. The study aims to evaluate the impact of the feedback interven-
tion described previously, exploiting the staggered implementation of the 
feedback reports across study sites. By analysing multiple interventions sepa-
rated in time, the design minimizes the risk of history bias, i.e. the impact of 
other interventions or changes in population characteristics occurring simul-
taneously with the intervention under investigation. 148,149 
 
To estimate the intervention effect, data at the individual nurse-level were ag-
gregated per month, forming a set of panel data. This type of repeated measure 
data violates assumptions regarding independent and identically distributed 
random variables necessary for valid inference using simple regression mod-
els. There are a number of approaches to handling clustering of this type, of 
which hierarchical (a.k.a. mixed or multi-level) regression models were cho-
sen due to their flexibility and adaptability to many types of research questions 
and causal models 150.  To estimate intervention effects, fixed effects were 
calculated for the intercept, full sample slope, post-intervention effect, and 
post-intervention slope. Random intercepts were included at the nurse level to 
account for clustering. In the case of binomial outcomes, the model specifica-
tion was thus:  
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The specification for continuous outcomes was similar, but with a log trans-
formation of the outcome, rather than logit. Month was specified based on the 
calendar months since the start of the study period across all sites, accounting 
for any common secular trends in the data. The PostIntervention and 
MonthsSinceIntervention parameters were estimated based on indicator vari-
ables stemming from the month the first feedback reports were delivered at 
each region (0 or 1 for PostIntervention, 0 or # months since intervention for 
MonthsSinceIntervention). Intercepts are assumed to be normally distributed 
across nurses included in the study. The estimation framework thus assessed 
both immediate intervention effects and longer-term trends in effects, while 
accounting for the dependencies induced by including repeated measures from 
each nurse. 

Study III 
Study III is a model derivation and internal validation study. This study aimed 
to assess the performance of a machine learning-based risk prediction model 
based on the outcome compositing approach described previously in compar-
ison with an existing rule-based triage instrument (NEWS) and human prior-
ity-setting.  
 
After evaluating a number of approaches, gradient boosting as implemented 
in the XGBoost package 138 was used to develop two composite risk prediction 
models based on dispatch and ambulance data, respectively. These models 
were then compared with NEWS and the dispatch priorities set by nurses. The 
models were compared primarily in terms of their overall discriminatory 
power as measured by the C-index 151. The C-index as a measure of discrimi-
nation has a pleasantly intuitive interpretation: It ranges from 0.5 for random 
guesses to 1 for perfect predictions. Values between these extremes corre-
spond to the probability that a randomly selected pair of cases will have the 
higher risk prediction assigned to the positive case. The C-index is equivalent 
to the area under a receiver operating characteristic curve. This curve, whose 
archaic name stems from its original application characterizing radar detection 
during the second world war 152, is generated by plotting all combinations of 
sensitivity and specificity possible by varying the confidence threshold ap-
plied to a continuous predictor of risk. The curves of several models may thus 
be compared to determine which predictor is superior given any desired trade-
off based on the relative costs of false positive and false negative findings. 
 
As the complexity and flexibility of the models used to estimate patient risks 
increase, overfitting becomes an issue which must be adjusted for. In this 
study, the primary results were reported based on predictions in a test dataset 
consisting of data collected from the year after the data used to train the mod-
els were collected. Thus, both the issue of overfitting and issues relating to 
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potential loss of prospective performance over time were accounted for and 
evaluated. 
 
This was also the first study in which missing data could not be adequately 
handled using appropriate exclusion criteria to limit the scope of the research 
question. Missing data in prehospital care is a widespread issue 144,153, and is 
particularly problematic when missingness is not random, i.e., the underlying 
data is correlated with the probability of data being missing 144. Types of miss-
ing data are typically classified using the terminology given by Rubin 154. Data 
Missing Completely At Random (MCAR), denotes missingness which occurs 
in an unsystematic manner and can thus be handled without inducing bias us-
ing complete-case analysis by excluding observations with missing values. 
Data Missing At Random (MAR) denotes a pattern of missingness in random 
conditional on the observed data, i.e. the likely values of the missing data can 
be inferred from the data which is not missing. Finally, data Missing Not At 
Random (MNAR) entails that the reasons for missingness are not known, and 
missing values cannot be inferred.  
 
Multiple imputation using chained equations offers a principled approach to 
handling missingness, which given MAR or MCAR assumptions are fulfilled, 
results in unbiased point estimates and confidence intervals with good cover-
age properties 155. This approach involves imputing missing values based on 
the values of the data which were captured, and iteratively updating the im-
puted values based on a selected model, often predictive mean matching or a 
non-parametric decision tree-based method. This process is then repeated mul-
tiple times to create several datasets with varying imputed values 156 The pri-
mary drawback of using multiple imputation approaches is the additional com-
plexity it induces in the analysis, requiring necessitating parameters of interest 
to be estimated in each dataset, and then combined using Rubin’s rules to 
combine within- and between-imputation variance 154,157. In this study, miss-
ing vital parameter data (e.g. pulse, blood pressure, etc) was identified as an 
issue in calculating NEWS scores, and was handled partly via the application 
of exclusion criteria, stipulating that at most 2 vital signs could be missing to 
be included. For patients meeting these criteria, it was considered that remain-
ing missing vital parameters were MAR, and imputation using predictive 
mean matching was applied. The degree of between-imputation variance in 
NEWS scores following the application of these criteria was found to be min-
imal, and single-imputation was used to calculate comparator NEWS scores 
to reduce the complexity of the analysis. 
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Study IV 
Study IV is an internal-external validation study building on the models de-
veloped in study III. The study aimed to characterize the loss in performance 
experienced by machine learning models when applied to new contexts. The 
study investigated two outcomes (hospital admission and 3-day mortality) us-
ing two ML approaches (Gradient boosting and logistic regression using 
splines to handle non-linear effects) in a dataset collected from six Swedish 
regions. This study focused on the use of predictors available to ambulance 
care providers on-scene prior to conveyance, guided by the hypothetical use 
case of a risk assessment tool to support non-conveyance decisions.  
 
