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Abstract 

Background: Breathlessness is defined as the subjective experience of breathing 
discomfort and is a prevalent condition in the general population. The symptom 
compose different dimensions such as the physical, emotional, and affective 
dimensions, but the instruments measuring these dimensions have not been validated 
for use in epidemiological studies. Owing to the lack of validated instruments, 
knowledge of the epidemiology of breathlessness in different dimensions is very limited. 
Multiple underlying factors can contribute to breathlessness, but previous studies have 
not compared the importance of different contributing factors in the general 
population. In clinical practice, identifying the underlying condition(s) contributing to 
breathlessness among patients is challenging and costly, and new diagnostic pathways 
are needed. 

Methods: Five studies were included in this dissertation. Study I involved the 
recruitment of an older male population for Studies II and III. In Study II, the 
psychometric properties of the multidimensional breathlessness instruments, the 
Dyspnoea-12 (D12) and the Multidimensional Dyspnea Profile (MDP), were 
evaluated. In Study III, the prevalence of different dimensions of breathlessness among 
older men in the population was evaluated. Study IV involved the use of machine 
learning to identify which factors associated the most to breathlessness in the middle-
aged general population. Study V used reinforcement learning to develop a diagnostic 
pathway to identify as many underlying conditions contributing to breathlessness with 
as low economic costs as possible. 

Results and conclusions: The D12 and MDP are valid and reliable tools for use in 
epidemiological studies. Different dimensions of breathlessness were highly prevalent 
in the older male population. Over one-third of the study population reported that 
their breathlessness experiences were unpleasant, and approximately one-fifth 
experienced breathlessness in a physical and/or emotional domain. In the middle-aged 
general population, the most important factors associated with breathlessness are 
obesity, reduced lung function, and a sedentary lifestyle. The developed diagnostic 
pathway suggests that it is most valuable to perform a primary care visit, followed by 
examinations of the lungs and the heart.  
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Populärvetenskaplig sammanfattning 

I vanliga fall så märker du inte av din andning, den sköter sig själv för det mesta. Om 
du drabbas av en sjukdom kan du dock börja lida av andfåddhet. Andfåddhet består i 
flera olika upplevelser eller dimensioner som till exempel att lungorna känns trånga eller 
att ens andning känns obehaglig. Det finns olika enkäter för att mäta dessa dimensioner, 
men det är okänt hur bra dessa enkäter är att användas i befolkningsstudier. Eftersom 
enkäterna ej är testade i befolkningsstudier så finns det ej studier över hur vanligt 
förekommande olika dimensioner av andfåddhet är i befolkningen. Det är okänt vilka 
faktorer som är starkast associerade till andfåddhet i befolkningen eftersom tidigare 
studier mest fokuserat på att undersöka enstaka sjukdomars association till andfåddhet. 
Att identifiera vilka tillstånd och sjukdomar som bidrar till en patientens andfåddhet är 
svårt och oftast behövs många tester vilket kostar sjukvården stora mängder pengar. 

Syftet med den här avhandlingen var att utvärdera enkäterna Dyspnoea-12 (D12) och 
Multidimensional dyspea profile (MDP) användbarhet i befolkningsstudier, undersöka 
förekomsten av olika dimensioner av andfåddhet i befolkningen, undersöka vilka 
faktorer som är starkast associerade till andfåddhet, samt utveckla en utredningsgång 
för att identifiera underliggande sjukdomar som bidrar till en patients andfåddhet. 

Studie I beskrev datainsamlingen och rekryteringen av deltagare till Studie II och III. 
Studie II utvärderade användbarheten av andfåddhetsenkäterna i befolkningsstudier. 
Studie III kartlagde förekomsten av olika dimension av andfåddhet i en äldre manlig 
population. Studie IV använde maskininlärning för att identifiera faktorer som är 
associerade till andfåddhet i en medåldersbefolkning. Studie V använde artificiell 
intelligens (AI) för att utveckla en utredningsgång för andfåddhet med så låga kostnader 
som möjligt. 

Genom dessa studier kunde vi visa att D12 och MDP är användbara enkätinstrument 
i befolkningsstudier om andfåddhet. Över en tredjedel av äldre män upplever sin 
andfåddhet som obehaglig. Övervikt, lungfunktion och stillasittande livsstil var de 
starkast associerade faktorerna till andfåddhet. Den AI-utvecklade utredningsgången 
visade oss att när underliggande faktorer till andfåddhet ska identifieras är det mest 
värdefullt att börja med ett primärvårdsbesök, följt av utredning av lungorna, och sedan 
utredning av hjärtat. 
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Abbreviations 

A2C Advantage actor critic 

AI Artificial intelligence 

BMI Body mass index 

CFA Confirmatory factor analysis 

CT Computed tomography 

D12 Dyspnoea-12 

DLCO Diffusing capacity for carbon monoxide 

ECG Electrocardiogram 

ER Emotional response 

FEV1 Forced expiratory volume in 1 second 

FVC Forced vital capacity 

IP Immediate perception 

MDP Multidimensional Dyspnea Profile 

ESAS-R Edmonton Symptom Assessment System-revised 

mMRC modified Medical Research Council breathlessness scale 

ML Machine learning 

RL Reinforcement learning 

SCAPIS Swedish CArdioPulmonary bioImage Study 

SF12 Short form-12 

VASCOL VAScular and Chronic Obstructive Lung study 

XGBoost eXtreme gradient boosting 

QoL Quality of life 
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Preface 

We need to breathe to live. Your mood can be affected through breathing, and just a 
simple deep breath can help you to calm down. However, there is no escape from 
breathing—even though you can hold your breath for a while sooner or later, you need 
to breath. When something that you need to do all the time to survive becomes 
unpleasant, it affects your whole life, which makes breathlessness an important topic to 
study. This is why I am motivated to study breathlessness, and ultimately, I hope this 
work can make a difference for all people who experience breathlessness. 

I became interested in epidemiology while studying public health, and I became 
interested in breathlessness after completing an internship in my supervisor’s 
laboratory. After graduating with my bachelor's degree in public health, I worked for a 
year as a database manager in an Alzheimer´s disease research group, where I started 
taking interest in artificial intelligence and machine learning. 

The overall logic of the thesis is structured in steps that I find important when 
completing a larger research project. The steps include the measurement, evaluation of 
the prevalence and related factors, and examination of breathlessness. The first step is 
to ensure that breathlessness can be measured properly—without accurate 
measurements, we cannot capture a person’s whole experience of their symptoms. The 
second step is to measure how common breathlessness is in the general population and 
focus on how people experience the symptoms. The third step is to study what factors 
are associated with breathlessness and understand the importance of different factors 
and their relationships with each other. The fourth step is to develop methods that 
could help relieve the burden of breathlessness. 

Because my thoughts are often very visual, this dissertation includes multiple images, 
and you might have to flip through the dissertation a few times while reading to obtain 
a good understanding of the plots. If your thoughts are not as visual as mine—just read 
the text and trust me. 

 

 

Now, take a deep breath, and enjoy this dissertation. 
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Introduction 

This section first introduces the concept of breathlessness and then explains how 
breathlessness can be measured, the prevalence of breathlessness in the general 
population, and which factors are associated with breathlessness. The clinical evaluation 
of breathlessness is then introduced, followed by an introduction to artificial 
intelligence (AI). 

Breathlessness  

Breathlessness (or dyspnoea) is defined as the subjective feeling of breathing discomfort 
and is a common symptom of cardiovascular and respiratory diseases.1 Breathlessness 
comprises multiple experiences, including physical experiences such as air hunger and 
chest tightness, as well as emotional and affective experiences such as anxiety and 
frustration.2 This thesis focuses on chronic and persistent breathlessness, not temporary 
breathlessness caused by, for example, respiratory infection. It also focuses on unwanted 
breathlessness, not, for example, normal breathlessness due to exercise. 

Under normal circumstances, humans breathe automatically without the need for any 
effort.3 At the same time, breathing is something that humans can control if needed in 
comparison with many other bodily processes, such as the heartbeat. Breathlessness can 
be described as an interplay among the brain, body, and lungs.3  Simply put, 
breathlessness occurs in individuals when the brain senses that the body needs more air 
than the lungs can provide and can result from a condition causing disturbances to the 
lungs or the body.3 Breathlessness is a very subjective experience, and objective 
measurements of breathlessness severity often do not match the experienced severity.4 5 
Studies involving cycling on exercise bikes while wearing virtual reality googles have 
shown that the intensity of breathlessness can be altered on the basis of only the visual 
surroundings, for example, a hill,6 without any change to the resistance of the bike 
(confirmed by the author in person). Past experiences and expectations of symptoms 
are very important for an individual’s experience of breathlessness.7 
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Breathlessness is associated with multiple adverse health outcomes.8 9 Breathlessness is 
associated with increased health-care seeking behaviour10 and increased all-cause 
mortality in the general population,11 12 and it is a better predictor of mortality than is 
lung function among people with chronic obstructive pulmonary disease (COPD).13 
The symptom is associated with lower physical capacity, decreased sexual well-being, 
anxiety, and depression, as well as overall lower quality of life (QoL).14-18 In interview 
studies, persons affected by breathlessness described experiences of feeling helpless and 
a lack of control. 19 Often, the adverse effects of breathlessness lead to social isolation 
and inactivity, which ultimately leads to even more severe breathlessness.20 
Additionally, many patients do not want to discuss their breathlessness with their health 
professional21, possibly because of the belief that it cannot be improved or that it is 
“deserved” because of lifestyle factors such as smoking. 22 23 

Today, symptomatic treatments for breathlessness are very limited,19 24  and treating the 
underlying condition contributing to breathlessness is often the main focus for 
alleviating the symptom. Opioids have previously been suggested to reduce the 
symptom burden among people with breathlessness,25 26 but later clinical trials failed to 
observe any improvements in breathlessness among COPD patients receiving low-dose, 
extended-release morphine.24 Nonpharmacological treatments such as hand-held fan 
therapy,27 low-intensity educational interventions,28 behavioural strategies,29 and 
breathlessness support services30 have been shown to improve breathlessness, but studies 
have presented inconsistent and/or limited evidence of their effects. 

