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ENGLISH SUMMARY

This PhD thesis investigates the potential for improving telemonitoring of chronic
heart failure (CHF) patients. This thesis is part of a project investigating
supplementary telemedicine for chronic obstructive lung disease and CHF patients
in the Region of Northern Denmark, “Telecare Nord”/ “Telecare Nord Heart
Failure.”

The first part of the thesis presents the etiology and epidemiology of CHF and
elaborates on the currenttrend of using telehealth technologies in the management
of CHF patients. The first study, “Does geographical distance impact the
effectiveness of supplementary telemedicine for chronic heart failure patients”,
supports this section by investigating the literature on disparities in health care
access for CHF patients and provides quantitative evidence that supplementary
telemedicine can help address some of these inequities by mitigating geographical
distance as a barrier to healthcare access.

The next part of the PhD investigates the potential for improving the telemonitoring
strategies of CHF patients receiving telemedicine in the Region of Northern
Denmark.

The second study, “Weekly Blood Pressure and Weight Measurements shows
Potential for Predicting Deterioration in Telemonitored Chronic Heart Failure
Patients”, is an exploratory study that aims to investigate whether weekly
measurements of biometrical data, including blood pressure, weight, and pulse, can
be used to discriminate between stable periods and periods leading to hospitalization
for chronic heart failure patients through a paired observation strategy with 33 event
and nonevent periods. The study finds that features based on changes in periodical
trends of biometric values increase the discriminatory performance of the model.

The third study, “Prediction of 14-day hospitalization risk in chronic heart failure
patients, using interpretable machine learning methods”, builds on the findings of
the second study and uses machine learning algorithms to develop predictive models
that provide risk estimates for nonelective hospitalizations in a 14-day time period.
The study uses a supervised learning framework and includes 11,575 observations of
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telemonitored values with a label indicating the presence of a nonelective
hospitalization in the 14 days following the observation. The machine learning
techniquesincluded in the modeling have been chosen for their interpretability to
improve eventual adaptation from the carers responsible for the monitoring of CHF
patients.

While the overall performance of the developed predictive models is modest, the
studies demonstrate that the more interpretable logistic regression model
outperforms more complex machine learing algorithms on this dataset, suggesting
that future research might be able to avoid black box models and the associated
skepticisms and nonadaptation by clinicians.



DANSK RESUME

Denne artikel baserede ph.d.-afhandling undersgger potentialet for at forbedre
telemonitorering af patienter med kronisk hjertesvigt / hjerteinsufficiens (CHF).
Farste del af afhandlingen preasenterer arsagerne og epidemiologien for CHF og
uddyber den nuvaerende tendens til at anvende telemedicinteknologier i handteringen
af CHF-patienter. Den fgrste artikel, "Does geographical distance impact the
effectiveness of supplementary telemedicine for chronic heart failure patients", statter
dennesektion ved atundersgge litteraturen omuligheder i adgangen til sundhedspleje
for CHF-patienter og giver kvantitative beviser for, at supplementar telemedicin kan
hjelpe med at tackle nogle af disse uligheder ved at reducere geografisk afstand som
en hindring for sundhedsplejeadgang.

Den naste del af ph.d.-afhandlingen undersgger potentialet for at forbedre
telemonitoreringsstrategierne for CHF-patienter, der modtager telemedicin i Region
Nordjylland, i forbindelse med ”Telecare Nord Hjertesvigt” projektet.

Anden artikel, " Weekly Blood Pressure and Weight Measurements shows Potential
for Predicting Deterioration in Telemonitored Chronic Heart Failure Patients", er en
eksplorativ undersggelse af hvorvidt ugentlige malinger af biometriske data, herunder
blodtryk, veegt og puls, kan bruges til at skelne mellem stabile perioder og perioder,
der farer til indlaeggelse. Dette gares ved hjelp af en parret observationsstrategi med
33 begivenheds- og ikke-begivenhedsperioder. Undersggelsen viser, at inklusion af
&ndringer i periodiske tendenser af biometriske veerdier i algoritmen gger modellens
diskriminerende praestation.

Den tredje artikel, " Prediction of 14-day hospitalization risk in chronic heart failure
patients, using interpretable machine learning methods", bygger pa resultaterne fra
anden artikel og bruger maskinlaeringsalgoritmer til at udvikle Kkliniske
forudsigelsesmodeller, der giver et risikoestimat for ikke-planlagte indleeggelser
inden for den nzste 14-dages periode for hver hjemmemaling udfgrt af patienten. |
artiklen anvendes et “supervised learning” design og den inkluderer 11.575
observationer af teleovervagede veerdier med et label, der angiver tilstedeveerelsen af
en ikke-planlagt indleggelse i de folgende 14 dage efter observationen.
Maskinlearingsteknikkerne, der er inkluderet i modelleringen, er valgt for deres
fortolkelighed for at understatte klinisk implementering.

Afhandlingen er en del af et projekt, der undersgger supplementeer telemedicin for
patienter med kronisk obstruktiv lungesygdom og CHF-patienter i Region
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Nordjylland, "Telecare Nord" / "Telecare Nord Hjertesvigt". Mens de udviklede
forudsigelsesmodeller er utilstreekkeligt praecise til klinisk brug, s& viser
undersggelserne, at den mere fortolkningsbare logistiske regressionsmodel overgar
mere komplekse maskinlearingsalgoritmer pa dette datasaet, hvilket antyder, at
fremtidig forskning méaske kan undga sort-boks-modeller, og de dertilhgrende
udfordringer.
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PREFACE

This text represents the PhD thesis submitted to the Doctoral School of Medicine at
Aalborg University. The thesis is based upon three papers produced as a part of the
PhD work conducted by Alexander Arndt Pasgaard Xylander in the years 2020-2023
at the Department of Health Science and Technology, Aalborg University.

The thesis is structured with both essay and paper sections. The first section is the
background, which covers current knowledge and contemporary research in the field.
This is followed by the overall objective of the thesis, as well as specific objectives
for each of the included papers. The next section is a brief summary of each of the
papers, for readers that might lack access to the papers themselves. Then, follow the
papers (Papers Iland Il are replaced with placeholders for the published version due
to copyright). The last sections of the thesis are a discussion of methodological
considerations and impact of the findings and a conclusion.

The research and PhD work was conducted under the supervision of associate
professor Flemming Witt Udsen and professor Ole Hejlesen, with additional support
from associate professor Simon Lebech Cichosz and professor Morten Hasselstram
Jensen.
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CHAPTER 1. INTRODUCTION

Chronic heart failure (CHF) is a progressive chronic disease that constitutes a
significant public health burden. It is estimated that 1-2% of the adult population (1)
has CHF, and the prevalence is expected to increase in the future (1-5). CHF is
correlated with increased mortality and morbidity and significantly reduced quality of
life for patients with the diagnosis (1,6-8). The combination of high prevalence and
incidence rates with a high burden of disease, makes CHF a substantial burden on
healthcare systemsworldwide (9). The progressive nature of the disease means that
continuous adjustments in the care and medications by the patient are needed for
optimal care. In many countries, CHF patients are routinely monitored by the
appropriate hospital department or primary care practitioner to prevent further
deterioration of the underlying disease as well as acute decompensation events.
Despite preventive care, CHF patients will often continue to worsen, leading to an
increased incidence of acute hospitalizations. To address the need for close
monitoring of patients as well as increasing costs in the health care sector,
telemedicine has been proposed as a tool for supporting patient self-care and
providing timely and accurate data to the responsible clinicians (10-12).

However, several aspects of the technology are still unclear:
Which patients benefit from receiving telemedicine?

Socioeconomically disadvantaged CHF patients have worse outcomes and prognoses
than other patients (13-16) even in countries with universal healthcare (13). Many
potential explanations exist for this relationship (17), but one important factor might
be geographical barriers to healthcare access (18). Telemedicine has been assumed to
largely solve this issue, but some authors are still skeptical (18).

How do clinicians and patients best utilize the new monitoring technologies?

CHF entails significant use of health care resources, which is a burden for individual
patients and constitutes a significant expenditure for the health care system (1,19,20).
Effective telemonitoring technologies might help prevent deterioration and
hospitalization events (10,19,21,22) but rely on proper implementation as well as
effective support to identify patients who need clinical intervention. One suchtool is
clinical decision support algorithms, which use patientdata for risk assessment on an
individual patient level, providing additional context for clinicians (21).

This thesis will try to (partly) answer these questions. The following Chapter 2 -
Background elaborates on the points presented in the introduction and provides the

19
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necessary context for the later paper-based chapters, particularly the methodology
surrounding the implementation of predictive algorithms. In Chapter 3 — Thesis
objective, the objectives of thisthesisare presented along with a brief presentation of
the specific aims of the individual papers. In Chapter 4 — Summary of papers, an
abstract of each of the thesis-defining papers is presented, with the full papers
availablein Chapter5 (notavailable inthe online version). In Chapter 6 — Discussion,
the main findings of the papers are discussed and contextualized to the methodological
choices of the papersand each other, which leads to the overall conclusion in Chapter
7 — Conclusion.