Given the potential for overfitting to be an issue, k-fold cross-validation was 
applied in estimating internal model performance in this study. This involves 
a process whereby a dataset is split into a number of randomly selected “folds” 
which are successively excluded from the sample used to train the model 114. 
Using 10 folds for instance, 10 models are fitted each randomly excluding 
10% of the available data. Each excluded fold is then used to evaluate predic-
tions made by the model excluding it. While the approach of using randomly 
selected folds appropriately accounts for overfitting in the model training pro-
cess, it does not address sources of systematic variation between settings 
which may impact the generalizability of a model. Thus, a non-random cross-
validation process was used to estimate external performance by using each 
of the 6 regions as a separate fold. Missing data was handled via single impu-
tation in a manner similar to study III and with a similar justification. 
 
Model calibration was assessed in study III, but given a well-specified predic-
tion model, internal calibration is rarely an issue. In this external validation, 
assessing the calibration of the models when applied in new contexts played a 
larger role. A well-calibrated model entails that the predicted probabilities 
generated by the model correspond to the actual probability of the outcome 
occurring. This can be assessed “in the large” by calculating the overall mean 
of the predicted probabilities and outcomes and comparing the two. Such 
measures (such as the Observed:Expected ratio used in this study) evaluate 
the level of overall over- or underestimation of risks in the full population. 
Calibration may however vary across levels of predicted risk, and a more nu-
anced assessment of calibration may be achieved by fitting calibration slopes 
or, as done in this study, directly visualizing calibration across strata of pre-
dicted values 158. 
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Study V 
Study V is a Randomized Controlled Trial (RCT) of a machine learning-based 
risk assessment tool for prioritization in Resource Constrained Situations 
(RCSs). The openTriage risk prediction tool was implemented in the Alitis 
dispatching system through a Graphical User Interface (GUI) which called 
upon the risk assessment tool via API as necessary. 
 
Patients were included in the study by dispatchers based on a set of inclusion 
and exclusion criteria. Inclusion criteria were the documentation of a personal 
identification number, a priority of 2A or 2B, and an age over 18. In cases 
where two or more patients meeting these criteria were simultaneously await-
ing an ambulance, dispatchers were able to select them for comparison when 
an ambulance became available and a choice had to be made regarding which 
patient had the greatest medical need. In addition to the inclusion criteria 
which were applied automatically, additional exclusion criteria were applied 
by dispatchers, excluding patients where non-clinical risk factors or mitigators 
were present (e.g. being exposed outdoors in the cold or having care providers 
on scene), where logistical factors such as differential transport times played 
a role in the decision, or where one patient had been waiting much longer (i.e., 
more than 30 minutes). The study thus sought to assess the accuracy of the 
clinical decisions made within each of these RCS. 
 
After the selection of patients to be included, each RCS was randomized 1:1 
to either a control or intervention arm. In the control arm, risk scores were 
calculated but not displayed to the user. In the intervention arm, risk scores 
were calculated and an indication was displayed of which patient had the high-
est risk score, along with a colored indicator of model confidence. A pop-up 
window containing additional information about the model prediction could 
be displayed if desired by the user. Depending on treatment arm assignment, 
the dispatcher then either followed standard practice and conferred with the 
nurses assessing the patients about which patient to send the first ambulance 
to (control), or did so while also considering the risk assessment determination 
(intervention). The patient in the RCS with the first ambulance assigned to 
them after inclusion was considered to have been prioritized. 
 
The primary outcome of the study was based on the patient’s NEWS, esti-
mated as the difference in the proportion of prioritized patients who had the 
highest NEWS score across the treatment arms. NEWS was selected party due 
to its widespread use as a measure of patient risk in emergency care, and due 
to its relatively objective nature, being based on patient vital signs rather than 
care provider assessments. As compared to using the outcomes the composite 
risk score is based on, using NEWS reduces the risk that post-randomization 
dispatcher behaviour could bias the outcome measure. This also prevents 
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misalignment of the risk prediction outcome specification from giving the in-
tervention group and unfair advantage. 
 
The required sample size for the study was based on a simulation of data 
drawn from historical ambulance missions. It was difficult to identify histori-
cal RCS where a decision was made purely based on the patient’s clinical 
condition. To estimate dispatcher accuracy, it was instead assumed that a pa-
tient prioritized as 2A would always be selected over a patient prioritized as 
2B, and patient NEWS values in a random sample of 2A vs 2B patients were 
compared to the prioritization order proposed by the risk assessment tool in 
the same population of patients. Taking the difference in accuracy between 
the risk prediction algorithm and priority 2A vs 2B as the target effect size, a 
sample size of 1500 RCS was identified as necessary to achieve type I and II 
error rates of 0.05 and 0.2 respectively. 
 