Measuring breathlessness 

The Medical Research Council breathlessness scale was introduced in 1952 to assess 
breathlessness among Welsh coal miners.31 32 The scale has been modified over the 
years, and today, the modified Medical Research Council (mMRC)33 34 breathlessness 
scale is the most commonly used instrument to evaluate breathlessness in population 
studies. The mMRC scale is scored on a categorical scale ranging from 0–4 (Table 1). 
For example, a mMRC grade of 0 indicates “Breathless only with strenuous exercise,” and 
the highest mMRC grade (4) indicates “Too breathless to leave home or breathless when 
dressing” (Table 1). In epidemiological studies of breathlessness, a mMRC grade of 2 
(“Breathless while walking with other people of your own age on level ground”) or higher is 
often considered to indicate clinically significant breathlessness and is often used as an 
outcome measurement. The limitations of the mMRC scale include that it only 
measures breathlessness in what situations the responder believes he or she would 
become breathless, and studies have shown that the severity of breathlessness is often 
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misclassified by the mMRC scale and that patients misestimate in what situations they 
become breathless.35 36 The mMRC scale also does not have a category for breathlessness 
at rest, which can be useful in palliative care settings.37 Finally, the scale does not 
quantitatively measure the intensity of the symptom1 and does not capture the 
multidimensional nature of breathlessness, such as the different dimensions of the 
symptom, including physical, emotional, and affective domains. 

Table 1. mMRC breathlessness scale scores and corresponding statements 
mMRC score Corresponding statement 
0    Breathless only when performing strenuous exercise 
1    Breathless when hurrying or walking up a slight hill 
2    Breathless while walking with other people of your own age on level ground 

3    Need to stop to take a breath after 100 metres 
4    Too breathless to leave home or breathless when dressing 

The respondent is asked to state in which situations he or she would become breathless. There are no measurements of 
the severity of breathlessness experienced in these situations or how the respondent would feel during the experiences. 

 

To better capture the experience of breathlessness, multidimensional instruments that 
can measure the intensity of symptoms in different dimensions are needed.1 2 At 
present, there are two main instruments used for the multidimensional measurement 
of breathlessness: the Dyspnoea-12 (D12)38 and the Multidimensional Dyspnea Profile 
(MDP).39 The instruments are used to quantitatively measure physical and sensory 
qualities such as chest tightness, air hunger or feelings that one has to breathe a lot. The 
instruments can also measure emotional and affective symptoms such as depression, 
anxiety, and distress induced by breathlessness. 38 39 Both the D12 and MDP have been 
validated in multiple languages and are commonly used in clinical studies, where 
researchers often have good control over the scoring procedure40 41 42—benefits that are 
not often present in larger epidemiological studies using postal or online surveys. 
Despite the overall increasing popularity of the D12 and MDP,40 the instruments are 
not psychometrically validated for use in epidemiological studies. 
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Prevalence of breathlessness in the general population 

Breathlessness is common in the general population, and its prevalence increases with 
age.43 Approximately 4–29% of middle-aged and older individuals experience 
breathlessness that limits their everyday lives.8 20 Table 2 presents a summary of studies 
and the reported prevalence of breathlessness. There are large differences in the 
prevalence of breathlessness across countries. For example, the prevalence in China, 
Sweden, Norway, Germany, Canada, Austria, and Iceland was reported to be between 
4 and 9%, whereas that in the Philippines, South Africa, Türkiye and the USA was 
between 20 and 29% when breathlessness was defined as mMRC score ≥2 points 
(“Breathless while walking with other people of your own age on level ground”). 
Breathlessness is more common among women,43 which is suggested to be related to 
women´s overall lower absolute lung volume.44 

The knowledge about the epidemiology of breathlessness is, however, very limited, as 
most of the published studies are outdated and focus mainly on the experience of 
breathlessness reported by using the mMRC scale (Table 2). This is because of the lack 
of validated multidimensional instruments for breathlessness. At present, we have very 
limited knowledge about how common and intense physical and emotional experiences 
of breathlessness are at the population level, as well as how these dimensions are 
associated with the duration of and change in breathlessness over time. 
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Table 2. Overview of studies on the prevalence of breathlessness in the population 
Country/Re
gion 

Breathlessne
ss 
prevalence 

Publication Years of 
data 
collection 

Breathlessness 
definition 

Age N 

Australia 7% BOLD 2004-
2005 

mMRC grade ≥2  ≥40 years 497 

Australia 10% National 
Breathlessne
ss Survey 

2019 mMRC grade ≥2 ≥18 10,072 

Austria 7% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 1202 

Canada 7% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 793 

China 5% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 461 

Germany 4% BOLD 2004-
2005 

mMRC score ≥2 
points 

≥40 years 457 

Iceland 9% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 727 

India 10% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 434 

Norway 5% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 575 

Philippines 22% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 825 

Poland 24% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 481 

South Africa 29% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 771 

South 
America 

45% 
 

PLATINO 2003 mMRC grade ≥1 ≥40 years 5314 
 

Sweden 5% BOLD 2004-
2005 

mMRC grade ≥2  ≥40 years 489 

Sweden 10% SCAPIS 
pilot 

2012 mMRC grade ≥1 50–65 years 1097 

Türkiye 23% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 640 

UK 12% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 647 

USA 20% BOLD 2004-
2005 

mMRC grade ≥2 ≥40 years 416 

Prevalence data were derived from the studies by Gronseth et al. (2014)43 (BOLD study), Poulos et al. (2021)9 (National 
Breathlessness Survey), Sandberg et al. (2020)8 (SCAPIS pilot study), and Lopez Varela et al. (2010)45 (PLATINO 
study). Abbreviations: BOLD = Burden of Obstructive Lung Disease Initiative; PLATINO = Projeto Latino-Americano 
de Investigação em Obstrução Pulmonar; SCAPIS = Swedish CArdioPulmonary bioImage Study. 
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Factors contributing to breathlessness 

Multiple factors can contribute to breathlessness among people in the general 
population. Table 3 presents the prevalence of factors among people experiencing 
breathlessness derived from a narrative review performed by Sandberg, Olsson, and 
Ekström (2021),46 in which studies with a total of 96,614 people in the general 
population were included. COPD was the most common underlying factor, followed 
by asthma, arrythmia, heart failure, ischaemic heart disease, anxiety, depression and 
obesity.46 There is a large overlap among these factors, which makes it challenging to 
understand which factor contributes the most to breathlessness.46 For example, anxiety 
is known to contribute to breathlessness; if an individual experiences anxiety and has 
another serious health condition that is also known to contribute to breathlessness, it 
can be challenging to understand the associations of the two conditions with 
breathlessness. This is even more challenging with potentially complex, nonlinear 
associations. Some factors, such as body mass index (BMI), are known to have a U-
shaped association with breathlessness, and both underweight and overweight are 
associated with breathlessness.1 

Table 3. Prevalence of factors contributing to breathlessness. 

Contributing factors Prevalence 

Angina pectoris 10% 

Anxiety 32% 

Arrythmia 34% 

Asthma 42% 

Chronic bronchitis 10% 

Chronic obstructive pulmonary disease 85% 

Depression 32% 

Ischaemic heart disease 33% 

Heart failure 33% 

Obesity 28% 

Reduced lung function 23% 
Data taken from the review by Sandberg, Olsson & Ekström (2021)46 

 

Studies have evaluated the associations between individual factors and breathlessness 
via traditional statistical methods but have not compared the strength of the associations 
between multiple factors and breathlessness.46 Traditional statistical models, such as 
linear regression models, are limited in multivariate analyses measuring the strength of 
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the associations between many factors and an outcome. Novel data-driven approaches 
can be used to analyse multiple factors with complex associations and rank the strength 
of the association with an outcome such as breathlessness.47 48 

Clinical evaluation of breathlessness 

As the interplay among various factors and breathlessness is complex, it is often 
challenging to evaluate breathlessness and identify the underlying condition(s) 
contributing to a patient´s breathlessness in clinical practice. Multiple medical tests are 
often required to determine the underlying condition(s) in primary and specialist 
clinics, leading to increased economic costs for health care.49 In existing diagnostic 
pathways for breathlessness, it is often suggested to start by performing tests that are 
often available at primary care clinics, such as spirometry, followed by more advanced 
tests, such as thoracic computed tomography (CT), which are often available only in 
specialised clinics.50 

At present, the recommended diagnostic pathways (order of tests) for evaluating 
breathlessness are often based on expert opinions51 or studies with small sample sizes,50 
resulting in low empirical evidence of the prevalence of underlying conditions in the 
general population. Additionally, economic costs have not been the main focus in the 
development of diagnostic pathways, meaning that many of the diagnostic pathways 
are likely more expensive than necessary. Most diagnostic pathways assume that only 
one underlying condition contributes to the patient´s breathlessness,50 but as 
mentioned before, many people with breathlessness have multiple underlying 
conditions.46 This means that many of the existing diagnostic pathways could 
incorrectly identify “the main cause of breathlessness” but, at the same time, fail to 
identify other treatable but potentially dangerous underlying conditions. 

Because of the complexity of evaluating breathlessness, modern AI methods could be 
useful for developing new diagnostic pathways using epidemiological data of 
underlying conditions in the general population and the economic costs of medical 
tests. 
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Artificial intelligence 

AI is the attempt to develop computer software that can mimic or improve upon human 
intelligence.52 Many attempts to create software capable of performing human tasks 
requiring intelligence have been made, but owing to the lack of computer power and 
overoptimistic expectations, it has often led to a lack of funding and disappointment, 
which is often described as an “AI winter.”52 In 1950, Alan Turing published the 
seminar paper “Computing Machinery and Intelligence”,53 which introduced the Turing 
test. The Turing test aims to determine whether a machine is capable of intelligence 
equal to or better than that of humans. In the test, a human evaluator communicates 
questions via text to an AI computer, and if the human fails to determine whether the 
answers are written by a human or a computer, the computer passes the test. Recently, 
it has been determined that the chatbot ChatGPT has passed the Turing test,54 but it 
is debated whether ChatGPT can reason or only imitate, similar to a parrot.55 
Currently, we are living in an AI boom (or AI summer), with new achievements in AI 
research occurring at a high rate. 