20



CHAPTER 2. BACKGROUND

In this chapter, | will introduce the necessary background knowledge to understand
the thesis objectives and their raison d'étre. The first subsection provides a very brief
introduction to the function and anatomy of the heart. To provide just a tiny bit of
context for the later chapters on CHF, much more comprehensive writings on the
anatomy and physiology of the heart are available elsewhere (23).

2.1. THE HEART

“Theheartofanimals is the foundation of their life, the sovereign of everything within
them, the sun of their microcosm, that upon which all growth depends, from which all
power proceeds.” — William Harvey, An Anatomical Disquisition on the Motion of
the Heart and Blood in Animals, 1628.

William Harvey was among the first physicians to deduce the true nature of the heart,
that of a 2-chambered mechanical pump that powers and regulates the movement and
pressure of both venous and arterial blood through the body.

Since his seminal work was published in 1628, researchers, physicians and others
have made tremendous contributions toward our understanding of the physiological
structures and functions of the heart, but the leading quote still holds true — the heart
is essential for human life (24).

In the followingsection, a brief introduction to the anatomy and physiology of the
heartwill be presented to better explainthe complex pathologies associated with CHF.

Figure 1 illustrates the basic anatomy of the heart. The heart consists of two chambers,
the left and right ventricles. The left ventricle is responsible for pumping oxygen-
saturated blood through the systemic circuit, while the right ventricle pumps oxygen-
deprived blood through the pulmonary circuit. The ventricles operate as a two -pump-
series systemwith a fillingand a contraction phase. During the filling phase, blood
enters the ventricular chambers through the atria, and during the contraction phase,
the heartcontracts and pumps the blood through the pulmonary and systemic circuits.

21
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Figure 1 - Anatomy of the heart original illustration available at
https://en.wikipedia.org/wiki/Atrium_%28heart%29

In healthy individuals, contraction of the heart is regulated by complex interactions
between neurohormonal, hormonal and neuroelectric factors. This regulation is
essential in maintaininga steady flow of oxygenated blood that is sufficient to address
the needs of the body. When the oxygen requirements of the body increase, for
example, during exercise, the heartbeat and respiratory frequency increase to
compensate for the increased demand. In addition, the renin-angiotensin-aldosterone
pathway is activated, which resultsin fluid retention and vasoconstriction; in healthy
individuals, thisimproves the biomechanical properties of the cardiovascular system,
increasing the capacity of the individual to maintain proper blood pressure. However,
in individuals with heart failure, some of these mechanisms might result in a vicious
cycle thatresults in paradoxical decreases in cardiac function, particularly in the long
term. (23)

22



2.2. DEFINITION, ETIOLOGY AND CLASSIFICATION OF
CHRONIC HEART FAILURE

Whenthe heartis unableto fulfill the cardiovascular requirementsof the body, a range
of symptoms and pathological changes occur. This syndrome is referred to as heart
failure (HF), and if the condition is irreversible, it is often referred to as chronic or
congestive heart failure (CHF). In this thesis, HF and CHF are used interchangeably,
with both referring to the chronic version of the disease, unless otherwise specified.

Due to the complex nature of the syndrome, several different definitions of HF exist
in the medical research literature and guidelines (25). Some definitions, such as the
recently proposed “Universal Definition of Heart Failure” (25), emphasize precise
objective clinical criteriaof decreased cardiac function, such as cardiac abnormalities,
elevated natriuretic peptidesand more; others, e.g., “the Framingham Criteria” (26),
use a more conceptual definition of the syndrome, and some focus on the cardinal
symptoms experienced by the patient (27). A recent collaboration between
cardiological societies has proposed the following definition:

“A clinical syndrome with symptoms and/or signs caused by a structural and/or
functional cardiac abnormality and corroborated by elevated natriuretic peptide levels
and/or objective evidence of pulmonary or systemic congestion” (25)

While the purpose of this definition is to provide a standardized framework for
working with HF, this definition still shows the challenging heterogeneity of HF
syndrome between patients. Some patients experience symptoms of cardiovascular
congestion, despite no or few objective clinical markers of disease, while others
experience few symptoms despite elevated biomarkers and/or cardiac abnormalities.
The symptoms and signs of CHF include (but is not limited to) (28):

Breathlessness

Oedema including ankle swelling
Fatigue

Chest pain

Coughing / wheezing
Tachycardia

Increased jugular venous pressure

23
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With a wide range of conditions and diseases being potential causes of HF, the
etiology is complex, with many different cardiovascular pathologies contributing to
the development of the syndrome. Ischemic heart disease and hypertension are the
mostcommon causes of heart failure, particularly in Western and developed countries
(5,29). Other potential causes include cardiac valve disease, cardiomyopathies,
congenital heart disease, infective diseases, cancers and many more.

To provide a disease managementstrategy that is suited for the individual patient, HF
classification schemas have been developed. Like the definition of the syndrome,
multiple different classifications exist in the literature.

One classification schemacommonly used inboth research andclinical practice isthe
New York Heart Association functional classification system (NYHA). NYHA
classifies HF patients into four different classes, I-1V, based on the perceived physical
limitations and symptoms experienced by the patient.

1. HF patients with no limitations have a NYHA class of .

2. HF patients who experience a slight limitation with undue shortness of
breath, heart palpitations, chest pain and/or fatigue at ordinary levels of
exercise have a NYHA class of Il.

3. NYHA Class Ill correspondsto a marked limitation of physical activity and
manifests as shortness of breath, heart palpitations, chest pain and/or fatigue
at less than ordinary levels of physical activity.

4. Thefinal NYHA class, IV, refers to patients with symptoms of shortness of
breath, heart palpitations, chest pain and/or fatigue that are present even at
rest and worsen with physical activity. (30)

Another approach frequently used in the literature is characterizing HF based on the
relative output of the left ventricle. Healthy individuals eject approximately 70%
percent of the total blood volume contained in the left ventricle during a contraction,
and the volumeejected is referred to as the “left ventricular ejection fraction” (LVEF).
LVEF is often used as a measure of heart function and is commonly reduced in HF
patients. Depending on the level of reduction, HF patients are commonly classified
into one of three groups:

1. Heart failure with preserved ejection fraction (HFpEF) — LVEF >50%.

2. Heartfailure with mildly reduced ejection fraction (HFmrEF) — LVEF from
41t049% (previously called heart failure with midrange ejection fraction).

3. Heart failure with reduced ejection fraction (HFrEF) — LVEF <40%. (1)

Along with the NYHA classification, classification according to ejection fraction is
frequently used in clinical guidelines. Historically, HFrEF has been the major focus
of research and treatment guidelines, but contemporary research is increasingly
concerned with HFpEF, which some studies indicate might be much more prevalent
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than previously suspected and might surpass the prevalence of HFrEF (31). For the
purposes of this thesis, the focus will be on HFrEF, as the scientific knowledge base
on HFpEF is still maturing.

In summary, current international guidelines, defines the diagnosisand classification
of HF as reliant on two factors, the observed symptoms of the patient and objective
measurements of cardiac output, such as the LVEF measured by echocardiography
(1,32). Apositivefindingof either cardiac symptoms withno other explanation and/or
reduced LVEF results in an HF diagnosis. Local guidelines might differ slightly from
the guideline recommendation; for example, the Danish guidelines for HF diagnosis
require objective measurements of cardiac dysfunction (33). This complicates the
diagnosis of HFpEF, but also reduces the risk of misclassifying another disease as HF
(32).

2.3. EPIDEMIOLOGY OF CHRONIC HEART FAILURE

Currently, the prevalence of HF is estimated to be 1-2% of the adult population in
Western society (1), with a yearly incidence rate of 0.5% for adults (1). HF
disproportionally affects elderly individuals, with an estimated prevalence of more
than 70% in those 70 years or older, while the prevalence is below 1% for individuals
younger than fifty-five. Modern treatments have succeeded in lowering the mortality
of the underlying causes of HF, which has resulted in more patients living with HF.
While better preventative care and management of cardiovascular disease is expected
to reducethe age-adjusted incidence rate in the coming years, the demographic shift
in age counteractsthis effect, and the overall incidence of HF is projected to increase
(1,5). In addition to the increased incidence of HF, better management of HF has
lowered the associated mortality, resultingin a high number of individuals livingwith
CHF (2-4).

CHF is associated with increased mortality and morbidity; however, estimations of
the exact magnitude are difficult due to differences and misclassification in most
registries (7). One meta-analysis estimate puts the 1-, 2-, 5- and 10-year mortality
rates at 87%, 73%, 57% and 35%, respectively (9,34), but observes large variances
depending on the exact criteria used by the included studies, with the lowest mortality
rates observed in studies including patients treated in the secondary sector (34). In
Denmark, aregistry-based study of all CHF patients found the 1- and 5-year mortality
rates to be 33% and 43%, respectively (4). While the mortality rates remain high, it is
important to note that they have declined substantially since 2000 (3,4,9).

Individuals with CHF require frequent health care interventions and experience an

average of 1 hospitalization per year (9,35). It is estimated that in 1-2% of all
hospitalizations, heart failure is the primary diagnosis (36). This poses a large strain
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on health care budgets, with studies showing that treatments related to heart failure
account for more than 2% of the total healthcare budget, and these costs are expected
to increase in the future (36).