Whereas patients with substantial missingness in the vital signs necessary to 
calculate NEWS could be conveniently excluded in studies III and IV, the 
post-randomization loss to follow-up this would entail in an RCT would in-
troduce an unacceptable risk of bias and loss of power. Given that it was rela-
tively common for patients not prioritized in an RCS to be furnished with al-
ternate transport to the hospital, this had to be addressed in an effective man-
ner. Data was therefore collected from hospital record systems for all patients 
in Uppsala and for patients missing documented vital signs in Västmanland 
(as these had to be abstracted manually) and combined with data from ambu-
lance and dispatch records when estimating missing values. While vital signs 
obtained at the ED are not exactly the same as those which would have been 
obtained on the ambulance, the additional data was considered sufficient to 
fulfil MAR assumptions. As between-imputation variance was not negligible 
in this case, study estimates were pooled using Rubin’s rules to generate the 
coefficient estimates the final study results are based upon. 
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Results 

Study I: Outcome measurement 
In study I, a set of patient outcome measures for use in the context of EMD 
triage to non-emergency care were developed, abstracted from hospital medi-
cal records using a Trigger-tool derived methodology, and analysed descrip-
tively. Out of the 1 876 patients referred to non-emergency care in Uppsala 
and Västmanland over a 4-month period, 1 089 were included in the study. Of 
these, 258 (24%) visited an ED within 7 days of contacting the EMD. Of those 
visiting an ED, 208 (81%) had a complaint related to their reason for contact-
ing the EMD center, 143 (55%) received interventions above the primary care 
level, and 99 (38%) were admitted to the hospital. 
 
Analysis of inter-rater reliability identified a high level of agreement regard-
ing ED visitation and hospital admission (Cronbach’s alpha 0.94 for both 
measures), while agreement regarding the whether the ED visit was related to 
the EMD contact and the level of interventions was lower (0.71 and 0.70 re-
spectively). The time from EMD contact to ED visit was also analysed, find-
ing that the vast majority (81%) of ED contacts occurred within 3 days, after 
which the proportion of visits related to the EMD call also dropped off sub-
stantially (61% during days 4-7). In performing a multiple logistic regression 
analysis, two factors were found to be robust predictors of ED visitation: Pa-
tient age over 65, and referral of patients onward to another care provider (Ad-
justed ORs of 1.48 (1.08 to 2.04) and 1.58 (1.15 to 2.19), respectively). Fi-
nally, each case resulting in an ED visit was assessed for the presence of avoid-
able patient harms, with a total of 6 triage errors resulting in a harm to patients. 
One case involved potentially permanent harms, while several involved de-
layed pain relief or possibly extended hospital stays. All of these harms oc-
curred within roughly 3 days of EMD contact among patients admitted to the 
hospital, and none were identified by existing incident reporting systems in 
the studied regions. 
 
These results confirmed the validity of using quantitative outcome data to 
guide quality assessment and improvement, and informed decisions made 
when establishing the criteria for the automated extraction of hospital outcome 
data in the regions. Based on the results, a 3-day follow-up window was se-
lected as a reasonable compromise between data exposure minimization and 
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the capture of subsequent related ED contacts following referral.  Further-
more, the analysis of avoidable patient harms suggested that reviewing cases 
in which referred patients were admitted to the hospital within 3 days would 
capture a majority of patient harms resulting from referral to non-emergency 
care. 

Study II: Feedback 
In study II, the effect of a continuous feedback intervention was investigated. 
Reports on 14 metrics divided into descriptive, process, and outcome catego-
ries were delivered to nurses monthly via email. A total of 40 dispatchers in 3 
regions were included in the study between March 2020 and October 2023, 
handling a total of 46 353 incidents. While no significant effects were found 
for most metrics, documentation-related process measures were found to be 
improved. The odds of complete documentation increased by 7.5% (95% CI 
5.1 to 9.9) and the odds of having a documented contact reason increased by 
3.8% (1.5–5.9). These impacts were sustained over time, with slope coeffi-
cients suggesting increasing documentation rates compared to the pre-inter-
vention trend. The study results for each metric are displayed visually in figure 
7 on the next page. Note that this figure provides a flavour of the analytical 
results, but does not correspond to the regression models completely, owing 
the use of a common secular trend parameter and the estimation of the mean 
value of the transformed measures, rather than medians. The intervention was 
also found to have resulted in a significant increase in the proportion of man-
ually upgraded patients. While the remainder of effects were not statistically 
significant, all point estimates were in a direction associated with higher over-
all priority-setting.  
 
Sensitivity analyses were also conducted to evaluate the impact of excluding 
time periods associated with the first wave of the covid-19 pandemic, and ex-
cluding the months prior to the intervention during which nurses may have 
been exposed to anticipation effects. These analyses demonstrated interven-
tion effects consistent with the interpretation of the main analysis. We had also 
originally intended to include a formal analysis of “homogenization effects” 
expressing themselves as a decrease in between-nurse variability in the de-
scriptive measures. This was found to be more statistically problematic than 
anticipated, but visual inspection of nurse-level data suggested that this was 
not occurring to a qualitatively substantial extent. 
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Figure 7 - Median (black line) and interquartile range (grey area) per month before/af-
ter intervention (red line) across included nurses for each reported measure 
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Study III – V: Risk prediction 
Studies III – V constitute a series of investigations which progressively in-
crease in rigour, examining the theoretical performance of risk prediction 
models within the context they are developed (III), in new geographical and 
organizational settings (IV), and finally the ability to leverage this theoretical 
performance into enhanced decisional capacity in clinical practice (V). 
 
Study III is an internal validation study of a composite hospital outcome pre-
diction model. In this study, each outcome was weighted equally, though a 
range of alternate outcome weights were examined in sensitivity analyses. The 
study used data from 45 045 ambulance missions during 2016-2017 to train 
models which were then tested on 23 623 missions from the year 2018. Two 
separate models were trained (one based only on data available at the dispatch 
center, and one also including data collected from ambulance journals). These 
models were compared with the performance of the patient’s dispatched pri-
orities and retroactively calculated NEWS. The results in the test dataset re-
garding the discrimination of each combination of predictor and outcome in 
terms of C-index is reported in table 1 below. 
 