There are different types of approaches to AI, and this dissertation focuses on the 
subgroup of AI called machine learning (ML), which is the driving technology in the 
current AI boom. The term “ML” was coined in 1959 by Arthur Samuel,56 but terms 
such as “self-teaching computers” have also been used.57 ML includes algorithms that 
use data to perform tasks without explicitly programmed instructions.58 These tasks 
include, for example, classification, pattern recognition, or the performance of human-
like tasks. The development of ML algorithms, data power, and larger population-based 
studies with more variables in later years promoted an increased number of studies 
using ML in the field of medicine.59 For example, ML has been used in the medical 
field for the diagnosis of diseases and phenotyping of diseases.59 ML methods have the 
ability to learn from complex data sources such as raw images, audio, or text. For 
traditional statistical models, measurements derived from these data types would have 
to be used by humans, such as measurements from a medical image or the number of 
times a certain word occurs in a text. This means that humans are providing explicit 
instructions to the model, and humans are aware of what could be important in the 
data before providing it to the model. By using tabular data, ML has the potential to 
learn from complex, nonlinear associations, use many variables and understand which 
variables are important. Reinforcement learning (RL), a subtype of ML, can be used 
for more human-like tasks, such as driving cars or playing chess,60 but its applications 
in the medical field are currently limited.61 It is hypothesised that RL can be used to 
develop optimal diagnostic pathways for evaluating symptoms and diseases. 
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In statistical theory, measurements such as odds ratios or correlation coefficients would 
be used to interpret the associations between variables and an outcome. However, when 
ML algorithms are used with a large set of variables, the task of interpreting associations 
among variables has often been an overwhelming challenge. This problem is often 
referred to as the “black box problem”—because we do not know what is going on 
“inside” the model.62 Especially in academic research, there is a need to not only report 
the accuracy of a model’s prediction but also explain why an algorithm makes a certain 
prediction.62 Explaining “why” is not necessary in many AI projects conducted by 
private companies, where the focus is merely on the accuracy of a prediction, such as 
by presenting you with an online advertisement that you click on or presenting a song 
on Spotify that you listen to. In recent years, novel methods to simplify the 
interpretation of ML models have been developed that could reduce the black box 
problem for numerous ML algorithms.63 
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Rationale 

Previous studies on the prevalence of breathlessness have chiefly measured 
breathlessness with the mMRC scale, which captures only situations in which an 
individual believes he or she would experience breathlessness and not the 
multidimensional nature of breathlessness, including physical, emotional, and overall 
unpleasant experiences. The available multidimensional instruments for evaluating 
breathlessness are not validated for use in epidemiological studies; therefore, no studies 
on the prevalence and severity of symptoms in the different dimensions of 
breathlessness at the population level exist today. 

Previous studies assessing factors associated to breathlessness have focused mainly on 
individual health conditions and have used general statistical models to interpret 
associations. When multiple underlying factors that can potentially contribute to 
breathlessness exist, more advanced methods, such as ML algorithms, could be useful 
for revealing complex, nonlinear associations with breathlessness in the general 
population. If we focus on the clinical setting, it is challenging to identify the 
underlying condition(s) leading to breathlessness, which often results in multiple tests 
that increase health care costs and waiting times for patients. The existing strategies for 
evaluating breathlessness in clinical practice lack evidence, and we need to develop new 
diagnostic pathways to determine the underlying condition(s) leading to breathlessness 
that are based on the prevalence of health conditions in the general population and the 
economic costs of the tests. 
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Aims 

Overall aim 

The general aim of this thesis was to gain knowledge about breathlessness in the 
population in terms of the psychometric properties of multidimensional instruments 
for evaluating breathlessness, the prevalence of different breathlessness dimensions, 
factors associated with breathlessness, and how breathlessness is best evaluated with 
respect to economic costs. 

 

Specific aims 

I. To report the design and recruitment of the first two waves of a longitudinal 
prospective cohort study including older men. 

II. To validate the D12 and MDP for use in 73-year-old men in terms of the 
underlying factor structures, internal consistency, and validity. 

III. To determine the prevalence and intensity of different dimensions of 
breathlessness among elderly males and any associations with the duration, 
change over time and mMRC grade. 

IV. To identify the factors most strongly associated with breathlessness in the 
general population and to describe the shapes of the associations between the 
main factors and breathlessness. 

V. To develop a diagnostic pathway to identify underlying conditions leading to 
breathlessness with as low economic cost as possible. 
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Techniques to explore breathlessness. Image created by the author in collaboration with Bing 
Designer. 
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Methods 

This section introduces the populations and methods used in the substudies of this 
doctoral dissertation. First, the data collection and populations used in the substudies 
are described, and then the analysis methods used in each substudy are described 
separately. An overview of the methods used in the substudies is presented in Table 4. 

Table 4. Overview of the studies included in the thesis. 
Paper Population N Analysis method Main tests/algorithm 

I VASCOL study, wave 1 
and 2 

1302 Descriptive statistics Mean, standard deviation, and 
% 

II VASCOL study, wave 2 684 Psychometric testing Confirmatory factor analysis,  
Cronbach´s alpha, and Pearson´s 
correlation. 

III VASCOL study, wave 2 907 Traditional statistics % and Linear regression 

IV SCAPIS 28,730 Supervised machine 
learning 

eXtreme Gradient Boosting 
(XGBoost) 

V SCAPIS 1131 Reinforcement learning Advantage actor critic (A2C) 

Data collection for wave 1 of the VASCOL study was conducted between 2010 and 2011, that for wave 
2 of the VASCOL study was conducted in 2019, and that for the SCAPIS was conducted between 2013 
and 2018. All the analyses were cross-sectional. Abbreviations: VASCOL = VAScular and Chronic 
Obstructive Lung disease; SCAPIS = Swedish CArdioPulmonary bioImage Study. 

Description of the VASCOL study population (Papers I - 
III) 

The VAScular and Chronic Obstructive Lung disease (VASCOL) study is a 
longitudinal cohort study of older men’s health with a focus on vascular diseases and 
COPD that began in 2010. The men were initially recruited from a screening campaign 
for abdominal aortic aneurysms conducted in Blekinge County, Sweden. Men aged 65 
years who were living in Blekinge between 2010 and 2011 were invited to participate 
in the screening campaign. In the invitation letter for the screening, the men were also 
invited to participate in wave 1 of the VASCOL study. If the men agreed to participate 
in wave 1, spirometry and weight and height measurements were performed at the study 
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site in Karlshamn. The participants also completed a survey about their lifestyles and 
health conditions at home and brought the completed survey to the study site. 

In 2019, the men who were still alive and had a known address were invited to 
participate in a postal follow-up survey (wave 2). The focus of wave 2 of the VASCOL 
study focused more on breathlessness, other symptoms, lifestyle habits, QoL, and 
health conditions. The wave 2 survey comprised multiple questions to collect data on 
the following: self-reported weight, height, smoking history, perception of the duration 
of and changes in breathlessness, and health conditions. The Swedish versions of the 
following instruments were used in wave 2: the D12,38 MDP,39 mMRC scale,33 
Hospital Anxiety and Depression Scale (HADS),64 Functional Assessment of Chronic 
Illness Therapy-Fatigue Scale (FACIT-fatigue),65 Edmonton Symptom Assessment 
System-revised (ESAS-R)66 and Short-Form-12 health survey (SF-12).67 

Description of the SCAPIS population (Papers IV and V) 

The Swedish CArdioPulmonary bioImage Study (SCAPIS) was a cross-sectional 
multisite study including approximately 30,000 men and women aged 50 to 64 years 
from the Swedish general population. The objectives and data collection of the SCAPIS 
have been described in detail previously.68 Data were collected between 2013 and 2018 
at six different study sites: Lund/Malmö, Gothenburg, Linköping, Stockholm, 
Uppsala, and Umeå. At the study sites, data were collected from blood sample testing, 
CT, and physiological measurements. The participants also completed an extensive 
survey regarding their baseline characteristics, lifestyle habits, health conditions, and 
QoL. The participation rate in the SCAPIS was approximately 50%. The SCAPIS 
study population was considered generalizable for the Swedish population of the same 
age, with the exception that the SCAPIS population consumed more alcohol than the 
remaining Swedish population of the same age.69 

Paper I – Description of the data collection and 
requirements of the VASCOL study 

As this study only served as a protocol study for Study II and Study III, the results are 
only presented briefly. The data collection of the two waves of the VASCOL study were 
described with the frequency of participation and the dropout rate at each stage of data 
collection. The characteristics of the participants who participated in wave 1 were 
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compared with those of the participants who participated in wave 2 and those who did 
not (those who were deceased, whose address was unknown, or who did not return the 
survey). 

Paper II - Psychometric testing of the D12 and MDP 

Paper II was a psychometric evaluation study of the D12 and MDP with data from 
wave 2 of the VASCOL study. The aim of psychometrical evaluation is to evaluate the 
performance of survey instruments for psychological experiences,70 such as experiences 
of a specific symptom. With psychometrics, we can answer questions such as “Does the 
instrument measure what it intends to measure?”, and “Is the instrument reliable?”. 
Psychometric properties that are often of interest include underlying factor structures, 
internal consistency, and external/concurrent validity. The inclusion criterion for this 
analysis was complete data on the D12 and MDP. All analyses were conducted in R 
4.0.2 (R Foundation for Statistical Computing, Austria). 

Assessments 
The D12 comprises twelve items evaluating different dimensions of breathlessness, and 
each item is scored on a scale ranging from 0–3 points: “None” (0), “Mild” (1), 
“Moderate” (2), or “Severe” (3). The D12 can be summarised as the total score (range 
0–36 points) and physical (range 0–21 points) and affective (range 0–15 points) 
domain scores. The MDP has eleven items scored on a scale ranging from 0–10 points. 
The MDP can be summarised as the immediate perception (IP) score (six items) and 
emotional response (ER) score (five items). To describe overall breathlessness via the 
MDP, it is recommended to use subitem A1 (unpleasantness) to describe the overall 
unpleasantness of breathlessness.39 

Factor analysis 
Underlying factor structures relate to how individual items of a survey instrument relate 
to composite factors. This is especially important when one wants to summarise 
multiple items into a domain that describes something that can be used as an outcome 
variable.70 In this dissertation, the original underlying factor structures of the D1238 
and MDP39 were evaluated via confirmatory factor analysis (CFA). CFA is often used 
when a factor structure is based on the literature, whereas exploratory factor analysis 
can be used when a new survey instrument is developed. A CFA provides a factor 
loading estimate, which is a value of how much an item relates to its subdomain, and a 
higher score means that the item relates more to its subdomain. The CFA models were 
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evaluated via the root mean square error of approximation (RMSEA) and Bentler´s 
comparative fit index (CFI), both of which are measurements of goodness of fit. 