2.4. SOCIOECONOMIC INEQUITY IN CHRONIC HEART FAILURE

CHF disease is correlated with many different sociodemographic variables. In the
previous section, the relationship between CHF and age was presented, whichis partly
explainable by the pathophysiology of the syndrome —progressive deterioration of the
cardiovascular system will, given time, inevitably result in failure to adequately
supply oxygen to the body. However, large disparities in both the incidence and
prognosis of CHF are observed whenstratifying for other sociodemographic variables
with no clear link to disease progression (9,13,15,37). To the extent that these
disparities are the results of societal factors outside the control of individuals, these
disparities are sometimes referred to as health inequities. Inequities in health are
omnipresent in modern society, with low sociodemographic status being strongly
correlated with both increased incidence and poor prognosis. In the following section,
the concept of health inequities and how they relate to CHF will be explored.

In the seminal Whitehall I study, Marmot et al. found evidence of substantive
differences in mortality and cardiovascular morbidity between sociodemographic
groups (38). The Whitehall Il cohort has since been extensively studied, and various
characteristics have been proposed as potential causes of the observed disparities.
Differences in health-related behavior between sociodemographic groups were
initially thought to explain the observed difference. Marmot et al. found that
characteristics related to health behavior, such as smoking and diet, explained
approximately one-third of the observed differences between high and low
socioeconomicstatusindividuals (39). Itis evident that differences in health behaviors
only account for a part of the observed differences, necessitating new explanatory
frameworks.

In addition to smoking and diet behavior, a study by Kjesbu et al. found that
nonwestern ethnicity is correlated with lower participation in cardiac rehabilitation
intervention and higher levels of discontinuation of medicinal treatment (13). In
addition, they found that nonwestern ethnicity was associated with the presence of
more cardiac risk factors and unemployment. They also found that a high level of
education was associatedwith a higher chance of achievinga VO2max (the maximum
rate of oxygen consumption during physical activity) quality goal when receiving
cardiac rehabilitation (13). Likewise, Diaz-toro et al. found that CHF
disproportionately affects low-income and poorly educated individuals, with
additional evidence thatlow levels of literacy are associated with a higher degree of
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nonadherence, low use of preventative care and increased use of nonelective hospital
treatments (16).

Many mechanisms on both the individual and societal scale contribute to the link
between socioeconomic status and poor healthoutcomes (17). One of the mechanisms
through which inequities can propagate is in access to health care services; it is
apparent that financial barriersto treatment can discourage patients from seeking
appropriate medical care, which is evident in out-of-pocket healthcare systems
(40,41). However, access is also limited by other factors, such as geographical
circumstances. Hence, geographical distancesare large, and patients might be needed
to invest a significant proportion of time and money in attending treatments and
regular checkups (42). This is true for geographically large countries with areas of
low population density, such as America (42,43), but even in small countries such as
Denmark, geographically linked inequities in health can be observed (44). In recent
years, several telehealth technologies have been developed, and one of the proposed
benefits is the potential to greatly mitigate geographical barriersto healthcare access,
which will be further explored in section 2.6 and the first thesis paper.

2.5. MANAGEMENT OF CHRONIC HEART FAILURE

Management of CHF is a multifaceted task involving both patients and carers.
Optimizing patient outcomes requires a holistic approach, with considerations of
pharmacological and nonpharmacological interventions based on the patient’s
lifestyle, the underlying disease and health literacy (1). A comprehensive description
of all the nuances of CHF treatment is outside the scope of this thesis. The goal of this
sectionis to provide a brief overview of the key aspects of CHF management, with an
emphasis on CHF with reduced ejection fraction.

Diagnosis and Follow-up

Several of the pharmacological options for treating CHF require uptitration to the
correct dosage and the risk of rehospitalization is increased in the first weeks after
diagnosis (45). For this reason, some studies indicate that monitoring by an HF
specialist during the uptitration phase, can improve outcomes (46-48), and the initial
management will often be anchored in a cardiological specialist unit.

When the patientisassessed to be stable, i.e.,no further deterioration of the underlying
condition or the associated symptoms is expected, the patient may proceed to follow-
up in the primary care sector. Despite the high prevalence of CHF, little research has
been conducted on the optimal management strategy for follow-up on CHF patients,
and the role of specialists in stable care is unclear but should be consulted in the event
of deterioration (1). In a departure from previous versions of the European Society of
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Cardiology guidelines, the mostrecent version recommends the use of telemonitoring
for follow-up of CHF patients (1). This technology will be explored in section 2.6.

In the following section, the most important pharmacological treatments for CHF
symptoms are presented. While the objectives of this thesis are ultimately concerned
with telemonitoring of stable CHF patients, pharmacological agents are presented to
better explain the interventions available to health care practitioners.

Pharmacological Management

The goal of the pharmacological management of CHF patients is to reduce mortality,
limitfurtherdeterioration of the condition and mitigate the experienced symptoms (1).

Three categories of pharmacological agents are recommended in the management of
all CHF patients, except for very mild cases (NYHA class 1). The three categories are
angiotensin-converting enzyme inhibitors (ACE-Is)/angiotensin receptor-neprilysin
inhibitors (ARNISs), B-blockers and mineralocorticoid receptor antagonists (MRAS).

ACE-1/ARNI

ACE-I or, if the patients experience adverse or insufficient effectson ACE-I, ARNI
are recommended for all categories of CHF patients, unless otherwise contraindicated
(1). These drugs impact the renin-angiotensin-aldosterone system (RAAS) by
reducing the conversion of angiontensin | to angiontensin Il or by antagonistically
binding to angiotensin 1l receptor type 1. In healthy individuals, the RAAS is
important in controlling hemaostasis, and activation of the pathway causes peripheral
vasoconstriction and fluid retention and pharmacological inhibition of the RAAS,
ultimately resultingin reduced fluid retention andlower blood pressure for the patient,
lessening the strain on the heart and reducing further deterioration. Treatment with
ACE-Is significantly reduces all-cause and cardiovascular mortality in CHF patients
(49).

MRA

MRA, also known as aldosterone receptor blockers, similarly reduces RAAS activity
by inhibiting activation of aldosterone receptors. The addition of MRAs to ACE-Is or
ARNIs results in reduced mortality and hospitalization events for CHF patients, with
studiesindicating a mortality reduction of almost 30% (50,51). MRAs are indicated
for all CHF patients with reduced ejection fraction (1). MRAs also have a small but,
importantly, potassium-sparing diuretic effect (52).
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B-blockers

B-blockers block activation of B-adrenergicreceptors, reducing sympathetic activation
of the cardiovascular system. The net resultis a reductionin heart rate and reduced
activation of the renin-angiotensin pathway. B-Blockers are appropriate for all
compensated and stable CHF patients with reduced ejection fraction; however, care
should be taken in the initial titration process, as B-blockers might reduce cardiac
output in the short term, which can exacerbate existing insufficiencies (1). Despite
potential short-term adverse effects, treatment of CHF with -blockerssignificantly
improves mortality and morbidity, with an estimated 34% reduction in one -year
mortality (53,54).

In addition, other pharmaceutical agentsare recommended, if the CHF patient remains
symptomatic on optimal management on ACE-I/ARNI, MRA and B-blockers. These
include Sodium-glucose cotransporter-2 (SGLT-2) inhibitors, diuretics, and digoxin.

SGLT-2

SGLT-2 inhibitorsareamongthe newest drugs recommended for routine management
of CHF patients. SGLT-2 inhibitors are recommended for all CHF patients with
symptomatic heart failure (NYHA class II-1V), despite treatment with ACE-I/ARNI,
MRA and B-blockers, regardless of diabetes status (1). Studies have shownthatadding
SGLT-2 inhibitorsto symptomatic CHF patients receiving otherwise optimal medical
therapy reduces hospitalizations and mortality by 25% (55,56).

Diuretics

Diureticsplayavital role in managingthe symptoms of CHF. The purpose of diuretics
in CHF management is to complement the ACE-I/ARNI and MRA regime in
maintaining euvolaemia. Loop diureticais particularly effectivein providing a fast,
short-lived increase in diuresis and a corresponding reduction in extracellular fluid
volume, allowing for dosage adjustments according to the immediate needs of the
patient (52,57). In many cases, adjustment of diuretics can be initiated by the patient
in response to perceived symptoms of congestion (57).

Digoxin

For some CHF patients, treatment with the abovementioned therapeutics is
insufficient; in those cases, Digoxin might be administered. Treatment with Digoxin
should be closely monitored due to the narrow therapeutic interval. It is important to
note thatwhile Digoxinhasbeenshown to reduce hospitalization, it is unclear whether
it provides any benefit in mortality (1).
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Nonpharmacological interventions

Several nonpharmacological interventions aimed at improving the health status of
CHF patients exist, with exercise-based rehabilitation being highly recommended for
all CHF patients in current guidelines (1).

CHF patients are recommended to participate in low-intensity exercise, which can
help alleviate symptoms of heart failure. This is particularly true for obese CHF
patients, where low-intensity exercise andweight reduction have beenfoundto further
reduce symptoms and improve exercise capacity (1). As a consequence, many
treatment offers for CHF patients will include an exercise-based component featuring
either structured exercise at a center or at-home exercise instruction or a combination
of the two (58).