Table 1 - C-indexes in test data for various combinations of predictors and outcomes 

Outcome Dispatched 
priority 

NEWS 
Score 

Dispatch 
risk score 

Ambulance 
risk score 

Hospital 
admission 

0.51 
(0.50-0.52) 

0.66 
(0.65-0.67) 

0.73 
(0.72-0.73) 

0.79 
(0.78-0.80) 

Critical 
Care 

0.57 
(0.55-0.59) 

0.75 
(0.73-0.77) 

0.70 
(0.68-0.72) 

0.79 
(0.77-0.81) 

Two-day 
mortality 

0.66 
(0.62-0.70) 

0.85 
(0.81-0.88) 

0.79 
(0.76-0.82) 

0.89 
(0.87-0.92) 

Dispatch risk scores were found to strictly outperform actual dispatched pri-
orities across all outcomes. Ambulance risk scores were found to similarly 
outperform NEWS for all outcomes. Comparing dispatch risk scores to 
NEWS, comparative performance was mixed, with NEWS performing better 
than the dispatch risk score in predicting critical care and mortality, but dis-
patch risk scores outperforming NEWS in predicting hospital admission, de-
spite not utilizing patient vital sign data. Model calibration was also assessed, 
with near ideal overall calibration and only slight deviations from ideal cali-
bration as assed using calibration curves. 
 
These results were extended in study IV, where the loss in performance upon 
generalizing the ambulance risk score models to new settings was investigated. 
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Data from a total of 864 878 ambulance missions were collected from across 
six included regions. The predictor data used to develop and validate these mod-
els consisted primarily of vital signs, as opposed to information about interven-
tions performed in study III. Given the aim of evaluating differences in gener-
alization loss across various outcomes and models, rather than apply the out-
come compositing approach used in studies III and V, each risk prediction was 
investigated separately. The main results regarding model discrimination are 
reported in table 2: 
 
Table 2 - C-indexes for combinations of model, outcome, and internal/external vali-
dation method (not applicable to NEWS and RETTS scores) 

Outcome Model Internal External 

Hospital 
admission 

Gradient Boosting 0.757 
(0.756-0.759) 

0.733 
(0.732-0.734) 

Logistic Regression 0.737  
(0.736-0.739) 

0.725  
(0.723-0.726) 

NEWS 0.664  
(0.663-0.666) 

RETTS 0.679  
(0.678-0.681) 

Three-day  
mortality 

Gradient Boosting 0.892  
(0.888-0.895) 

0.888  
(0.884-0.892) 

Logistic Regression 0.883  
(0.879-0.887) 

0.881  
(0.877-0.885) 

NEWS 0.831  
(0.826-0.836) 

RETTS 0.761  
(0.754-0.767) 

The main results are derived from comparing the C-index for each model be-
tween the internally and externally validated scores, and then with the dis-
crimination of NEWS and RETTS for that outcome. Regarding hospital ad-
mission outcomes, gradient boosting generally outperformed logistic regres-
sions. While logistic regression models did suffer less generalization loss, the 
algorithmic method remained slightly superior even in external datasets. Re-
garding mortality, no significant reduction in performance was identified for 



 

 50 

logistic regression, and only a very slight degradation was detected using gra-
dient boosting. 
 
Calibration was also assessed, with significant deviations from ideal calibra-
tion identified in the external validation. Deviations from ideal Observed:Ex-
pected ratios were identified upon external validation for all models and out-
comes. Systematic miscalibration was particularly evident regarding hospital 
admission outcomes: While miscalibration regarding 3-day mortality ap-
peared randomly distributed, calibration errors for hospital admission were 
clearly correlated across the models and varied systematically across the re-
gions, with two regions suffering from underestimated risks, and one from 
overestimated risks as shown in figure 8: 
 

 
Figure 8 - External calibration curves 

In study V, the dispatch model used in study III was further developed, imple-
menting text parsing of free text notes made by dispatchers using a bag-of-
words approach including n-grams 139,159. The composite outcome was also 
refined to more closely align with ambulance care need as described previ-
ously. Over the 34 months between February 2021 and November 2024, 1 845 
Resource Constrained Situations (RCS) were identified and included in the 
study. Of these, 306 contained at least one patient who opted out of the study, 
leading to post-randomization dropout. An additional 294 cases were identi-
fied wherein no ambulance was dispatched prior to the same patients being 
included in another randomization. In cases where exactly the same patients 
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were included (for instance due to the dispatcher repeatedly comparing the 
same patients), this was automatically identified by the randomization soft-
ware, the patients were assigned to the same trial arm, and only the last ran-
domization was included, thus not impacting randomization. In some cases 
however, the dispatch situation could change between the time of performing 
the randomization and dispatching the ambulance (such as a third patient call-
ing in), and a new randomization was performed. In these cases, both random-
izations were excluded if they were assigned to different study arms, and if 
they were assigned to the same arm, only the last randomization was included. 
 