Internal consistencies 
The internal consistencies of the D12 and MDP total scores and subdomain scores 
were measured via Cronbach’s alpha. Cronbach’s alpha considers the variance in the 
items and total score as well as the number of items included. Cronbach’s alpha most 
often is a value between 0 and 1; a value above 0.8 is considered good, and a value 
above 0.9 is considered excellent.71 A better internal consistency suggests that an 
instrument is more reliable. 

Validity 
Validity relates to the ability of an instrument to measure what it was developed to 
measure. One approach to measure instrument validity is to evaluate how an 
instrument correlates with other already established instruments, so-called external 
validity. The validity of the D12 and MDP was measured via Pearson’s correlation, 
which yields a correlation coefficient between -1 and +1, indicating how much of a 
dependent variable is explained by an independent variable.71 The correlations among 
D12/MDP total scores, subdomain scores and the following measurements were 
determined: the mMRC score, ESAS-R breathlessness intensity (0–10), SF-12 physical 
and mental quality of life scores, HADS total score, anxiety and depression scores, 
FACIT-fatigue score, and BMI. 

To evaluate whether the instruments were able to capture physical and 
emotional/affective domains separately, so-called discriminative validity, the domain 
scores were correlated with measurements that are intended to measure factors of a 
physical or emotional/affective nature, respectively. For example, the D12 physical 
score should correlate more strongly with the SF-12 physical score than with the D12 
affective score. The physical breathlessness domain scores (MDP IP domain and D12 
physical domain) are hypothesised to correlate more strongly with the mMRC score, 
SF-12 physical score and BMI than the emotional/affective breathlessness domain 
scores (MDP emotional domain and D12 affective domain). Similarly, it is 
hypothesised that the emotional/affective breathlessness domain scores correlate more 
strongly with the SF-12 mental score, HADS total score and anxiety and depression 
scores than the physical breathlessness domain scores do. 
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Paper III - Prevalence of s different dimensions of 
breathlessness 

In this study, data from wave 2 of the VASCOL study were used to study the prevalence 
and intensity of symptoms in different dimensions of breathlessness and how these 
dimensions are associated with the duration of and changes in breathlessness. There 
were no specific inclusion criteria for this study, but data completeness varied between 
the instruments, meaning that the number of participants in each subanalysis varied. 
All analyses were conducted in R 4.0.2 (R Foundation for Statistical Computing, 
Austria). 

Assessments 
Breathlessness was evaluated via the mMRC scale, D12 and MDP. Changes in 
breathlessness since the age of 65 years were recalled and reported via the following 
response options: very much better (1), much better (2), minimally better (3), no 
difference (4), minimally worse (5), much worse (6) or very much worse (7). For the 
change in breathlessness, the response options were categorised as: better (1–3), no 
different (4) or worse (5–7). The participants also reported how many years they 
experienced breathlessness, reported as a duration of <1 year, 1–5 years, and >5 years. 

Prevalence and intensity 
To determine the prevalence of a factor such as breathlessness in a study, a definition 
of what is considered clinically significant was needed. As most previous prevalence 
studies of breathlessness have used the mMRC scale, the definition of clinically 
significant breathlessness corresponds to one of its categories for which a participant 
believes he or she would experience breathlessness (Table 1). When continuous scales 
such as the D12 or MDP are used, it can be more challenging to define clinically 
significant breathlessness. The minimal clinically important difference (MCID)72 is a 
concept used to define a significant difference in a score that could be important for a 
participant´s experience in comparison to statistically significant differences. The 
MCIDs for the D12 and MDP were established in a previous study73 74 and used as 
thresholds to determine the presence of breathlessness among the participants. The 
MCID for the D12 total score was 2.83, that for the D12 physical subdomain score 
was 1.81, and that for the affective subdomain score was 1.07. The MCID was 0.82 
for the MDP A1 unpleasantness score, 4.63 for MDP IP domain score, and 2.37 for 
the MDP ER domain score.73 74 

The presence of different breathlessness domains is expressed as the frequency and 
percentage. For the intensity of different experiences of breathlessness in the study 
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population, the mean and standard deviation (SD) are reported for the MDP items in 
a bar plot among participants experiencing an MCID above or equal to an MDP A1 
unpleasantness score of one. 

Associations among the mMRC grades, changes in breathlessness and duration of 
breathlessness 
To measure the associations among the independent variables (mMRC grade, changes 
in and duration of breathlessness) and the dependent variables (D12 and MDP domain 
scores), linear regression was used with reference categories of the independent 
variables. The reference categories were used to evaluate differences in the D12 and 
MDP domain scores among the categories of the independent variables. A grade of 0 
was used as the reference for the mMRC and compared with mMRC grade of 1–4. 
“Better” was used as the reference for changes in breathlessness and was compared with 
“no difference” and “worse.” A duration of “1–5 years” was used as the reference for 
the duration of breathlessness and was compared to “<1 year” and “>5 years”. For the 
analyses of the changes in and duration of breathlessness, participants with no 
breathlessness (mMRC grade of 0) and those who reported that their breathlessness was 
unchanged were excluded. The strengths of the associations derived from the linear 
regressions are reported with beta coefficients with 95% confidence intervals (CIs). A 
beta coefficient represents the estimated value of a dependent variable given the value 
of an independent variable. To compare scales (domain scores) of different ranges, the 
beta coefficients were scaled by dividing the coefficients by the maximum possible value 
of the scales, expressed as a percentage of the maximum range. 

Paper IV - Identifying factors associated with 
breathlessness via supervised machine learning 

In this study, the data from the SCAPIS were used to classify participants as having 
breathlessness or not having breathlessness on the basis of different factors (variables) 
via supervised ML. The strength of the associations among factors related to 
breathlessness was then measured. The exclusion criteria were the inability to walk for 
reasons other than breathlessness or the inability to understand written and spoken 
Swedish. All analyses were conducted in R version 4.1.2 (R Foundation for Statistical 
Computing, Austria). 



33 

Assessments 
Breathlessness was defined as an mMRC grade ≥2. A total of 449 factors were used to 
classify breathlessness, including the following: self-reported health conditions; BMI; 
spirometry results; CT-based cardiac and lung measurements; blood sample test results; 
self-reported physical activity levels; accelerometery results; and other symptom, 
treatment, and socioeconomic characteristics. 

As the table with the description of all the factors used in Study IV takes up 14 pages, 
it is not included in this dissertation but is provided in the supplementary materials for 
the published article (https://openres.ersjournals.com/content/10/2/00582-2023). 

Supervised machine learning 
Supervised ML has emerged as a novel method that can reveal nonlinear associations 
between factors and outcomes via many factors. The term “supervised” refers to the fact 
that the participants were classified by humans; in this study, participants were classified 
as experiencing “breathlessness” or “no breathlessness,” and the algorithm was then 
trained to classify the participants on the basis of the factors in the dataset. In supervised 
ML, a model is typically trained on a training set of the data and then evaluated on 
another set of the data that the model has not seen before, often called the test or 
validation set.75 During training, the settings of the algorithm, the so-called 
hyperparameters, are often tuned to achieve better performance. 

A common problem in ML studies is overfitting, which means that the model used 
overlearns the data it is trained on, meaning that it cannot make generalisations for data 
it has not seen before. When a model is overfit, it classifies the outcome well on data it 
has been trained on, but when classifying data it has not been seen before, model 
accuracy decreases considerably.75 This can be evaluated by examining the difference in 
classification accuracy between the training set and the validation set. 

In this study, the ML algorithm eXtreme Gradient Boosting (XGB)76 was used to 
classify participants as experiencing breathlessness or no breathlessness. XGB is a 
modern gradient boosting tree-based algorithm that uses regularisation to prevent 
overfitting. Data from the Stockholm study site were used as the test set (17% of the 
participants), and data from the remaining study sites were used as the training set. The 
model was developed by tuning the hyperparameters to achieve better performance 
with fivefold cross-validation on the training set. The model was ultimately evaluated 
on the test set and reached an area under the curve (AUC) of the receiver operating 
characteristic (ROC) of 0.81, with a sensitivity of 0.73 and a specificity of 0.89. This 
means that the model can make generalisations for unseen data. 
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Associations between different factors and breathlessness 
To explain the strength of the associations among the different factors used to classify 
breathlessness, SHapley Additive exPlanations (SHAP)63 values were used. SHAP 
values measure how much a value of an individual factor changes the probability of 
being classified as experiencing breathlessness among the participants, meaning that 
each participant receives a SHAP score for each factor. The SHAP score can be negative, 
which corresponds to the value of the factor decreasing the probability of being 
classified as experiencing breathlessness, or positive, which corresponds to the value of 
the factor increasing the probability of being classified as experiencing breathlessness. 
For example, a participant can have a BMI of 32 (obese), which gives a SHAP score of 
+0.3, increasing the probability of experiencing breathlessness; if a participant has a 
BMI of 22 (normal weight), the SHAP score is -0.2, meaning that the score decreases 
the probability of the participant being classified as experiencing breathlessness. The 
SHAP scores of factors can differ among participants who have the same value for a 
factor, which is based on the participants’ values of the other factors. For example, a 
BMI of 27 could lead to an increased SHAP score among men but not among women, 
meaning that a BMI of 27 is considered to contribute more to the probability of 
experiencing breathlessness among men than among women. This means that the 
algorithm can consider the synergistic effects of factors. 

As SHAP scores only describe the strength of the association of factors for individual 
participants, a measurement of the overall strength of an association is needed to 
describe the importance of each factor to breathlessness. To determine the overall 
strength of the association for each factor, the absolute mean values of the SHAP scores 
were calculated for all the factors among all the participants. 

To interpret the shape of the associations, plots were created with the participants’ 
factor values on the X-axis and the probability of experiencing breathlessness on the Y-
axis. To simplify these interpretations, locally estimated scatterplot smoothing lines 
were added to the plots, which shows an average association between the X-axis and Y-
axis over the plots. 