A systematic review and meta-analysis found conflicting evidence on the long-term
mortality benefits of exercise interventions for CHF patients (58,59). The overall
pooled effectwas insignificant (risk ratio (RR): 1.02, 95% confidence interval (CI):
0.70 — 1.51, but a sensitivity analysis excluding the large HF-ACTION study (60)
showed evidence ofasignificantimprovementin long-termmortality (RR: 0.62,95%
ClI: 0.39-0.98). However, the study found evidence of significantly increased health-
related quality of life outcomes for the patients receiving the exercise-based
interventions (standard mean difference: -0.57, 95% CI: -0.83). While exercise-based
interventions might not improve survival in CHF patients, they remain a strong
recommendation in current guidelines based on their impact on quality of life (1).
Recently, studies have found evidence that exercise-based interventions significantly
improve acomposite hearthealthmeasure called cardiorespiratory fitnesslevel, which
might provide further insight into which patients can benefit from exercise (31).
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2.6. TELEMEDICINE

Telemedicine and telehealth/telehealthcare are umbrella terms covering health
interventionsthat use digital/internet-based technologies to receive and transmit data
between patientsand carers (61). While telemedicine has increasingly gained traction
in recentyears (62,63), the advent of the COVID-19 pandemic presented a sudden
need to remotely deliver healthcare and kickstarted the adaptation of telehealth
technologies (18,64,65). While the pandemic is mostly behind usand remote delivery
of health care is no longer a strict necessity, many telehealth technologies remain in
service, with cliniciansandpatientsdescribingthemas “accessible, comfortable, safe”
(66).

Telehealth technologies span a wide range of use cases, such as videoconferencing
used to bridge physical distance between carer and patient, telemonitoring of
important health parameters, and interventions aimed at promoting patient self-
efficacy through health literacy and patient self-management programs. The primary
emphasis of this thesis is on telemonitoring, but many, if not most, telemedicine
interventions feature aspects of several use cases. In this thesis, telemedicine and
telehealth refer to the technologiesat large, while telemonitoring refers to a specific
technology that transfers health data from the patient to the clinician.

Treatment and management of chronic illnesses have a particular relationship with
telehealth technologies because of the patient’sreliance on regular interactions with
the healthcare system. With the increasing prevalence of people living with chronic
disease in the Western world (62), telemedicine has been suggested as a potentially
cost-savingtechnology that maintains high quality of care (11,65,67). Thisisalso true
for CHF in particular, where novel structured telephone support and telemonitoring
interventions have been developed (11). Telemonitoring might significantly improve
the frequency of measurement of important CHF markers such as weight and blood
pressure, allowing for early detection of deteriorating patients (10,68). In addition,
telemedicine can aid patients in managing their own disease, improving self-efficacy
(69,70). In the context of CHF, telemedicine might reduce the need for
hospitalizations, improve early detection and intervention and reduce disease
progression (62). In addition, telemedicine has the potential to reduce geographical
inequities in access to health care (42,71).

Studies investigating the effects of telehealth technologies for CHF are somewhat
conflicting, with some studies showing little or no health benefit of the intervention
compared with usual care (62,72,73), while other studies have found significant
improvements in mortality and hospitalizations for groups receiving telemedicine
(74). A Cochrane review and meta-analysis found a significant effect of
telemonitoring technologies, with reduced all-cause mortality (RR 0.80, 95% CI 0.60
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to 0.83) and reduced heart failure-related hospitalizations (RR 0.85,95% CI 0.77 to
0.93) (11). The current European Society of Cardiology guidelines state that home-
telemonitoring using noninvasive technologies may be considered for CHF patient
management to reduce mortality and hospitalization risk (1).

Home-telemonitoring using noninvasive technologies is prevalent within
interventions aimed at CHF patients (1,11,22,68). They are primarily aimed at the
early detection of adverse developments, such as decompensation events. They
typically consist of the patient using electronic devices to measure biometrics related
to cardiovascular health on a regular basis. The devices used vary, but most
interventions include measurements of weight, blood pressure and pulse (68). The
collected data are then transmitted to a health care practitioner, who is responsible for
acting on any concerning values.

Detection of concerning values has provento be a difficult endeavor, and most
clinicians default to a threshold-based approach using rule-of-thumb (RoT) values
such as “weight gain exceeding 2 kg over 2 days” (68,75). However, heuristics such
asdaily change inweight have limited sensitivity (76,77), which means that clinicians
might fail to identify CHF patients at risk of deterioration. To increase the detection
of at-risk patients and improve the workflow of health care practitioners assessing
telemonitoring data, more complex statistical algorithms have been developed,
frequently in machine learning (ML)/artificial intelligence (Al) and decision support
frameworks.
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2.7. Al AND CLINICAL PREDICTION MODELS

Algorithmic models builtusing ML techniques have gainedsignificant prominencein
modern media and society, with the models frequently being referred to as Al.
Culturally impactful models include the chess solving “Deep Blue” (78), the picture
generator “DALL-E 2”, and recently the very powerful natural language interpreter
“CHAT GPT 4.0”(79). Various approachesto incorporating Al into healthcare have
been attempted (80,81), and the specific applications vary enormously, including
precision medicine, automated image diagnostics, decision support, robotics and
much more (63,81).

In the context of heart failure, ML and Al are also gaining traction. ML techniques
have been shown to potentially improve diagnostics and patient management and
reduce costs, and the increase in research and development of new models promises
even greater benefits in the coming years (10,63)

As noted in the previous chapter, the rise of telemonitoring technologies for CHF
presents new challenges for the modern healthcare sector. Frequent measurements of
important clinical characteristics might lead to early detection of decompensation and
better care, but this requires strategies for analyzing and reacting to substantial
amounts of patient data. One proposedsolutionis incorporating ML and Al techniques
in the telemonitoring solution, in many cases by building alert or risk prediction
models that analyze patterns in the data (68,75,82-84).

Development and validation of clinical prediction models

Most clinical prediction models are deceptively simple in their operation and feed the
model data, and the intrinsic algorithm outputs a prediction. While proper
implementation of the input and output of the model can be challenging, the real
difficulty rests in the development of the algorithm and model. In this section, the
methodology of developing clinical prediction models will be presented to provide
context to the methods of papers Il and III.

Development

The developmentof the ML-based prediction model can be roughly divided into five
steps (adapted and condensed from the seven steps presented in Steyerberg, 2019

(85)):

Step 1 - Preliminary problem and data definition
Step 2 - Coding of predictors and outcomes

Step 3 - Model selection and specification

Step 4 - Model parameter estimation

Step 5 - Internal and external performance evaluation
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Step 1 - Preliminary problem and data definition

The first step of developing a clinical prediction model is defining the prediction
problem — what should the model predict?

In CHF research, the prediction problem will often be related to future health events,
and the outcome will often be some measure of CHF deterioration, such as a
decompensation event, hospitalization or mortality (82).

When the prediction problem of interest has been decided, the next task is
investigating what is already known, which predictors are of particular interest and
what data sources are available. The clinical researcher should investigate literature
on the problem and note previously identified predictors of the outcome of interest. In
the case of CHF, it would be surprising to develop a model notaccounting for change
in the weight of the patient, as weight has been previously identified as a predictor of
future adverse events (21). At the same time, the researcher should be mindful of
which data sources, which are or can be made available for the development process,
and consider which predictors are available and the quality of the data. Depending on
the prediction task at hand, datamight originate fromadministrative health registries,
such as the Danish National Patient Registry (86), from internet-connected devices
such as those used in telemonitoring interventions, from clinical trials or a host of
other possibilities. Once a conclusion is reached on which predictors and data sources
should be used, the researcher can move to the second step.

Step 2 - Coding of predictors and outcomes

Depending on the prediction problem and datasources determined in step 1, the data
collected might need either minor or major adjustments to be suitable for model
development. In this step, the researcher should attempt to make informed decisions
on how to operationalize the outcome and predictors from step 1. For each variable,
it should be considered whether a categorical, continuous, or transformed approach
should be taken. In addition, the strategy for handling missingdata should be decided.

The outcome in clinical prediction models generally falls into one of two categories —
categorical,suchasthe presenceof adeteriorationevent or continuous, suchas change
in EuroQol-5 Dimension (EQ5D) health utility score, a measure of general health
which ranges between 0-1. In most studies investigating prediction models for CHF,
a categorical outcome is chosen (87).

No easy shortcut exists for how the predictors should be managed, but care should be
taken to investigate whether previous studies have successfully operationalized the
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predictors of interest. One example is how features explored in the second paper of
this thesis are used for proper model development in the third.

The model developer also needs to address theissue of missingdata. Handling missing
data in clinical decision models is often nontrivial due to the potential for data being
“missing at random” or “missing not at random” (88).

Missing data can be classified into one of three categories, “missing completely at
random”, “missing at random” and “missing not at random”. Missing completely at
random, occurs when a mechanism with no relation to the predictors or outcome,
causes the missing value —an example could be an administrative registration error
when transcoding a survey (85). “Missingat random” occurs when the mechanism
causingthe missing value is correlated with other observed predictors in the dataset,
e.g., elderly are more likely to missa daily weight measurement (85). “Missing not at
random” occurs when the mechanism is correlated to the true value of the missing
value itself, e.g., if patientreported hospitalizations are used as the outcome, a large

number of hospitalizations might go unreported (85).