A total of 1 245 RCS were thus included in the final study sample. This was 
somewhat lower than the 1 500 estimated to be necessary per the power anal-
ysis. Of these, 660 were assigned to the intervention arm, and 585 to the Con-
trol arm. Patient demographics and call characteristics were similar across 
both arms. The primary outcome was assessed using a simple logistic regres-
sion model with adjustment for between-imputation variance using Rubin’s 
rules. In the control arm, the patient with the highest NEWS value was prior-
itized in 62.5% of cases, while in the intervention arm the proportion was 
68.3%, corresponding to an odds ratio of 1.28 (95% CI 1.00 – 1.63, p = 0.047). 
Thus, despite the smaller than expected sample size, the study was able to 
identify a statistically significant intervention effect, albeit barely. Secondary 
outcomes included a hypothesis regarding differentiation based on identifying 
the patient with the highest composite outcome score, equivalent to the out-
come risk prediction score. This analysis identified slightly stronger interven-
tion effects, with an OR of 1.33 (1.04 – 1.71, p = 0.023). An alternate estimator 
based on a Wilcoxon rank-sum test of the difference in NEWS between prior-
itized and non-prioritized patients however failed to identify a statistically sig-
nificant difference (mean difference of 0.62 in the control arm vs. 1.08 in the 
intervention arm, p = 0.086). 
 
Prespecified ancillary analysis were also undertaken to investigate various 
features of the study cohort. An key part of the study protocol was that dis-
patchers were permitted to deviate from the model recommendation at their 
discretion. Analysis suggested that dispatchers prioritized the patient sug-
gested by the model in 81% of cases, compared to 54% in the control arm. To 
evaluate the impact of these deviations, an analysis estimating study effects 
assuming a 100% compliance rate was performed. This analysis suggested 
that the intervention effects would have been substantially larger, with an OR 
of 1.56 (1.21 – 2.00, p < 0.001). A function was also included in the risk as-
sessment tool to indicate the certainty with which the model made its deter-
minations, but this was not found to have had an identifiable impact on dis-
patcher compliance (81.7% in the high confidence group vs 80.3%). In the 
hypothetical 100% compliance scenario however, there was a substantial 
difference in prediction accuracy between the groups, with 78.5% correct 
assessments in the high-confidence group vs 67.4% in the low confidence 
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group, corresponding to an OR of 1.77 (1.20 – 2.62, p = 0.004). A number of 
analyses also evaluated changes over time during the nearly 3 year study pe-
riod, including loss in model predictive performance, changes in compliance 
with the risk prediction tool, and effects of learning by dispatchers as mani-
fested by increased accuracy in the control arm. No significant effects were 
however identified. While not a prespecified analysis, effects were also noted 
in terms of time to dispatch for prioritized patients, with faster dispatch times 
for prioritized patients in the intervention arm than in the control arm (29.2 vs 
32.1 minutes). 
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Discussion 

Result Synthesis 
This thesis aims to lay out a roadmap for the evaluation and enhancement of 
prehospital decisional capacity.  This follows the order of the studies in estab-
lishing appropriate measures of patient outcome, and then implementing in-
terventions in clinical practice to improve decision-making. 
 
Study I proposes a methodology for collecting quantitative outcome data, even 
in the absence of automated systems for collecting this data. The study find-
ings suggested that the majority of patient harms caused by dispatcher referral 
to non-emergency care could be captured by reviewing a relatively small sub-
set of patients; those admitted to a hospital within 72 hours of referral. For 
the regions in question, this would involve reviewing about 10 cases each 
per month (about 2% of included non-emergency referrals). While the 72 
hour threshold was adopted by the regions in question when extracting hos-
pital outcome data, resources were not committed to performing these case 
reviews, leaving this potentially fruitful source of organisational learning 
untapped. Nonetheless, the findings were useful in establishing a baseline 
level of confidence that the decisions made by nurses at the dispatch center 
were in parity with those made by nurses on location with patients 4,43. 
 
Study II laid out the first approach to improving measurable outcomes. The 
intervention had to be implemented across all regions included in SvLc, not 
all of which could automatically extract outcome data from hospitals. As such, 
the measures in the study had to be limited to those which could be collected 
from the dispatching system itself, thus excluding hospital outcomes of the 
type developed in study I. The study demonstrated that the intervention had 
the ability to impact some process measures, specifically those regarding doc-
umentation completeness. Impacts on the outcome measures we considered 
most important were however lacking. These results are in line with previous 
research identifying the ability of feedback provision to impact process-re-
lated measures of quality, but difficulties in impacting patient outcomes 
124,126. Redesigning the feedback reports, the intervention itself, or adding 
additional pedagogical features to the intervention may have the potential to 
increase the impact on outcomes. For instance, in addition to providing over-
all statistics, specific cases of potential triage errors could be listed and 
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mandated for review per the methods used in study I. Such improvements 
have already been implemented in similar feedback reports delivered to am-
bulance care providers. 
 
The results of Studies III-V demonstrate that risk prediction models based on 
vital signs outperform traditional rule-based triage algorithms, even in situa-
tions where local training data is not available. However, the systematic devi-
ations from ideal calibration in several regions regarding hospital admission 
highlight the need to verify the calibration of models prior to their implemen-
tation in new settings. The trigger tool methods in study I constitute one ap-
proach to gathering this data in a structured manner. The theoretical perfor-
mance of machine learning models was furthermore found to successfully 
transfer to the real-world clinical setting of dispatch centres, resulting in more 
accurate triage decisions in resource constrained situations. This general ap-
proach to risk assessment thus appears sound and suitable for broader imple-
mentation and trials in additional settings and application. 