The methodological approach was previously validated in a pilot study77 outside this 
dissertation using data from wave 2 of the VASCOL study to explore the importance 
of factors related to self-perceived health and, later, in a study exploring factors related 
to health-related QoL using data from the SCAPIS.18 
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Paper V - Developing a diagnostic pathway for identifying 
health conditions for breathlessness via reinforcement 
learning 

In this study, the data from the SCAPIS were used to develop a diagnostic pathway for 
identifying underlying health conditions leading to breathlessness. The inclusion 
criterion was having clinically significant breathlessness, which was defined as an 
mMRC score ≥2 points. The exclusion criteria were the inability to walk for reasons 
other than breathlessness or the inability to understand Swedish. All analyses were 
conducted in Python version 3.9.15 (Centrum voor Wiskunde en Informatica, 
Netherlands). 

Underlying conditions and patient categories 
The underlying conditions were first listed in a narrative review performed outside this 
work.46 Then, ten researchers with different backgrounds independently provided 
feedback on the list of underlying conditions (clinical physiology, respiratory, 
cardiology, and family medicine). Underweight/obesity and anaemia were defined on 
the basis of World Health Organization (WHO) standards.78 The following underlying 
conditions were defined on the basis of previous studies: chronic airflow limitation 
(CAL),79 restrictive spirometry pattern,80 pulmonary fibrosis (PF) or fibrotic interstitial 
lung abnormality ILA (FILA),81 reduced diffusion lung capacity,82 pulmonary 
emphysema,83 stress, depression,84 and heart failure.85 See Table 5 for the final included 
underlying conditions and their definitions. 

The tests used in the SCAPIS to define the underlying conditions are not necessarily 
the tests that would be used to identify underlying conditions in health care settings. 
Therefore, to realistically calculate the costs of identifying underlying conditions in 
health care, a separate list of tests that would be used in health care settings was defined 
by the researchers. The cost for each test in health care settings was then derived from 
a price list from the Scania Regional Council86 (Table 5). The ‘primary care visit’ tests 
included basic examinations, including examinations assessing underweight, obesity, 
sedentary lifestyle, depression and stress status. 
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Table 5 – Underlying conditions contributing to breathlessness, tests to identify the underlying conditions, and costs 
associated with the tests. 

Condition Definition of the presence of 
the condition in the SCAPIS 
database 

Test to identify the 
condition in clinical care 

Cost of the test(s) needed to 
identify the condition in clinical 
care (SEK and Euro) 

Chronic airflow 
limitation (CAL) 

Post bronchodilator FEV1/FVC 
< LLN 

Spirometry 873 SEK 
 

€76 

Restrictive spirometry 
pattern 

FVC < LLN and FEV1/FVC ≥ 
LLN post bronchodilation. 

Lung volume and 
diffusion capacity 

2209 SEK 
 

€193 

Asthma Self-reported of physician 
diagnosis. 

Spirometry 873 SEK €76 

Anaemia Haemoglobin level <110 g/L Blood sample testing 289 SEK 
 

€25 

Age 63+ years (potential 
age-related impairment) 

63+ years Primary care visit 0 SEK €0 

Obesity BMI ≥30 Primary care visit 0 SEK €0 

Underweight BMI ≥19 Primary care visit 0 SEK €0 

Atrial fibrillation or 
another arrhythmia 

Self-reported physician 
diagnosis 

ECG 486 SEK 
 

€42 

Low physical activity Sedentary lifestyle response to 
the physical activity questions in 
the SCAPIS 

Primary care visit 0 SEK €0 

Heart failure NT-pro-BNP value > upper 
limit of normal (ULN) 

Ultrasound, NT-pro-BNP 2648 SEK 
 

€231 

Pulmonary fibrosis (PF) 
or Fibrotic ILA  

PF = presence of honeycombing 
on lung CT; Fibrotic ILA = 
presence of honeycombing 
and/or reticular pattern with 
bronchiectasis on lung CT. 

CT, lung volumes, and 
diffusion capacity 

5501 SEK €481 

Depression Question about depression in 
the SCAPIS; “yes” on all 
questions about depression. 

Primary care visit 0 SEK €0 

Stress Question about stress in the 
SCAPIS equal to constant stress 
for the past five years 

Primary care visit 0 SEK €0 

Pulmonary emphysema The presence of emphysema 
defined as at least mild 
emphysema (grade 1) in any 
location from the SCAPIS 
dataset 

CT 3292 SEK 
 

€288 

Ischaemic heart disease Self-reported PCI or bypass 
surgery and previous heart 
attack. 

ECG and CT angiography 
or stress echocardiography 

3892 SEK 
 

€340 

Reduced diffusion lung 
capacity 

DLCO <LLN Lung volumes and 
diffusion capacity 

2209 SEK 
 

€193 

Valvular heart disease Self-reported physician 
diagnosis or Aortic valve 
calcification found on CT. 

CT 3292 SEK 
 

€288 

Abbreviations: BMI = body mass index; CT = computed tomography, DLCO = diffusing capacity for 
carbon monoxide, ECG = electrocardiogram, FEV1 = forced expiratory volume in 1 second, FVC = forced 
vital capacity, ILA = interstitial lung abnormality, LLN = lower limit of normal, NT-pro-BNP = N-terminal pro 
b-type natriuretic peptide, PCI = percutaneous coronary intervention, SCAPIS = multicentre Swedish 
CArdioPulmonary bioImage Study, WHO = World Health Organization. 
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Analysis 
To develop diagnostic pathways for relevant patient categories, the participants were 
categorised into four patient categories: women with <20 pack-years of smoking (1), 
women with ≥20 pack-years of smoking (2), men with <20 pack-years of smoking (3), 
and men with ≥20 pack-years of smoking (4).87 

RL is a subtype of AI that can be used to solve tasks, for example, playing chess or 
driving a car. In RL, a specific model that is learning to solve a task is called an agent. 
RL agents are trained in environments that are often simulated environments such as a 
computer chess game or a car simulator. These environments give the RL agent 
information about the world in which it trains, such as where chess pieces are located 
or the sight of the car. The environment also presents what happens after each step, 
such as when a chess piece is knocked out, it is removed from the board. The 
environment also tells the agent if the game is over (after a win, loss or draw in chess) 
and the model then starts a new game of chess.88 RL agents learn by receiving a reward 
score, which is an indicator of how well they are performing the task and is often given 
after an action, e.g., knocking out one of the opponent’s chess pieces or parking a car 
successfully. When creating the environment, a human decides the value of the reward 
scores for different actions to motivate the agent to engage in certain behaviours. For 
example, by providing a higher reward score for knocking out an opponent’s queen 
than for knocking out a pawn in a game of chess, the agent learns that it is more valuable 
to attack the queen than a pawn. The reward score can also be given as a summarised 
score after a game (or “episode”) is over. The reward can also be negative. For example, 
if a model is simulated to learn to drive a car, crashing into another car would yield a 
negative reward score, which results in the model learning to avoid crashing (this is also 
one of the reasons we use simulations and not real life for agent learning). 88 60 89 

In the present study, a simulated environment for the clinical evaluation of 
breathlessness was created to train the agent (Figure 1), and by observing how the agent 
acted after it was trained, a diagnostic pathway was created. The reward function was 
defined as the summarised costs of the tests that were not used after all underlying conditions 
had been identified for an individual participant. The specific RL algorithm used in the 
present study is called Advantage Actor Critic (A2C). Briefly, A2C uses two deep neural 
networks to learn tasks. One neural network is the actor, which estimates the reward 
for the possible action before deciding the next action. The other neural network acts 
as a critic to the other neural net. This helps the agent avoid overestimating the 
presumed award for future actions and ultimately leads to better learning by the agent. 
A2C has been used to solve multiple advanced tasks and is considered a state-of-the-art 
RL algorithm to date.90 



38 

The dataset was randomly divided into training (80%), test (10%) and validation 
(10%) sets. The training set was used for the simulation and was iterated 300,000 times 
so that the agent would converge and learn an optimal diagnostic pathway for each 
patient category. The hyperparameters of the algorithm were adjusted to achieve better 
performance, and the algorithm was tested on the test set. When the best 
hyperparameters were identified, the model was validated on the validation set to 
evaluate the generalisability and potential overfitting of the agent. The following steps 
were included in the simulation and can be seen in Figure 1: 

1. A participant is randomly selected from the dataset. 

2. The environment presents the participant’s patient category and which tests 

have been done thus far to the agent (none if this is the first time). 

3. The agent chooses one test to perform. 

4. The environment presents whether all underlying conditions are identified or 

whether there are remaining conditions to be identified. 

5. If conditions remain to be identified, the agent returns to step 3. If all 

underlying conditions are identified, the agent is given the reward score and 

starts at step 1. As an exception, if all tests have been tried and no underlying 

condition(s) have been identified, the agent is given the reward score and starts 

at step 1. 
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Figure 1. Simulated environment for the clinical evaluation of breathlessness. 

The agent performed similarly (mean cost per participant to identify all underlying 
conditions) on the training (€391) and validation sets (€419), which means that the 
agent could generalise to participants for whom it has not been trained, and this did 
not indicate overfitting. 

To create a diagnostic pathway for each patient category, the agent was allowed to 
choose tests for one patient from each patient category, and the different strategies used 
by the agent were observed. None of the patients had any identifiable underlying 
conditions, so the agent would only stop after it tried all the available tests. Via this 
approach, the agent chose tests in order for each patient category until it had tried all 
eight available tests. The observed strategies were visualised as diagnostic pathways for 
each patient category, with the percentage of participants with all underlying conditions 
identified after each step. 
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Ethical considerations 

The data collection and analyses in wave 1 of the VASCOL study were approved by 
the ethics committee at Lund University (ref: 2008/676), and the data collection and 
analyses of wave 2 of the VASCOL study were approved by the Swedish Ethical Review 
Authority (ref: 2019-00134). The data collection of the SCAPIS was approved by the 
ethics committee at Umeå University (ref: 2010–228-31 M), and the analyses of the 
SCAPIS data included in this dissertation were approved by the Swedish Ethical Review 
Authority (ref: 2021-00288). All the participants in the VASCOL study and SCAPIS 
provided written informed consent. 
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Can we learn anything from machines? Image created by the author in collaboration with Bing 
Designer. 
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Results 

An overview of the participant characteristics in each study is presented in Table 6, and 
the analytic findings of the studies are presented separately in each section. The number 
of included participants in each study varied due to the different inclusion criteria. The 
characteristics of waves 1 and 2 of the VASCOL study are presented in more detail in 
the Results section of Paper I. 