Failure to address “missing completely atrandom”will result in a reduced sample size
but is not likely to bias results. Failure to address “missing at random” or “missing
not at random” values, will result in a similar reduction in sample size, but also risks
biased models. Luckily, options exist for handling missing data when developing
clinical prediction models, such as linear interpolation, where a missing value in a
time series is replaced with the average of surrounding value or multiple imputation,
where a separate model is built to predict the missing value. Proper identification of
the missingness mechanism and the selection of an appropriate approach for handling
the missing data, rely on the model developers familiarity with the data sources and
the factors generating missing values.(85,89)

When the data have been processed for model development, the result should be a
single dataset (table) with a row for each observation and a column for each predictor
and the outcome. At this point, the developer should consider splitting the dataframe
into two sets, a training set used for model development and a testing set used for
performance evaluation in the fourth step, which is the recommended approach when
dealing with large datasets (90). However, this approach can be inefficient when
dealing with small datasets or sparse outcomes, in which case proper cross-validation
is a sufficient alternative (85). If the developer wants to use cross-validation for
performance assessment, the data should be split into N subsamples, called folds,
where N is often pragmatically chosen based on sample size and the distribution of
outcomes. When using cross-validation for performance evaluation, the remaining
steps are repeated N times, where each iteration uses a unique dataset constructed by
combining N-1 of the folds as the training set and the last fold as the validation set
(equivalent to the test set of the splitting method).
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Step 3 — Model selection and specification

During the third step, the developer must decide upon which candidate models should
be considered. The contemporary focus on ML and Al technologies has greatly
increased the number of available model frameworks for clinical prediction models.
The models can be roughly divided into classes based on their method for generating
a prediction. The frameworks used in the papers of this thesis are linear regression
models, tree-based models and the RuleFit algorithm which combines features of
both.

Linear regression models

Linear regression models are a subgroup of parametric models (i.e., models that rely
on prespecified assumptions about the distribution of data) that are ubiquitous in
classical biostatistics. Linear regression models are defined by the expected linear
relationship between the outcome of interest and the chosen predictors, and this
relationship is shown in equation 1:

Regression assumption:
E(Y|X) is linear in X ..... Xp

This assumption of linearity in linear regression models is both a strength and
weakness for the models; when the assumption is true, the prespecified relationship
strengthens the performance of the model compared to the assumption-free models
presented later in this section. However, when the assumption is false, the linear
regression model can fail to capture and model the relationship between predictor and
outcome, resulting in poor performance (91). Linear regression models are almost
always included in development studies of clinical prediction models, partly because
they are relatively simple to implement and show competitive performance when
compared with more advanced models (92,93) and partly due to transparency of the
developed algorithm, a feature that will be elaborated in step 5.

Tree-based models
Tree-based models, also referred to as “recursive partitioning”, rely on decision tree
frameworks to reach their prediction. A single decision tree consists of a series of

decision rules, consisting of binary if-then statements based on the observed values of
the predictors. This closely resembles the RoT heuristics often used by clinicians in
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the management of CHF patients, as exemplified by figure 2, which shows a decision
tree based on Danish monitoring guidelines for weightchange in CHF patients (94).

Weight > 100 kg?

e

Yes No
Weight Change > 3 Weight change > 2
kg? kg?
Yes e No Yes S No
Weight Change > 6 Weight change > 4
kg? kg?
Yes © No Yes © No
- -

Figure 2 - Decision tree of weight-based thresholds, figure made on smartdraw.com

Like Figure 2, decision trees in clinical prediction models consist of a series of binary
splits that result in a number of end points. Each binary split is defined by using the
predictor and cutoff value that maximizes between-group variance and minimizes
within-group variance with regard to the outcome. The trees are constructed so that
each patient belongs to one and only one endpoint, with the majority label (in the case
of classification) or the mean value (in the case of regression) of the endpoint
representing the patient label. The depth (number of splits) in a decision tree model is
defined by the developer, either by a predefined depth or a specified stopping rule,
such as minimum number in group at endpointor minimum improvement in residual
variance.

Decision trees are not limited by the assumption of linearity of linear regression
models; a decision tree with sufficiently large depth will be able to capture any
complexrelationships in data, which will resultin near perfect prediction for the data
used for estimating the splits (training data). However, simple decision trees such as
Figure 2 are rarely used on their own in the development of ML models, as they tend
to perform poorly when tested on datanot used for training, such as new observations
(90,95). This phenomenon, known as overfitting, will be further explored in the cross-
validation section. This shortcoming can be mitigated when the decision tree
framework is extended to include multiple decision trees trained on smaller parcels of
the data. One immensely popular algorithm utilizing this method is known as random
forest. The random forest algorithm consists of building many decision trees, often
hundreds or even thousands, with each tree built on a fraction of the original
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population and a subsample of the available predictors. The decision of each
individual tree is then averaged to produce the outcome.

RuleFit

In the third paper of this thesis, an algorithm known as RuleFit (96) is implemented.
The RuleFit algorithm combines aspects of both linear regression models and tree-
based models, with the aim of combining the intuitive interpretability of the firstwith
the capacity for modeling complex interactions of the latter.

Development of a RuleFit model involves two steps: the tree-based rule-generating
step and the regression step.

The tree-based step involves constructing a large number of shallow decision trees;
this can be done using random forest, but often, a slightly more advanced method
known as “boosting” is used. It differs from random forest primarily in the way data
are sampled for tree construction, with boosting upsampling observations that are
erroneously predicted by previous trees (97). Once the trees are generated, the rules
are extracted. This processis exemplified in figure 3, which features a reduced version
of figure 2.

Weight > 100 kg?

Weight change > 2
kg?

No Alert

Figure 3 - Example of the rule extraction used in the RuleFit algorithm. Red arrows indicate
one condition rule, while the orange arrow illustrates a multicondition rule.

Each splitting rule is individually extracted, as indicated by the red arrows in Figure
3,e.g., thefirstruleis “weightabove 100 kg”,asthe rule only relies on one condition;
thisis referred to as a one-condition rule. Multicondition rules are also extracted; in



Figure 3, this is indicated by the orange arrow, which generates the rule “weight below
100 kg AND weight change above 2 kg”. When extracting rules, all possible paths
through the decision trees are extracted as rules. The trees generated in RuleFit are
purposefully kept shallow, which helps limit the complexity and number of rules
extracted. Each observation in the original training data is then enhanced with the
extracted rules along with binary indicators of whether the rule is true.

In the second step, a linear regression model is trained on the enhanced dataset. As
the number of potential predictors has been greatly increased by the first step, it is
necessary to use the LASSO regression model, where the penalization term ensures
that only the coefficients of the most relevant predictors are nonzero.

The end result of the RuleFit algorithm is indistinguishable from a regular linear
regression model, except that the set of predictorsincluded in the model might contain
one- or multiple-condition rules.

Step 4 — Parameter estimation

Many of the algorithms used for prediction require the specification of one or more
model parameters. Some parametersare best decided by the developer according to
the prediction problem, such as the use of logistic versus numerical regression. Other
parametersare difficult to optimize based on prior knowledge and requirea more data-
driven approach; these parameters are sometimes referred to as hyperparameters.

One example is the tree depth of the random forest algorithm. Due to heterogeneous
data sources, the optimal depth might differ significantly, even when used for similar
prediction tasks, making a priori specification difficult. Luckily, the performance
measures elaborated in the fifth step allow for a method of selecting the parameter
that leads to the best predictions. The developer must simply build a model for each
of the potential values of the parameter of interest and compare performance before
selectingthe best performingvalue. Previously, the time and resources needed forthis
task were prohibitive, but with the efficiency and power of modern computing,
searching for a large parameter has become increasingly trivial.

However, one problem arises when using this method for parameter estimation —
overfitting. A model is overfit when there is a large decrease in performance between
prediction in the data on which the model is trained and prediction on new
observations. This occurs when random correlations in the data is interpreted as
informative by the model, the risk of this increases with model complexity (a measure
of the adaptability of the model, i.e., for tree-based models, increasing the maximum
depth increases the complexity).

A simple example: In a dataset on telemonitored CHF patients containing daily
measurements and baseline characteristics, all observations of a weight measurement
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of exactly 79 kg along with a job title of “Artist” occurs prior to a hospitalization, if a
tree-based model is trained for this datawithout any limitations on complexity, it will
be likely to predictall new observations of 79 kg artists as “at risk ofhospitalization”.
Developers of clinical prediction models are mostly interested in the validity of
predictions for new observations, which means great care should be taken to avoid
overfitting (85).

Cross-validation is one method of mitigating the risk of overfitting. Similar to the
cross-validation method presented in step 2, the training setis splitinto N folds (these
folds are independent of the folds generated during step 2). A prediction model for
each potential parameter value is trained on N-1 of the folds, and the performance is
evaluated on the last fold, which is performed N times, with each iteration havinga
differentfold as the test fold. The parameter value with the best performance across
the N iterations is then selected for the final model. Once the best hyperparameter
values have been selected, the final model can be trained, and the performance can be
evaluated.