Ethical Considerations 
Studies I, III, and IV were observational studies based on the analysis of ret-
rospectively gathered data, and as such, the primary ethical concern regarding 
the study participants was the integrity of potentially identifiable health data. 
While data minimization (e.g. the exclusion of direct patient identifiers, en-
coding variables such as diagnoses and hospital names, etc.) can limit risks, 
given the granular nature of the data necessary to build effective machine 
learning models, this can only be a partial remedy for privacy concerns. Re-
identification methods are a constantly evolving threat, and correlation attacks 
in particular constitute a threat to pseudonymised or even aggregated datasets 
160–162. As such, researchers must take care in handling even pseudonymized 
datasets containing sensitive and legally protected information regarding the 
health status of individuals. While it would be optimal for the sake of trans-
parency and reproducibility to publicly release the datasets on which the re-
sults of the studies are based, this is not possible due to the above privacy 
concerns. There are approaches being developed to address these issues to en-
able greater data sharing in this domain (e.g. the development of synthetic 
datasets and principled data anonymization techniques), but all approaches 
entail some trade-off between information loss, computational complexity, 
and re-identification risk 163. There are however few risks involved in being 
transparent regarding the methods used and their implementation. All studies 
in this thesis with the exception of the first therefore include the full R source 
code used to generate the results as online supplements. 
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The interventional studies II and V have some further direct ethical consider-
ations. One potential risk involved in study II was detrimentally impacting 
nurse behaviour, particularly with regards to the descriptive measures. If for 
instance a relatively inexperienced nurse saw that they referred fewer patients 
than average to non-emergency care, they might feel pressured to take more 
risks to align with their colleagues. Regarding the normative measures of qual-
ity, poorly designed incentives could induce nurses to “game” the metrics, for 
instance by over-triaging patients to improve measures of under-triage. At its 
heart these issues relate to Goodhart’s law: When a measure becomes a target, 
it ceases to be a good measure 164. Our primary defence against skewing clin-
ical judgement to improve performance metrics was the presentation of the 
feedback reports as a tool for self-learning, rather than a steering mechanism. 
We also sought to develop measures which would be difficult to game by en-
suring that measures of over- and under-triage were balanced against each 
other. 
 
Study V involved the implementation of a novel machine learning-based risk 
prediction tool in clinical practice. This entails clear patient safety risks which 
had to be mitigated. The foremost of these mitigations was the selection of the 
study cohort. Priority 1 patients are liable to be substantially harmed by a de-
layed ambulance response, given the potentially unstable nature of their con-
dition. Patients referred to non-emergency care are on the other hand subject 
to substantial risks if time sensitive conditions are missed 4,165. As such, pa-
tients assigned a low-priority ambulance response were chosen to constitute 
the study population. The evaluation of patients in this low-risk “goldilocks 
zone” of patients was fundamental to designing a study which minimized pa-
tient safety hazards. The obverse of the risk minimization coin is that the po-
tential to improve outcomes for patients is correspondingly small, given the 
previously discussed tenuous association between ambulance response times 
and e.g. mortality outside of specific high-acuity conditions. The average of 2 
minutes in reduced ambulance response time for prioritized patients identified 
is thus unlikely to have meaningfully impacted definitive patient outcomes. 
 
Study V also necessitated the use of a novel mechanism to obtain patient con-
sent for participation in the study. It was argued successfully to the Swedish 
Ethics Review Authority that it was not feasible given time constrains at the 
dispatch center to obtain prospective verbal, much less written, informed con-
sent for participation in the study. Instead, patients were included in the study 
based on what we termed “assumed consent”, and a full informed consent let-
ter was mailed to the patient’s home address at a later time. It was further 
argued that requiring positive written consent would result in an unacceptably 
high rate of post-randomization loss to follow-up, especially as any RCS con-
taining a single refusal would have to be excluded. As such, patients were 
instead given the option to opt-out of participation in the study. This can be 
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considered a compromise between the stringent position of requiring positive, 
prospective, written, informed consent prior to inclusion of patients in any 
interventional study, and the position of e.g. Danish ethics review boards, 
where similar randomized studies have had the requirement for informed pa-
tient consent completely waived 67. 
 
Finally, some broader questions relating to the ethics of using ML techniques 
to support healthcare decisions should be acknowledged. Who, for instance, 
is responsible for decisions made by or according to an algorithm? It is already 
quite difficult to disentangle the responsibility of the care provider from the 
systems in which they are embedded. An experienced care provider today can 
plainly see why and when it may be appropriate to deviate from a traditional 
rule-based CDS system. As risk assessment tools become increasingly com-
plex however, it may become difficult to tell when the model is detecting some 
subtle pattern invisible to the care provider, and when it is making predictions 
based on e.g. inappropriate extrapolation or unfairly biased outcome data. 
These issues become particularly severe as one considers the use of large lan-
guage models such as Chat-GPT for triage, which are capable of not only be-
ing disastrously wrong, but also hallucinating plausible-sounding explana-
tions for their incorrect decisions 166,167. The use of such models thus risks 
degrading the overall decisional capacity of care providers if providers cease 
critically appraising their recommendations. 

Limitations 
For each of the individual studies, there are a number of technical limitations 
relating to the specific study design and the analyses employed in their execu-
tion. There are also some general limitations to the thesis as a whole. The first 
is that all data used to generate the results are collected in Sweden, and for the 
most part in a few specific regions in mid-Sweden. To address this, study IV 
which specifically investigated generalizability was limited to including only 
relatively objective predictor data which was thought to be common even out-
side of the Swedish context. These included patient demographics, vital signs, 
and a set of broad patient chief complaints grouped into 24 general categories. 
Predictors such as interventions performed by ambulance crews were found 
to be highly predictive of hospital outcomes, but were considered to be unduly 
subject to variation across organizations with different clinical guidelines and 
routines. Given this limited predictor set, the results are likely to generalize 
well even outside of Sweden, but this can of course only be established 
through further external validation in international datasets. 
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A further limitation is the omission in this thesis of studies investigating other 
important aspects surrounding the use of risk prediction models in triage. Per-
haps the foremost is establishing that the risk prediction models do not unduly 
favor certain classes of individuals, i.e. that the models are fair. This is a par-
ticularly difficult property to establish, given that there exist many competing 
and often mutually exclusive definitions of what it means for a model to be 
fair 116,117,168. 
 