Table 6 – Participant characteristics in Studies II–V. 
Study II III IV V 

Source VASCOL study, 
wave 2 

VASCOL 
study, wave 2 

SCAPIS SCAPIS 

N 684 907 28 730 1209 
Age, mean (SD)  73.2 (0.67 57.5 (4.3) 58.2 (4.4) 
Male sex, n (%) 684 (100%) 907 (100%) 13 929 (48%) 379 (31%) 
BMI 27.2 (3.9) 27.1 (3.8) 26.9 (4.4) 31.00 (5.96) 
Smoking status     
    Daily 34 (5%) 41 (6%) 2119 (7) - 

    Sometimes 7 (1%) 11 (1%) 1389 (5) - 
    Former smoker 404 (60%) 530 (59%) 10 382 (36) - 
    Never smoker 231 (34%) 310 (35%) 14 473 (50) - 
mMRC score, n (%)     
0 453 (68%) 606 (67%) - 0(0%) 
1 98 (15%) 120 (13%) - 0(0%) 
  ≥2 117 (18%) 154 (18%) 1209 (4.2%) 1209 (100%) 
Self-reported health 
conditions 

    

COPD, n (%) 26 (4%) 32 (4%) 321 (1%)* 215 (18%)** 
 

Asthma, n (%) 35 (5%) 47 (5%) 2288 (8%)  
Atrial fibrillation 105 (16%) 

 
135 (16%) - 49 (4%) 

Heart failure, n (%) 27 (4%) 35 (4%) 141 (1%) 223 (18%)*** 
 

The values are reported as the mean (standard deviation) or frequency (%). *Also includes self-reported 
chronic bronchitis or emphysema. ** Chronic airflow limitation. *** Not self-reported, definition was based 
on a definition used in a previous study.85 
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Data collection and requirements for the VASCOL study 
(Study I) 

The flowchart of the data collection process in the VASCOL study with the number of 
recruited participants at each step and the reasons for drop-out are presented in Figure 
2. A total of 1900 men were invited to participate in the screening, 1762 of whom 
agreed to participate; among these participants, 1302 participated in wave 1 of the 
VASCOL study. 

In 2019, a total of 106 of the participants in wave 1 had died, and 3 had an unknown 
address. The men who were still alive and had a known address were invited to 
participate in the postal survey in wave 2; initially, 829 men completed the survey, and 
an additional 78 men completed the survey after a reminder was sent approximately 
two weeks after the first mailing. A total of 907 men participated in wave 2 of the 
VASCOL study. 
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Figure 2. Flowchart of the recruitment of participants in waves 1 (baseline) and 2 (follow-up) of the 
VASCOL. 
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The characteristics of the men in wave 1 are shown in Table 7, with a comparison 
between the men who later participated in wave 2 and those who did not. Overall, men 
who did not participate in wave 2 were more likely to be obese, current smokers, have 
a greater number of pack-years, and have diabetes or COPD. 

Table 7. Characteristics of the men who participated in wave 1 of the VASCOL, with a comparison between men 
who later participated in wave 2 and those who did not. 

Factor Participated in wave 2 Did not participate in wave 2 

Body mass index (kg/m2) 28.1 (4.0) 28.5 (4.4) 
Normal weight, BMI 18.5–24.9 184 (21%) 76 (20%) 
Overweight, BMI 25–29.9 470 (53%) 191 (50%) 
Obesity, BMI >=30 234 (26%) 118 (31%) 
FEV1, % predicted 88.5 (14.7) 84.3 (15.8) 
FVC, % predicted 86.3 (13.0) 83.4 (13.1) 
FEV1/FVC < 0.7 157 (17%) 85 (22%) 
Smoking status   
  Current 91 (10%) 77 (19%) 
  Former 514 (57%) 193 (49%) 
  Never 302 (33%) 125 (32%) 
Pack-years of smoking 13.7 (17.4) 18.4 (22.6) 
University/college or professional school 
education 

381 (44%) 139 (38%) 

Self-reported conditions   
  Hypertension 507 (56%) 218 (55%) 
  Diabetes 79 (9%) 53 (13%) 
  Asthma 47 (5%) 24 (6%) 
  COPD 13 (1%) 16 (4%) 

The values are reported as the mean (standard deviation) or frequency (%). These are the characteristic 
of the men who participated in wave 1 from 2010–2011. Abbreviations: BMI = body mass index, COPD 
= chronic obstructive pulmonary disease,  FEV1 = forced expiratory volume in 1 second, FVC = forced 
vital capacity. 
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Psychometric properties of the D12 and MDP in a 
population-based setting (Study II) 

A total of 684 participants had complete D12 and MDP data from wave 2 of the 
VASCOL and were included in the study. Among the participants, the mean BMI was 
27.2, and 445 (65%) were classified as ever smokers. A total of 26 (4%) participants 
had COPD, 35 (5%) had asthma, and 27 (4%) had heart failure (Table 6). 

Factor structure 

Figure 2 presents the results from the CFA. Most of the items of the D12 and MDP 
presented good factor loadings, but the D12 item “My breath does not go in all the 
way” and the MDP item “Breathing a lot” had lower factor loadings. The fits of the 
CFA models were not excellent for the D12 (RMSEA=0.137, CFI=0.914) and MDP 
(RMSEA=0.134, CFI=0.928). 
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Internal consistency 

The internal consistency of the D12 and MDP are presented in Table 8. Both the D12 
and MDP presented excellent internal consistency with respect to the total scores, and 
the domain scores had Cronbach's alpha estimates above 0.90. 

Table 8 - Internal consistency of the D12 and MDP 
Variable Cronbach's alpha estimate 

D12 total score 0.956 

D12 physical domain score 0.924 

D12 affective domain score 0.936 

MDP total score 0.943 

MDP immediate perception subdomain score 0.932 

MDP emotional response subdomain score 0.939 

An increased Cronbach's alpha estimate represents better internal consistency, and a score above 0.8 is considered good, 
whereas a score above 0.9 is considered excellent. 

 

Validity 

The validity of the D12 and MDP is presented in Figure 3. Overall, the total scores 
and subdomain scores of the D12 and MDP were correlated with each other and the 
ESAS-R breathlessness score, indicating the external validity of the scales. Discriminant 
validity was confirmed by the D12 physical domain score, and the MDP-IP domain 
score were strongly correlated with the SF-12 physical QoL score compared with the 
D12 affective and MDP emotional subdomain scores. The D12 affective and MDP 
emotional domain scores were more strongly correlated with the SF-12 mental QoL 
score than were the D12 physical domain score and the MDP-IP subdomain score. 
Compared with the D12 affective domain and MDP emotional domain scores, the 
D12 affective domain and MDP emotional domain scores were more strongly 
correlated with the HADS anxiety and depression scores, indicating discriminant 
validity. 
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Figure 3. Validity of the D12 and MDP domains. The estimates are Pearson´s correlation coefficients 
and are also represented by colour intensity. Abbreviations: Body mass index = BMI, D12 = Dyspnoea-
12, MDP = Multidimensional Dyspnoea Profile, IP = Immediate Perception, ER = Emotional Response, 
mMRC = Modified Medical Research Council dyspnea scale, ESAS-r = Edmonton Symptom 
Assessment System-Revised, HADS = Hospital Anxiety and Depression Scale; SF-12 PCS = short-
form 12-item (version 2) physical health composite score; SF-12 MCS = short-form 12-item (version 2) 
mental health composite score. 
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Prevalence of different dimensions of breathlessness among 
older men in the general population (Study III) 

The mean (SD) BMI of the participants was 27.1 (3.8), 530 (59%) were former 
smokers, and 41 (6%) were current smokers. A total of 47 (5%) participants had 
asthma, and 32 (4%) had COPD (Table 6). 

Prevalence and intensity of different dimensions of breathlessness 
The prevalence of breathlessness was 144 cases (17%) according to the D12 total score 
and 33% according to the MDP A1 unpleasantness score. The prevalence of 
breathlessness was 162 cases (19%) according to the D12 physical domain score and 
120 (17%) according to the MDP IP subdomain score. The prevalence was 89 cases 
(10%) for the D12 affective domain score and 134 cases (17%) for the MDP ER 
subdomain score. The intensities of the MDP items among participants with an MCID 
above or equal to a score of one on the MDP A1 unpleasantness domain are presented 
in Figure 4. 
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Figure 4. Intensity of symptoms in different dimensions of breathlessness. The bars represent the 
mean score of the MDP items (range 0–10 points), and the whiskers represent the standard deviation. 
Immediate perception comprises the sensory qualities together with the A1 item. 

Dimension associations with the mMRC score and changes in and duration of 
breathlessness 
An increased mMRC score was associated with increased D12 total, physical and 
affective domain scores (Figure 5), as well as increased MDP A1 unpleasantness, IP and 
ER subdomain scores (Figure 6). The participants who reported that their 
breathlessness worsened had higher D12 total, physical and affective scores than did 
the participants who reported that their breathlessness was better or no different. This 
association was not as evident when breathlessness was estimated with the MDP scores. 

Overall, participants who experienced breathlessness for less than one year had higher 
scores in all breathlessness domains than did participants who experienced 
breathlessness for one to five years. At the same time, participants who experienced 
breathlessness for more than five years had worse domain scores than did participants 
who experienced breathlessness for one to five years (Figure 5 and Figure 6). 
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Factors associated with breathlessness in the general 
population (Study IV) 

A total of 28 730 (52% women) were included in the study. The participants had a 
mean (SD) age of 57.5 years (4.3) and a mean (SD) BMI of 26.9 (4.4). The prevalence 
of asthma was 8%, that of COPD, chronic bronchitis or emphysema was 1%, and that 
of heart failure was 1% (Table 6). Breathlessness was present in 4% of the participants. 