Step 5 - Performance

The most intuitive way to measure the performance of a prediction model is simply
measuring the accuracy on new observations — does the predictions of the model
match reality. However, this method of validation is reliant on prospective
observations,and few clinicians are willingto use prediction models without a reliable
estimate of their expected performance. The data splitting procedure proposed in step
2 and/or cross-validation are alternatives that, under the right circumstances, produce
unbiased estimates of future performance of the prediction model (85). Both methods
resultin a training set, which is used for the training in step 4, and a test set. As the
test set has not been included in the model development, it can be considered a
reasonable proxy for new observations. When cross-validation is used, the
performance estimate is the average of the estimates calculated for each iteration.

All prediction models targeting the clinical sector need to prioritize the identification
ofallat-risk patientsand not give false positives. This prioritization resultsin accuracy
beinga poor measure of performance for clinical prediction models, especially when
the prediction outcome israre. In the followingsection, other,more clinically relevant
measures of performance are presented.

Two related terms play an especially important role in understanding the performance

of ML algorithms: sensitivity and specificity. Sensitivity is defined as the proportion
of true positives marked as positive by the algorithm, i.e., the proportion of patients
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with imminent deterioration that are accurately labeled as such. Achieving a
sensitivity of one, i.e., correctly labeling all at-risk patients as at-risk, is trivial; one
only needs to predict the at-risk label in all cases. However, such a prediction would
be of little practical use. Thus, sensitivity needs to be balanced by specificity, which
is defined as the proportion of true negatives accurately labeled as negative by the
algorithm. Balancing the sensitivity and specificity of a model can be achieved by
changing the percentage threshold needed for a specific label, i.e., a larger degree of
specificity canbe achieved by settinga threshold for the positive label above 50%.
(85,90)

While sensitivity and specificity are important measures for assessing the
performance of a model, summary measures that describe the total discriminatory
performance have been developed. The simplest summary measure is the accuracy of
the prediction, which is the proportion of correct labels, calculated as the sum of true
positives and negatives divided by the total number of observations; however,
accuracy is inappropriate when the possible outcomes are not equally likely.
Fortunately, this is often the case when dealing with health outcomes, where most
peoplewill have a negative label (no disease/deterioration). Most studies reporting on
clinical prediction models report the receiver operating characteristic curve (ROC)
and the associated area under the curve (AUC). The ROC is generated by plotting
pairs of sensitivity and specificity values while varying the threshold from0Oto 1 on a
rectangular plot with sensitivity on the y-axis and 1-specificity on the x-axis
(illustrated in figure 4). The ROC-AUC is the proportionof the plot beneath the curve.
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Figure 4 - Example ofaROC plot based on fictional data. Five different predictive models were
built, evaluated and plotted, with the best performance belonging to the stepwise model
(orange, AUC: 0.94). The R-package “ggplot2’(98) was used to build the plot.

A ROC-AUC of 1 indicates perfect prediction, all negatives and positivesare labeled
correctly by the model, while a ROC-AUC at or below 0.5 indicates no predictive
performance of the model (the model is outperformed by random guessing) (85,99).
Other performance measures exist, such as precision-recall, f-measure and more, and
the mostappropriate performance measure depends on factors such as the distribution
of outcome labelsin the data and the cost of misclassification. The choice of which
performance measure(s) to investigate, is ultimately choosing what constitutes a good
model. In some scenarios, a good clinical prediction model, might be very
conservative in its predictions, resulting in few false positives (high specificity) but
also several false negatives (low sensitivity), this could be the case when cost of
treatmentisvery high,while in other scenarios, such as many screeninginterventions,
high sensitivity and lowspecificity is preferred. In most scenarios, a balancedestimate
is preferred, and this makes ROC-AUC the most reported measure.

Prediction models in chronic heart failure

Table 1 presents all identified clinical prediction models for telemonitored CHF
patients. The table is based on the work preparing the papers and the findings from
three recent reviews, Senarath et al, 2021, which reviewed the literature on prediction
models fortelemonitored CHF patientsto identify the most influential features within
the models (21), and Castelyn etal, 2021, which reviewed impact and performance
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studiesof clinical prediction models within multiple chronic diseases, including heart
failure (100). The two reviews include both diagnostic and prognostic studies, and
while diagnostic models show great promise, they are outside the scope of the current
thesis. In the following section, the most important findings from the reviews and the
individual studies on prognostic clinical prediction models will be presented to
establish the current state of knowledge.

Senarath et al., 2021 found that the most commonly used biometrics were blood
pressure, bodyweight, heartrate and respiratoryrate. They found that many prediction
models caused a high number of false alerts (low specificity), which further
emphasizesthe need fora considered approach to balancingsensitivity and specificity
in model development. Another important finding was low patient compliance with
daily monitoring, to the extent that some studies found evidence of noncompliance
being an important predictor on its own. They conclude that future studies on the
development of prediction models for CHF patients should focus on incorporating
features based on more than one biometric parameter. (21)

Castelynetal.,2021 also foundblood pressure, body weight, heart rateand respiratory
rate to be the most commonly measured features, particularly in impact studies, i.e.,
studies that investigated the health effects of incorporating an algorithm in
telemedicine interventions. In addition, they found a large discrepancy between
algorithms used in impact studies and algorithms used in performance / development
studies, with the former predominantly using rule-thumb-heuristics, while the latter
primarily investigated ML-based algorithms (excluding neural nets). They conclude
that predictive algorithms are effective in detecting and predicting chronic disease-
related events but that closer collaboration between performance and impact studies
is necessary. They suggest that performance studies using data and devices available
in real-life telemedicine interventions can bridge some of this gap. (100)

While the individual studies presented in Table 1 are grossly heterogeneous, due to
differences in the prediction goal, data collected and methodology, some common
trends exist. The majority of the studies feature unbalanced datasets, with few events
compared to the number of observations (75,101-104).

Some studies developed models that included measurements of intrathoracic
bioimpedance (105). However, these models showed conflicting evidence on the
importance of the measurements for prediction, and it should be noted that
bioimpedance is nontrivial to measure and often requiresan implanted device such as
a defibrillator (21).

When investigating the potential to improve upon RoT heuristics, two of the studies
developed an algorithm based on daily weight measurements, which examined the
potential ofincludinglong- and short-termaveragesof weight change in the algorithm
compared to using thresholds based on daily weight change (75,101). Zhang et al.,
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2009 found that models including the “moving average convergence divergence”
(MACD) feature had a slightly lower sensitivity but much higher specificity for
predicting episodes of worsening heart failure (75). This is partly supported by the
findings of Eggerth etal., 2017, who found that the highest specificity belongedto a
MACD-based model; however, the best performing models measured by ROC-AUC
all featured lowspecificity (101). Both studies concludedthatchangesin weight might
not be sufficient to identify at-risk patients.

Many of the studies did not report the ROC-AUC for their models (106-110), which
makes direct performance comparisons difficult. However, ROC-AUC alone can be
misleading in the context of heavily unbalanced data, where a small decrease in
specificity might result in numerous false alerts.

In summary, current research suggests that current clinical prediction models for
telemonitored CHF patients do noteclipse the performance of RoT-based algorithms.
Future development studies should be based on more variables than just weight to
increase overall model performance to correct this. Additionally, the models should
consider dataavailablein real-life settings, includingrealistic measurement frequency
and compliance, as this constitutes a necessity for later impact and implementation
studies.
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Study

Eggerth et
al.,
2017

(101)

Gyllenstenet
al.,
2016

(105)

Data

Source: HezMobil-
Tirol dataset

N: 106 patients

Observations: 1460
monitoring weeks
with 54 events

Measured
variables:
Body weight

Source: MyHeart
Study

N: 91 patients

Observations: Data
divided into 2-
week periods (n not
reported)

Measured
variables:

Body weight
Noninvasive
transthoracic
bioimpedance

Model specification

Outcome: Heart
failure events

Algorithm:
Comparison
between alerts based
on MACD and RoT

Outcome: Heart
failure
decompensation

Algorithm:
Comparison
between alerts based
onRoT, MACD and
Cumulative sums
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Performance

Aim:

Comparison of
predictive
performance (RoT
vs MACD)

Performance
estimates:

MACD

AUC: 0.65
Sensitivity 0.87
Specificity0.41

RoT

AUC: 0.68
Sensitivity: 0.76
Specificity: 0.57

Aim: Does
Noninvasive
transthoracic
bioimpedance
measurements
improve
performance of
previously
published weight-
based models

Performance
estimates:

RoT

AUC not reported
Sensitivity: 0.33
Specificity: 0.92



Henriques et
al.,
2013

(107)
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Source: myHeart
telemonitoring
database

N: 41 patients

Observations: 41
two-week episodes
with 16
decompensations.

Variables
Measured:
Blood pressure
Heart rate

Weight
Respiration

Outcome: Detection
of decompensation
episodes

Algorithm:
Advanced signal
processing
techniques
combined with
similarity
assessment
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MACD
AUC not reported

Sensitivity: 0.50
Specificity: 0.92

Cumulative sums
AUC not reported

Sensitivity: 0.60
Specificity: 0.96

Aim:
Classification of
decompensation
episodes

Performance
estimates:

AUC not reported

Sensitivity: 0.62
Specificity: 0.69



Henriques et
al.,
2016

(108)

lakovidis et
al.,
2016

(109)

Source: myHeart
telemonitoring
database

N: 41 patients

Observations: 41
two-week episodes
with 16
decompensations.