The approach used to determine composite outcome scores is furthermore ad-
mittedly somewhat ad hoc. The process for establishing an appropriate com-
posite outcome for study V involved a mix of quantitative and qualitative as-
sessments. The identification of measures suitable for aggregation in the pre-
estimation compositing step for instance involved both a factor analysis to 
identify correlated measures, and consideration of e.g. potential intervention-
induced bias. Post-estimation weights were similarly determined partially by 
evaluating the correlation of each component measure with NEWS and tem-
pering the findings of these analyses with clinical value judgements. It would 
be desirable to develop a more rigorous process for empirically determining 
suitable composite outcome measures for given applications. 

Further Research 
Addressing the last limitation first, a major challenge in selecting outcome 
weights is that operationalizing patient acuity in terms of measurable out-
comes is a rather abstract exercise. As a care provider, it can be difficult to 
define the properties of an acute patient in quantifiable terms, but to borrow 
the US Supreme court’s definition of pornography, “you know it when you 
see it” 169. Discrete Choice Experiments (DCE) are an approach often used in 
health economics to elicit the value placed on attributes of a situation when 
the mental constructs underpinning those value judgements are difficult to de-
termine or articulate 170,171. The method typically involves a survey in which 
respondents are presented with a decision scenario with two or more alterna-
tives with varying attributes which the respondent must choose between. In 
the application of identifying appropriate outcome weights for prehospital risk 
prediction models, a decision scenario corresponding to the precise use case 
(e.g., “Which of the following two patients should receive an ambulance 
first?” for the study V scenario) would be described, along with two patient 
synopses developed either synthetically or drawn from historical data and 
anonymized. An appropriately selected set of comparisons based on the num-
ber of attributes of interest, expected interaction effects, and feasible sample 
size would then be generated. Ideally, the survey would be delivered to as 
broad a set of respondents as possible, including ambulance and dispatch care 
providers, medical leadership, ED clinicians, etc. By analysing the results 
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using an appropriate model (e.g. a logistic regression model with random re-
spondent-level effects), attribute coefficients can then be extracted and used 
to define composite outcome weights. Composite risk scores thus established 
would have some empirical ground to stand on beyond their correspondence 
with NEWS as a general indicator of patient risk. 

 
Regarding fairness, there are a number of often countervailing definitions of 
the concept in the literature. Perhaps the most instinctively appealing is the 
concept of counterfactual fairness, i.e. the conceptualization of a fair risk score 
as one which is the same in a) reality and b) a counterfactual reality where 
only a single, sensitive characteristic is different 123. Applying this conceptu-
alization however requires that only undesirable sources of bias are removed, 
retaining effects which operate via “fair” causal mechanisms. Thus, address-
ing bias will likely involve identifying the causal pathways underpinning the 
appropriate and inappropriate influences of that characteristic on triage deci-
sions, gather the data necessary to estimate their impacts, and implementing 
methods to disregard effects laying along only the causal pathways associated 
with undesirable bias. 122,172 Given the difficulty inherent in estimating causal 
relationships without the ability to manipulate variables, this may be difficult 
to achieve in purely observational data: It may be that a DCE as described 
above could provide an opportunity to explore potential biasing paths in a 
more experimental manner.  
 
The risk prediction models developed in this thesis had a demonstrable impact 
on care providers, but the overall level of accuracy of the triage process still 
leaves much to be desired. The implementation reported on in this thesis thus 
represents a minimum baseline from which to build. One potential avenue to 
further improving accuracy is to include additional predictor data in the mod-
els to improve their performance, primarily from two sources: Structured pa-
tient medical record data, and unstructured audio data from the EMD call. 
Large amounts of comprehensive patient history data are commonly available 
in Swedish regional health systems which are likely to be highly predictive of 
outcomes, especially when combined with data regarding the signs and symp-
toms experienced by the patient as already captured in the models. At scale, 
these large datasets are typically tokenized and handled using deep learning 
approaches 173,174. Utilizing audio data was investigated at the outset of this 
doctoral project, but at the time, the only feasible approaches to developing 
useful models for handling Swedish audio data involved contracting develop-
ment to private companies. This involves patient some patient privacy con-
cerns, and did not align with our principles relating to the development of open 
source and freely available tools for patient triage.  Even if it were to be pur-
sued, attaining sufficiently robust speech-recognition engines then required 
substantial investment in manually transcribing material to generate training 
data. Today, the situation has changed and there exist open-source, pre-trained 
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models (specifically OpenAI’s Whisper model and its derivatives) 175 which 
place the implementation of such tools within reach of less resourced aca-
demic and public sector organizations.  
 
Another avenue to increasing the impact the risk prediction models involves 
designing better user interfaces for the CDS systems they are integrated into. 
The design of the interface was generally predicated on the authors own con-
ceptualization, albeit with direct input from clinical staff during pilot testing. 
The same may also be said regarding the design of the feedback reports, which 
were only somewhat aligned with best practices in the literature. Iterating the 
design of these tools based on best practices is likely to enhance trustworthi-
ness, usability, and thus compliance. 176 
 
While study V demonstrated this approach to be effective in the context of 
dispatching, the models investigated in study IV based on patient vital signs 
are also ripe for evaluation in a randomized trial. A similar composite risk 
score aligned with the need for definitive emergency department-level care 
should be developed based on these models, and a CDS tool implemented ei-
ther via API to ambulance patient care reporting systems, or via a free-sanding 
application such as the interface at https://opentriage.net/ui/vitals. Appropriate 
decision thresholds based on the level of acceptable risk perceived by ambu-
lance service medical directors could then be established to guide care pro-
vider non-conveyance decisions. Finally, a randomization module can be in-
tegrated into the system to display the risk assessment in only cases random-
ized to an intervention arm. Given that the models have been validated as out-
performing NEWS even in external settings, such a study should be safe to 
perform even in settings not directly contributing data to the underlying 
model. 
 