Factors important to breathlessness 
The strengths of the associations between associated factors and breathlessness are 
presented in Figure 7. The factors most strongly associated with breathlessness were 
(SHAP absolute mean) BMI (SHAP absolute mean: 0.39), followed by the forced 
expiratory volume in 1 second (FEV1) (SHAP absolute mean: 0.32), vigorous-intensity 
physical activity measured by accelerometery (SHAP absolute mean: 0.27), sleep 
apnoea (SHAP absolute mean:  0.22), and the diffusion capacity for carbon monoxide 
(SHAP absolute mean: 0.21). 
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Shapes of the associations between associated factors and breathlessness 
The changes in the probabilities of the most important factors contributing to 
breathlessness are presented in Figure 8. An increased BMI was associated with an 
increased probability of experiencing breathlessness, and a BMI above 30 was strongly 
associated with breathlessness. A lower FEV1 was associated with breathlessness as well 
as a lower diffusion capacity for carbon monoxide. A lower degree of physical activity, 
both self-reported and measured via accelerometery, was associated with breathlessness. 
Having sleep apnoea, pain or discomfort in the chest when hurrying or walking, having 
recently gained or lost weight, and having a cough when not having a cold was 
associated with experiencing breathlessness. 
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Figure 8. Shapes of the associations between associated factors and breathlessness. The dots 
represent the participants’ factor values (X-axis). The Y-axis represents the probability of experiencing 
breathlessness, values above the dashed line indicate a greater likelihood of experiencing 
breathlessness, and values below the dashed lines indicate a greater likelihood of not experiencing 
breathlessness. The red lines are locally estimated scatterplot smoothing lines, which are the average 
values of the participants’ factor values. Numbers corresponding to self-reported physical activity in the 
last 12 months: 0 = never, 1 = from time to time, 2 = one or two times a week, 3 = two or three times a 
week or more. Abbreviations: FEV1: forced expiratory volume in 1 second; HsCRP: high-sensitivity C-
reactive protein. 
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A diagnostic pathway for evaluating breathlessness (Study 
V) 

A total of 1209 (69% women) participants had clinically significant breathlessness and 
were included in the study. Of these participants, 238 (20%) were men with <20 pack-
years of smoking, 141 (12%) were men with ≥20 pack-years of smoking, 608 (50%) 
were women with <20 pack-years of smoking, and 222 (18%) were women with ≥20 
pack-years of smoking. 

The mean (SD) age was 58.2 years (4.4), and the mean (SD) BMI was 31.00 (5.96). 
The most common underlying conditions were obesity (54%), low levels of physical 
activity (35%), stress (25%), asthma (20%), heart failure (18%), CAL (18%), reduced 
diffusion capacity (17%), and cardiac valvular heart disease (12%). 

The diagnostic pathways for all patient groups are shown in Figure 9. For all patient 
groups, a primary care visit was suggested as step one, followed by spirometry. Lung 
CT was suggested as step three, except for women with <20 pack-years of smoking, for 
whom it was suggested as step six. Overall, tests for lung diseases were recommended 
before heart disease and blood tests. 

The percentage of participants for whom all underlying conditions were identified early 
in the diagnostic pathway increased considerably. After step one, 37% of the 
participants had all underlying factors identified, 51% after step two, 61% after step 
three, 75% after step four, 83% after step five, 90% after step six, 91% after step seven, 
and 92% after step eight. Eight percent of the participants had unknown underlying 
factor(s) contributing to their breathlessness after all ten steps. Compared with patients 
with <20 pack-years of smoking, for those with ≥20 pack-years of smoking, a lower 
percentage of all underlying conditions were identified early in the diagnostic pathway 
(Figure 9). 
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Colourful perspectives. Image created by the author in collaboration with Bing Designer. Inspired by 
works by Vincent Van Gogh. 
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Discussion 

Main findings 

Psychometric properties of the MDP and D12. 

In Study II, we found that the D12 and MDP are valid for use in epidemiological 
studies. The D12 and MDP domains showed good validity and correlated well with 
each other, with other breathlessness measurements and with measurements of anxiety, 
depression, fatigue, and physical and mental QoL. The internal consistency was high, 
suggesting that the instruments are reliable. The Cronbach’s alpha estimates in our 
study were similar to or greater than those in a previous review of the psychometric 
properties of the D12 and MDP.40 

The D12 and MDP each had one item that had a lower factor loading than the other 
items did, meaning that the items did not fully belong to the proposed domain. Our 
study included participants with multiple underlying conditions, in contrast to 
previous studies, which included only participants with cardiorespiratory conditions.38 

39 This suggests that dimensions are experienced differently among participants with 
noncardiorespiratory disease as their main underlying condition, and these experiences 
might be less relevant for participants with, for example, obesity or anxiety as their main 
underlying condition. It is also reasonable to believe that the variance in the dimensions 
is greater in the VASCOL population with various underlying conditions than in the 
clinical cohort selected on the basis of one underlying condition. Notably, the factor 
structure has been confirmed in only a few studies,40 which suggests that the factor 
structure should be evaluated further. 

In this study, a novel finding was the discriminative validity of the D12 and MDP for 
BMI and physical and mental QoL, which are often measured in epidemiological and 
public health studies. The D12 and MDP correlated moderately with each other but 
not perfectly, which further supports that they are not interchangeable,40 and the choice 
of the instruments in future studies can be based on the study context. 
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Prevalence of different dimensions of breathlessness. 

We found that breathlessness is highly prevalent among the older male population, as 
more than one-third of the study population reported that their breathlessness was 
unpleasant and approximately one-fifth experienced symptoms of breathlessness in a 
physical domain and/or an emotional domain. Overall, the intensities of the symptoms 
were similar, with no dimension dominating the overall experience of breathlessness. 

As this is the first epidemiological study of breathlessness from a multidimensional 
perspective, comparisons with previous studies are limited. Our study and a previous 
smaller clinical study91 included participants with various underlying conditions, and 
both studies reported similar intensities of symptoms across the MDP dimensions. In 
a smaller clinical study of COPD patients, the MDP dimensions showed different 
characteristics in terms of the intensities of the scores.92 This suggests that different 
dimensions can be related to different pathological processes, as suggested previously,1 
but this needs to be further investigated. 

The domain scores of the breathlessness instruments increased stepwise with increasing 
mMRC grade, indicating that the severity of exertional breathlessness was strongly 
associated with adverse experiences of breathlessness. In particular, people who had 
trouble performing everyday tasks such as dressing or leaving home (mMRC grade of 
3-4) experienced high-intensity, unpleasant, physical, emotional, and affective 
symptoms of breathlessness. With these findings in mind, health professionals should 
assess overall well-being among patients with breathlessness rather than only focusing 
on the limitations induced by symptoms19 or only treating the underlying condition(s). 
The mMRC scale is often used as a screening tool in health care settings,93 but the 
multidimensional instrument can be used for further evaluation, especially among 
patients with higher mMRC grades. 

Participants who experienced breathlessness for a duration of one to five years 
experienced symptoms that were milder than those experienced by participants who 
experienced breathlessness for longer or shorter durations. This suggests that people can 
learn to cope with their symptoms over time, but as underlying conditions progress, 
the symptoms of breathlessness become more challenging to control. Similarly, this has 
previously been suggested for the association between the duration of breathlessness 
and QoL.14 16 Based on these findings, healthcare professionals should evaluate the 
overall well-being of patients experiencing breathlessness for the first time and continue 
monitoring them over time. 
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Factors associated with breathlessness identified through machine learning. 

Obesity, reduced lung function, a sedentary lifestyle, and sleep apnoea were the factors 
most strongly associated with breathlessness in the middle-aged general population. 
This finding suggests that breathlessness is associated with multiple factors, not only 
cardiorespiratory conditions. These factors can be targets for future public health 
interventions. 

Study IV was an explorative study that included physiological, psychological, social, 
and environmental factors. This is different from many previous studies in which 
cardiorespiratory conditions were predefined and then tested regarding their 
associations with breathlessness.46 The shapes of the associations were also explored in 
this study, which provides new insights into the factors associated with breathlessness. 

The association between BMI and breathlessness was recently studied94 95, and Study 
IV revealed a strong association between obesity and breathlessness, providing new 
insight into the shape of the association between an increased BMI and breathlessness. 
This study supports the obesity threshold (BMI >30) set by the WHO, as a BMI above 
30 is strongly associated with breathlessness. The obesity threshold has already been 
established as a predictor of mortality and diseases such as diabetes and cardiovascular 
diseases,96 97 but the present study also suggested that the threshold of obesity is highly 
relevant for life-limiting breathlessness. The link between BMI and breathlessness is 
suggested to be due to the extra workload from a heavier body, as suggested 
previously.94 An increased BMI and a sedentary lifestyle might have a confounding 
association with breathlessness, meaning that an increased BMI contributes not to 
breathlessness but rather to a sedentary lifestyle. However, the present study adjusted 
for many factors, and an increased BMI and a sedentary lifestyle were independently 
and strongly associated with breathlessness. 

Physical activity, measured by both accelerometery and self-reports, was strongly 
associated with breathlessness. The study included different accelerometery 
measurements, but, among all the accelerometery measurements, the amount of 
vigorous-intensity physical activity by far had the strongest association with 
breathlessness. This suggests that people with exertional breathlessness avoid exercise 
because of the life-limiting symptoms, as suggested previously.98 

Reduced lung function was strongly associated with breathlessness, as measured by a 
lower FEV1 and diffusing capacity for carbon monoxide (DLCO). Although the present 
study provides evidence of the association between a lower FEV1 and breathlessness, 
the evidence is sparse overall.46 99 Overall, lung function tests were more strongly 
associated with breathlessness than were CT measurements, which is a novel finding. 
These findings suggest that, compared with CT, lung function assessments could be 
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better for the overall assessment of breathlessness in population studies. This study 
revealed a category of extensional breathlessness that should be directly related to the 
capacity and function of the lungs, and we do not know whether CT could reveal more 
about the different dimensions of breathlessness. 

A diagnostic pathway to identify underlying medical conditions associated 
with breathlessness. 

The diagnostic pathway presented in Study V was developed with a novel AI approach 
and considered the prevalence of underlying conditions in the general population and 
economic costs. With a mean cost of €419 per participant, the diagnostic pathway 
could identify all underlying conditions in 92% of the participants. The pathways were 
similar for the different patient groups overall, but performing CT early in the pathway 
for women with less than 20 pack-years of smoking was not considered valuable. The 
last step of the diagnostic pathway included ECG, haemoglobin (Hb) tests, and 
evaluations for ischaemic heart disease (IHD), but these did not add much to the overall 
percentage of participants with all underlying conditions identified. 