Variables
Measured:

Blood pressure

Heart rate
Weight
Respiration

Source: Patients
using the Motiva
telemonitoring
systemin
Kingston-upon-
Hull.

N: 308 patients
Observations:
Approximately
10,000 with 3000

events

Measured
variables:

Heart rate
Blood pressure
Body weight

Outcome: Detection
of decompensation
episodes

Algorithm:
Advanced signal
processing
techniques of
multiparametric
model combined
with

case-based
reasoning principle
Equivalent to k-
nearest neighbor
method

Outcome:
Worsening heart
failure

Algorithm: Uses
signal processing
and a Naive Bayes
algorithm
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Aim: Prediction of
heart failure
decompensation
episodes

Performance
estimates:

AUC not reported

Sensitivity 0.87
Specificity 0.68

Aim: Worsening
heart failure event
one day after an n-
day time-interval
of monitoring

Performance
estimates (4-day
monitoring
period):
Complete Case:

AUC not reported
Sensitivity 0.738
Specificity 0.965

Linear
interpolation:

AUC not reported
Sensitivity: 0.446,
Specificity: 0.966



Javed et al.,
2016

(102)

Koulaouzidis
etal,,
2016

(83)
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Source: HF patients
from London and
Dublin

N: 115 patients

Observations: 735
28- or 21-days
blocks (unclear)
with 20 events

Measured
variables:

Sound recordings
of nocturnal
respiration

Source: Patients
using the Motiva
telemonitoring
systemin
Kingston-upon-
Hull.

N: 308 patients

Observations: Data
divided into 7,567
(16-day intervals) -
15,761
observations (1-day
intervals), labeled
as either normal or
abnormal periods
(n abnormal
periods: 13-27)

Measured
variables:

Outcome: Acute
decompensated
heart failure

Algorithm:
Advanced and
proprietary signal
processing to derive
stability estimate
combined with alert
based on threshold.

Qutcome: Heart
failure

hospitalization

Algorithm:
Advanced signal
processing
combined with
Naive Bayes
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Aim: Prediction of
acute
decompensation

Performance
estimates:

AUC not reported
Sensitivity 0.55
Specificity 0.73

Aim: Detection of
patients at high
risk of heart
failure
hospitalization

Performance
estimates:

AUC: 0.82

Sensitivity: 0.52
Specificity: 0.97



Ledwidge et
al.,
2013

(104)

Blood pressure
Heart rate
Weight

Source: HF patients = Outcome: Clinical

recruited from St
Vincent’s
University
Healthcare Group

N: 87 patients

Observations: Data
divided into just
under 2100 weekly
periods (exact
number not
reported) with
1.3% including a
clinical
deterioration event.

Variables
Measured:

Weight

deterioration

Algorithm:
Threshold alerts
based on MACD
(HeartPhone
Algorithm)
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Aim: Prediction of
clinical
deterioration

Performance
estimates:

AUC not reported

Sensitivity: 0.82
Specificity: 0.68
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Zhang et al., = Source: TEN-HMS = Outcome: Aim: Comparison
2009 (75) study Hospitalization or | of predictive
worseningedemaor = performance (RoT
N: 135 patients breathlessness vs MACD)
Algorithm: Performance
estimates:

Observations: 1376 = Comparison
14-day periods between alerts based MACD
classified as either = on MACD and RoT

14-day prior to heuristics AUC = 0.55
hospitalization or Sensitivity: 0.2
event free period Specificity: 0.89
Measured RoT
variables:
AUC: 0.52-0.53
Daily weight
measurements Sensitivity and
specificity not
reported.

Table 1 - Summary of previous studies on clinical prediction models for telemonitored CHF
patients, compiled from identified reviews and a literature search.

2.8. TELECARE NORD HEART FAILURE

Telemedicine for the management and monitoring of CHF is being introduced across
the world, but there are still unanswered questions regarding the potential for
mitigating existing geographical inequities in healthcare access. At the same time, the
innovative technology promises to improve the possibility of early intervention when
the disease inevitably progresses; however, thiscan only be fully utilized if clinicians
are supported by toolsand care structures that address the challenges of frequent data
measurements.

This thesis is based on data from a Danish telemedicine intervention, “Telecare Nord
Heart Failure” (TCNH). In Denmark, efforts are being directed toward incorporating
telemedicine technologies in the management of chronic diseases, including HF, at
the national level (111,112). A recent randomized trial, the “Telecare Nord Heart
Failure trial” (113), has shown promising results. Patients receiving the
supplementary intervention hadsimilar physicalhealthand better mental health scores
at the 1-year follow-up (22). In addition, the health economic analysis showed
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supplementary telemonitoring to be a cost-effective alternative, primarily due to
reduced hospitalizations in the intervention group (19). Thisthesiswas designed to be
amore comprehensive investigation into the data fromthistrial to potentially improve
the targeting and the clinical value of the intervention and interventions like it.
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CHAPTER 3. THESIS OBJECTIVES

In this chapter, the overall objective of the thesis will be presented along with the
specific objectives investigated by each of the three studies on which this thesis is

based.

The objective of this thesis was to investigate whether supplementary telemedicine
impacts inequity in health care access for CHF patients. In addition, the potential for
predicting CHF deterioration based on weekly measurements of biometric values,
with a particular emphasis on investigating the potential of explainable ML models,

to ensure patient and clinical acceptance.

The dataset for this thesis originates from telemonitored patients with CHF from the

TCNH Trial (22,113).

3.1. SPECIFIC PAPER OBJECTIVES

STUDY

Telemedicine asa Tool for Bridging
Geographical Inequity: Insights in
Geospatial Interactions from a Study
on Chronic Heart Failure Patients

Weekly Blood Pressure and Weight
Measurements shows Potential for
Predicting Deterioration in
Telemonitored  Chronic Heart
Failure Patients

Prediction of 14-day Hospitalization
Risk in Chronic Heart Failure
Patients, using Interpretable
Machine Learning Methods
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OBJECTIVE

To investigate whether the TeleCare
Nord Heart Failure Telemedicine
intervention successfully bridged the
geographical gap in healthcare access.

To investigate whether 1-2 weekly
measurements are sufficientto predict
imminentdeterioration in CHF patients.

To investigate whether prediction
models based on interpretable ML
algorithms can predict risk of
hospitalization within 14 days for CHF
patients.
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CHAPTER 4. SUMMARY OF PAPERS

4.1. PAPER | - TELEMEDICINE AS A TOOL FOR BRIDGING
GEOGRAPHICAL INEQUITY: INSIGHTS IN GEOSPATIAL
INTERACTIONS FROM A STUDY ON CHRONIC HEART
FAILURE PATIENTS

Purpose: The purpose of this study was to assess the impact of a supplementary
telemedicine intervention on geographical inequity in outcomes for CHF patients.

Methods: We utilized a linear regression framework to investigate the relationship
between proximity to the usual treatment facility and the benefits of telemedicine.
Our study measures changes in health status using EQ5D, 36-item short form health
survey (SF-36) physical component score, and SF-36 mental component score as
primary outcome measures. The unadjusted analysis included the intervention
group, the distance group, and their interaction as independent variables, while the
adjusted analysis incorporated multiple socioeconomic and health-related variables
to control for potential confounding factors.

Results: Our analysis revealed a significant interaction between the effects of
telemedicine and the distance to treatment for changes in EQ5D health status
(unadjusted: p = 0.016, adjusted: p = 0.016) and mental component score
(unadjusted: p =0.013, adjusted: p = 0.008). However, for the change in the physical
component score, the interaction term did not reach significance (unadjusted: p =
0.118, adjusted: p = 0.129).

Conclusion: Our study suggests that supplementary telemedicine has the potential
to mitigate healthcare access disparities associated with geographical distance for
CHF patients. Realizing this benefit requires careful implementation of telehealth
technologiesthat prioritize accessibility and adaptation, particularly in underserved
areas.
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4.2. PAPER Il - WEEKLY BLOOD PRESSURE AND WEIGHT
MEASUREMENTS SHOW POTENTIAL FOR PREDICTING
DETERIORATION IN TELEMONITORED CHRONIC HEART
FAILURE PATIENTS

Purpose: The primary objectives of this investigation were to examine the temporal
physiological patterns leading up to acute hospital admission eventsamong patients
with CHF and to assess the feasibility of utilizing these patterns for predictive
purposes.

Methods: Data collected from 33 paired event and control periods, drawn from the
TeleCare North Heart Failure trial, served as the foundation for this analysis. The
dataset incorporated various features derived from repeated measurements of key
physiological indicators such as blood pressure, pulse rate, and weight. These features
encompassed statistical measures such as the mean, standard deviation, regression
coefficient (slope), difference, absolute change, and max/minratio. To evaluate their
predictive potential in identifying periods preceding deterioration, a logistic
regression framework with 5-fold cross-validation was employed.

Results: Weight-pattern alterations manifested in the 30 days leading up to adverse
events, while changes in pulse rate and blood pressure occurred closer to the event
itself. The three most promising features were identified as the slope of weight
between 67 and 37 days prior to an event, the slope of pulse rate during the same
period, andthe pulse rate difference in the last 37 to 7 days preceding an event. The
exploratory model achieved an AUC of 0.81 across the five cross-validation folds,
signifying its capacity to predict acute hospital admissions.