A final area for further work, while not strictly related to research, is the dis-
semination of these tools such that they can be applied in clinical practice and 
further developed by other interested parties. It is to this end that the risk pre-
diction tools and feedback reports are provided as open-source software pack-
ages 139,177. Whereas the implementation of retrospective feedback reporting 
is comparatively uncomplicated and can be easily implemented by organiza-
tions with the appropriate data and technical competencies, there are a number 
of regulatory barriers to the implementation of risk prediction tools of the type 
investigated in study V. This tool is arguably a class II medical device per the 
European Medical Device Regulations (MDR), and as such must undergo the 
processes involved in obtaining and maintaining a CE mark verifying con-
formity with these regulations 178. The forthcoming EU AI Act also places 
additional requirements on the developers of machine learning based risk pre-
diction tools 179.  
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Ensuring compliance with these regulations constitutes the primary barrier to 
the immediate adoption of the risk prediction tool described in this thesis. 
While obtaining and maintaining a CE mark is quite an onerous and expensive 
process likely exceeding the capacity of a regional ambulance service, there 
is a glimmer of hope: Article 5.5 of the MDR provides for the use of self-
developed medical devices, given that certain conditions are met including the 
lack of equivalent CE-marked products, and the development of documenta-
tion necessary to assess conformity with the MDR by a competent authority. 
179 In Sweden, the relevant competent authority is the Health and Social Care 
Inspectorate, with which all self-developed medical devices must be regis-
tered. 180 It is using this exception that we plan pursue the implementation of 
the tool evaluated in study V in regular clinical practice. For other regions to 
use these tools based on this exception a key question must be answered 
which, to the authors knowledge, has no legal precedent: Does the modifica-
tion of freely available software meet the criteria for self-development as set 
out in article 5.5 of the MDR? 
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Conclusion 

This thesis demonstrates that the analysis of patient outcomes is a feasible and 
useful approach in evaluating decision-making with regards to prehospital tri-
age. Providing continuous feedback reports to care providers on their perfor-
mance is a low-cost intervention with the potential to impact process 
measures, but further development is required to impact care outcomes. Ma-
chine learning-based clinical risk prediction using composite outcome scores 
was demonstrated to outperform widely used rule-based risk scores in predict-
ing patient outcomes, even when applied to data from new settings. A clinical 
decision support tool based on this approach was demonstrated to have a ben-
eficial impact on the ability of dispatchers to differentiate between high- and 
low-risk patients in resource constrained situations. Work remains to establish 
empirically grounded composite outcome definitions, appropriate methods to 
evaluate and improve the fairness of these tools, further enhancing their pre-
dictive performance, refining the user interface they are implemented in, and 
addressing regulatory barriers to dissemination.  
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Sammanfattning på Svenska 

Utvecklingen inom den moderna prehospitala vården har gått mot en ökad 
diversifiering av de vårdinsatser som kan erbjudas patienterna. Därmed finns 
idag stora möjligheter att öka effektiviteten genom att tillhandahålla vård nära 
patienterna och på en vårdnivå som är anpassad efter deras behov. Att fatta 
patientsäkra beslut om vilka vårdinsatser som ska erbjudas, och var de ska 
utföras, ställer dock höga krav på vårdgivarnas beslutsförmåga. För att möta 
dessa krav behövs en vidareutveckling av de metoder som används för att ut-
värdera och stödja beslut som fattas av de prehospitala vårdgivarna. Syftet 
med denna avhandling har således varit att främja nyttjandet av mått baserade 
på patientutfall vid utvärdering och förbättring av prehospitala bedömnings-
processer för patienter med mindre akuta tillstånd.  

 
I delstudie I utvecklades en uppsättning utfallsbaserade mått genom vilka 
vårdskador som missades av det befintliga avvikelsesystemet kunde identifie-
ras. I delstudie II utvärderades en intervention för kontinuerlig återkoppling 
av kvalitetsmått till sjuksköterskor vid larmcentraler. Interventionen ledde till 
viss förbättring avseende processmått rörande fullständig dokumentation, men 
effekter på bedömningsförmåga uteblev. I delstudie III internvaliderades ett 
riskbedömningsinstrument baserat på maskininlärningsmetoder vilket påvisa-
des ha bättre prestanda än traditionella regelbaserade instrument. I delstudie 
IV undersöktes hur väl riskbedömningsmodeller baserade på ambulansdata 
kunde generaliseras till nya omständigheter genom en extern validering med 
data från sex regioner. Resultatet visade att modellerna fortfarande presterade 
bra, men att det fanns brister i dess kalibrering avseende hur riskbedömningar 
stämde överens med verkliga utfall. Delstudie V utgjordes av en randomiserad 
klinisk prövning av ett riskbedömningsinstrument avsett att användas vid am-
bulansbrist. Studien påvisade att användningen av instrumentet förbättrade 
larmcentralens förmåga att prioritera patienter med större vårdbehov.  

 
Framöver finns möjligheter att vidareutveckla modellernas prestanda, testa 
dem i nya kliniska kontexter, ta fram empiriskt grundade kompositutfall, samt 
säkerställa att modellerna bidrar till en rättvis resursfördelning. Den källkod 
som krävs för att implementera de beskrivna interventionerna tillhandhålls öp-
pet för att främja transparens och möjliggöra spridning och vidareutveckling. 
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