This study supports the importance of including spirometry early in the evaluation of 
breathlessness, as previously suggested.50 In the general population, it is more important 
to test for respiratory diseases earlier than cardiovascular diseases. The developed 
diagnostic pathway included underlying conditions that have not always been 
considered relevant conditions for breathlessness in earlier diagnostic pathways, such as 
obesity, anxiety, and depression.49 50 

Different arms of the pathway have been developed for clinically relevant patient 
groups, and this approach can be useful because of the associations of sex and smoke 
exposure with many underlying conditions.100 101 102 The middle-aged study population 
is highly relevant, as chronic conditions are more common in middle-aged people than 
they are in younger people; 8 103 however, on average, the middle-aged population still 
has many years to live. This means that evaluating and identifying underlying 
conditions causing life-limiting symptoms in middle-aged people is highly important. 
Since availability, costs, and routines differ worldwide, the pathway can be adjusted 
accordingly to meet the needs of different contexts. From a wider perspective, the 
overall suggestion is that all patients should undergo a primary care visit, followed by a 
full examination of the lungs and then an examination of their heart. Complementary 
tests, including blood sample tests, can be performed as last steps if there are other 
suspected underlying conditions. As a last step, if underlying condition(s) are still 
suspected after following the diagnostic pathway, evaluation in a specialised clinic via a 
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cardiopulmonary exercise test (CPET) could be considered,104 which could reveal 
underlying conditions that the tests in our study would fail to identify. 

 

Strengths and limitations 

The overall strengths of the VASCOL studies (Studies I–III) include that only men of 
the same age were included, reducing the risk of bias from age and sex. Overall, the 
cohort is generalizable to men of the same age in Sweden, and the findings of the studies 
are likely generalizable to men of similar age in other high-income countries. Study II 
included a large sample size, which is rare for psychometric studies. The study also 
included a large variety of participants with and without underlying conditions, 
meaning that the psychometric properties can be relevant for a wide variety of 
underlying conditions. The reliability of the study is supported by the fact that the 
resulting estimates are similar to those of a previous meta-analysis of the psychometric 
properties of the D12 and MDP.40 Further strengths of Study III include the use of 
MCIDs, which reflect relevant experiences for the participants and simplifies 
comparisons between different domains of breathlessness. Additionally, the validated 
instruments used to assess breathlessness in Study III strengthen the validity of the 
findings. 

 

The overall strengths of the SCAPIS (Studies IV and V) include the large number of 
participants who are representative of the Swedish middle-aged population,69 which 
supports the generalizability of the study. The strengths of Study IV include the data-
driven approach with many factors, which means that a multitude of factors could be 
evaluated fairly without prespecified hypotheses. The ML approach could identify 
potential nonlinear and complex associations that could be missed by traditional 
statistical methods. The model was evaluated on a test set that was based on a separate 
study site, which supports the generalisability of the associations found in the study. 
The strengths of Study V include the use of a random population sample, which better 
reflects people seeking help regarding their breathlessness in primary care than do 
participants in smaller clinical studies. Study V included data from all included 
participants and not only from people seeking care or specific clinical groups, which 
reduces the risk of bias from health care-seeking behaviours. The data-driven approach 
means that the prevalence of underlying conditions and economic costs were the 
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driving factors in the development of the diagnostic pathways and, to a lesser extent, 
presumptions and previous knowledge. 

 

Limitations of the VASCOL studies (Studies I - III) include that only older men were 
included, which means that we cannot generalise the findings to women and younger 
people. The VASCOL study plans to recruit women and younger people in the future. 
The limitations of Study II include that there was no testing of the reliability of the 
instruments over time with test-retest methods. However, previous studies have shown 
that the instruments are reliable over time.40 Study II did not include many participants 
with extremely severe breathlessness, and the validity and reliability of the instruments 
could be lower in this group. There are also more modern psychometric testing 
methods, such as the Rasch methods, that can be considered and have previously been 
used for the D12 and mMRC scale.34 38 The limitations of Study III include that the 
change in and duration of breathlessness were recalled and not actually measured over 
time, which introduce the risk of recall bias. 

 

Overall, the limitations of the SCAPIS studies (Studies IV and V) include the inclusion 
of a middle-aged population, and the findings cannot be generalised to younger or older 
people, who are likely to have different frequencies of underlying conditions 
contributing to breathlessness as well as different lifestyle habits and socioeconomic 
factors. The limitations of Study IV include that the model in had an acceptable but 
not excellent AUC, but in terms of ML, the outcome was uncommon in the dataset, 
which makes it challenging to reach an excellent AUC. XGBoost often performs well,76 
and the use of another algorithm, such as a random forest or support vector machine, 
would probably not result in better performance; however, it could be a good idea to 
compare the performance of different algorithms in Study IV. Breathlessness was 
measured with the mMRC scale in the SCAPIS, and future studies should include 
measurements of multidimensional breathlessness. The limitations of Study V include 
that the study assumed that all underlying conditions would contribute equally to 
breathlessness, which is not the case, as suggested in Study IV and a previous study.105 
However, it is important to identify all conditions, but the study was designed to 
prioritise economic costs and the prevalence of conditions and not how much an 
underlying factor contributes to the symptoms or how dangerous the condition is. The 
study included only underlying conditions that were definable by the variables included 
in the SCAPIS dataset. Additionally, the costs of the tests likely differ across countries. 
The methodology should therefore be tested in other studies and contexts. RL is a novel 
and advanced technique, and simpler techniques could be used, such as prioritising the 
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order of tests by the percentage of identified conditions per €. However, RL can be 
highly adjustable to meet the needs of a study, and in future studies, it is also possible 
to include more data, such as test results and CT images. Therefore, from some 
perspectives, Study V could be seen as a necessary step before more advanced models 
with less control from humans can be developed. 

In conclusion, the analyses in the substudies were cross-sectional in nature, and we 
cannot evaluate any causation. This is especially relevant for Studies III and IV, and 
future studies should evaluate factors relevant to breathlessness via longitudinal designs. 

 

 
What will the future tell us? Image created by the author in collaboration with Bing Designer. Inspired 
by Salvador Dalí. 
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Future aspects 

• Could the factors of the MDP and D12 be reconsidered? 

The factor analysis of the MDP and D12 could be reconsidered through explorative 
factor analysis. Additionally, through meta-analysis of published studies reporting the 
factor loadings of the MDP and D12 items, the factor structure validity could be 
evaluated. Metanalysis of publication bias via funnel plots or similar should be 
considered for studies using factor analysis for the MDP and D12, as it is very likely 
that studies failing to confirm the factor structure are not published to the same extent 
as studies that are able to confirm the factor structure (and therefore validate the study 
for use in the tested context). 

 

• Expand the prevalence studies of different dimensions of breathlessness. 

The VASCOL study included only older men and did not have a very large sample size. 
Future studies should include women and younger people to describe the prevalence of 
different dimensions of breathlessness. Additionally, other countries and contexts 
should be considered, such as low- and middle-income countries, where the prevalence 
of smoking might be higher and access to health care might be lower than those in 
Sweden. 

 

• Longitudinal analysis of the different dimensions in relation to mortality and 
morbidity in the population. 

Studying the dimensions of breathlessness in relation to mortality and morbidity over 
time is highly relevant. If studied, we can gain knowledge of which dimension could be 
relevant for screening in clinical practice among people with severe diseases such as 
COPD or heart failure but also in the general population. This could also identify 
people at risk of developing disease earlier, leading to lifestyle changes or earlier 
treatments for diseases. 

• Can pathological processes be linked to breathlessness dimensions? 

As mentioned, it has been suggested that some pathological processes can be linked to 
specific dimensions of breathlessness,1 but studies exploring this topic are lacking. 
Linking breathlessness dimensions to measurements of disease severity can be relevant, 
but linking specific dimensions to brain activity could also provide knowledge. This 
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could also be relevant for developing treatments for breathlessness that target specific 
dimensions of breathlessness, such as air hunger or chest tightness. 

 

• The role of coping with breathlessness over time. 

There is a lack of knowledge about how people cope with breathlessness over time and 
which factors strengthen or weaken their ability to cope. Currently, pharmacological 
treatments for breathlessness are very limited, and nonpharmacological treatments such 
as cognitive behavioural therapy (CBT) could support people in coping with their 
symptoms. However, the psychological factors relevant to coping should first be 
explored in future studies. This could be a psychological concept such as locus of 
control, sense of coherence, or self-efficacy. 

 

• More complex data types, such as images, can be used to explore associations 
with breathlessness. 

As shown in this dissertation, ML is capable of using many factors to study 
breathlessness. However, data with higher dimensionality, such as medical images, can 
be used with other algorithms, such as deep learning. This can, for example, identify 
patterns in brain activity on magnetic resonance imaging (MRI) or volumes determined 
via CT. It is often challenging to use statistical methods for these volumes, which makes 
deep learning useful for this purpose. New algorithms, data availability and computer 
power mean that it is now possible to conduct these kinds of studies on larger 
populations. 

 

• The future of AI in the development of diagnostic pathways. 

To further develop models to evaluate breathlessness and identify underlying 
conditions, data can be added for analysis. This can, for example, include volume data 
determined via CT or the result of a blood test after a test is performed in a simulated 
environment. This can further improve the diagnostic ability of the model but will 
result in greater dependence on AI and not the visual diagnostic pathway presented in 
this dissertation. If we (or rather the AI program) can achieve this, AI models could 
become more similar to human intelligence with respect to evaluation strategies and 
base decisions on a variety of information. The methodology presented in this 
dissertation could be used for other symptoms, such as cough or pain, in addition to 
symptoms of breathlessness. 
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Conclusions 

This study revealed that the D12 and MDP are adequate instruments for measuring 
different dimensions of breathlessness in epidemiological studies, but the factor 
structure should be further evaluated. Breathlessness is prevalent in the older male 
population, and many individuals experience unpleasant, physical and emotional 
domains. These experiences seem to be worse at the onset of breathlessness and decrease 
over time but might increase again with the progression of underlying conditions. 

AI has taken the first steps in breathlessness research. With respect to ML, the most 
important factors for breathlessness in the general population are obesity, reduced lung 
function, a sedentary lifestyle, and sleep apnoea. These factors may be relevant for 
public health interventions. A diagnostic pathway was developed via AI with the focus 
of detecting as many underlying conditions and with as low economic costs as possible. 
From the diagnostic pathway, we can conclude that when evaluating breathlessness 
among people in the middle-aged general population, performing a primary care visit, 
followed by an examination of the lungs and then an examination of the heart, is most 
valuable. 
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