Discussion: Our findings suggestthat telemonitored data relatedto weight, pulse rate,
and blood pressure in CHF patients can be harnessed to predict acute hospital
admissions. While our exploratory model demonstrates strong discriminatory
performanceinidentifying periodsat risk of acute hospital admission, itis constrained
by a relatively small sample size and its exploratory design.
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4.3. PAPER IIl - PREDICTION OF 14-DAY HOSPITALIZATION
RISK IN CHRONIC HEART FAILURE PATIENTS USING
INTERPRETABLE MACHINE LEARNING METHODS

Purpose: Our study aimed to assess the predictive potential of biweekly
measurements of pulse, blood pressure, and weight for acute hospitalizations in CHF
patients. We specifically focused on machine learning models that offer high
interpretability, given the limited adoption of complex machine learning models in
clinical settings.

Methods: We utilized a dataset comprising 11,575 measurements of pulse, blood
pressure, and weight from 122 patients. Three types of machine learing algorithms,
namely, logistic regression, random forest, and RuleFit, were trained to predict
nonelective hospitalizations withina 14-day window. Performance metrics, including
the f-measure, ROC-AUC, sensitivity, and specificity, were estimated using a 5-fold
cross-validation framework.

Results: Among the tested machine learning algorithms, a simple and interpretable
model, logistic regression with lasso regularization, demonstrated the best
performance. The model based on straightforward features achieved an ROC-AUC of
0.622 (sensitivity = 0.185, specificity = 0.93), while the model incorporating a more
complex feature set yielded an ROC-AUC of 0.657 (sensitivity = 0.212, specificity =
0.921).

Conclusion: Our study indicatesthat in the context of predicting hospitalizations in
heart failure patients, simple and interpretable methods outperformed more complex
black-box machine learning models. This underscores the suitability of interpretable
methodsinthisclinical context. However, itisimportantto note that the overall model
performance was modest, and the limited sample size slightly constrains the strength
of our findings.
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5.1. PAPER | - TELEMEDICINE AS A TOOL FOR BRIDGING
GEOGRAPHICAL INEQUITY: INSIGHTS IN GEOSPATIAL
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IMPROVING TELEMONITORING FOR CHRONIC HEART FAILURE

5.1.1. ABSTRACT

Introduction: Chronic heart failure patients experience large disparities in quality of
and access to treatment, with rural populations receiving lower levels of care.
Telemonitoring of patients is increasingly being used as an important tool for
improving patient management and care and might reduce geographical inequities in
healthcare.

Methods: We investigate the presence and magnitude of a geospatial interaction
effect on the health benefit of a supplementary telemedicine intervention, by
analyzing the relationship between distance to regular place of treatmentand the
benefit of telemedicine in a regression framework. We use change in EQ5D health
status, SF-36 Physical component score and SF-36 Mental component score as the
outcomes. In the unadjusted analysis, intervention group and distance group and the
interaction termare included as the independent variables, in the adjusted analysis,
multiple socioeconomic and health related variables are included to account for
potential confounders.

Results: We find evidence of a significant interaction between the effects of
telemedicine and long distance to treatment for change in EQ5D health status
(unadjusted: p = 0.016, adjusted p = 0.016) and mental component score (unadjusted:
p = 0.013, adjusted p = 0.008), for the change in physical component score the
interaction term was not significant (unadjusted: p = 0.118, adjusted p = 0.129).

Conclusion: In our study we find that supplementary telemedicine is likely to reduce
the health access inequities associated with geographical distance for chronic heart
failure patients. However, this benefit can only be realized if care is taking to
implementtelehealth technologies, which emphasizes ease of access and adaptation
in underserved areas.
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5.1.2. BACKGROUND

Geographical inequity in access to and benefit of health care services has always been
a challenge formodern health care systems. The cause of inequity is multifactorial,
with complex socioeconomic and cultural factors contributing to disparities in health
care. Partofthisrelationship is the practical barrier caused by distance to the treatment
center, and routine care visits might require a significant investment of time and
money for a rural resident (42). This is well documented in an American context
(42,43), but geographically linked inequity in health is observed even in
geographically small countries, such as Denmark (44).

Chronic heart failure is a disease with significant inequities in both incidence and
prognosis (13,16,39). This includes geographical inequities. A study found evidence
of geographical clusters of acute myocardial infarctions (44), a common precursor to
chronic heart failure (114). Another study found a strong correlation between
proximity to the treatment center and the odds of receiving proper cardiac
revascularization treatment (115).

With the advance of telemedicine as a potent tool in combating the rising costs of
healthcare services for chronic diseases, such as chronic heart failure (64,116).
Telemedicine has been suggested as a geographical equalizer, with the potential to
decrease the geographical inequities of traditional healthcare services (42,71). This
makes intuitive sense, as telemedicine can be delivered independently of the distance
between carer and patient. However, many health services are still reliant on physical
proximity, such as physical exams and surgery, and there is some doubt regarding
whether patients can accurately be assessed in a telemedicine setting (117).
Inadvertently, telemedicine might even exacerbate existing inequities (18), and
socioeconomic factorssuch as age, area-level income and race appearto be barriers
to access to telemedicine interventions for patients with cardiovascular disease (118).

In a randomized controlled trial, an add-on telemedicine intervention (Telecare Nord
Heart Failure) has proven successful in reducing health care costs (19) and improving
mental health (22). However, it is unclear whether supplementary telemedicine
interventions, such as Telecare Nord Heart Failure, have an impact on the health
disparity between urban and rural residents. Few studies have investigated
telemedicine outside of the urban setting (11), and it is necessary to investigate
whether telemedicine is successful in reducing the health inequity of rural
populations.

With this study, we wish to investigate whether supplementary telemedicine is

associated with a decrease in geographical health inequity for chronic heart failure
patients.

61



IMPROVING TELEMONITORING FOR CHRONIC HEART FAILURE

5.1.3. METHODS

Research Design

Our aimis to investigate the presence and magnitude of a geospatial interaction effect
on the health benefitof a supplementary telemedicine intervention by analyzing the
relationship between distance to a regular place of treatment and the benefit of
telemedicinein a regression framework. This study attemptsto address the question
of whethertelemedicine is feasible asan approach to combat geographical inequity in
healthcare.

We used data from the Telenord Heart Failure study, where a RCT was conducted
with chronic heart failure patients randomized to either usual care or a supplementary
telemedicine intervention in addition to normal care. The TeleCare North Heart
Failure trial aimed to evaluate the health effects and the economic impact of a
supplementary telemedicine solution for chronic heart failure patients with 12 months
of follow-up. The telemedicine intervention featured at-home measurements of
biometric data, such as pulse, weight, and blood pressure. These measurements were
evaluated on aweekly basis by health care practitioners, with the hope that continuous
measurements would allow a timelier response to any ongoing health deterioration.
The original trial included 299 patients, 145 patientsallocated to the supplementary
intervention and 154 controls from the Region of Northern Denmark.

Patients were presented with a survey at enrolimentand at the 1-year follow-up,
including items related to socioeconomic status, general health questionnaires and
disease-specific items.

The full details of the RCT and the health and health economic effects of the
intervention have been reported elsewhere (19,22,113).

Participants and setting

In this study, we included survey data from 168 patients (84 intervention and 84
controls), who had full follow-up on our primary endpoints. The per protocol follow-
up time was 1 year, with patient enrollment starting in August 2016.

We include data from related general health questionnaires (EQ5D5L, SF-36)
(119,120)and several items pertaining to socioeconomic and health status described
in the variables section.

Patient characteristics are reported in the results section.
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Variables
Dependent Variable

A total of three different self-reported measures of health are used as the outcomes in
this study.

Change in EQ5D health state utility, measured as the difference in momentaneous
health utility between EQ5D-5L survey administered at baseline and at the 1-year
follow-up. The Danish EQ5D5L scoring was used to calculate the utility score at both
points (121). Scoring of the EQ5D5L questionnaire results in a health utility score
between 0 and 1, with 1 indicating perfect health and 0 indicating death. In rare cases,
scores less than 0 are seen, indicating a health state worse than death.

Change in Physical Component Score, measured as the difference in physical
component summary score between baseline and 1-year follow-up, derived from the
SF-36 health questionnaire, using the quality metrics proprietary scoring algorithm
(120). Scoring of the physical componentscore results in a score between 0 and 100,
with 100 indicating perfect physical health.

Change in Mental Component Score, measured as the difference in physical
component summary score between baseline and 1-year follow-up, derived from the
SF-36 health questionnaire, using the quality metrics proprietary scoring algorithm
(120). Scoring of the mental component score resultsin a score between 0 and 100,
with 100 indicating perfect physical health.

Each outcome was tested independently throughout the analysis.

Independent Variables

Distance from center of treatment

The main interest of this study is investigating the interaction between havinga long
distance to a regular place of treatmentand the benefit of telemedicine. Distance was
measuredas the distance by car betweenthe patient’s home andthe treatment provider
responsible for thereferral to thetelemedicine providerand was subsequently grouped
into 2 groups, regularand long distance, with long distance defined as the 4t quartile
of distance (>40.2km). The distance by car was collected through a google maps api
using the ggmap package (122).

Intervention group

As the data are derived froman RCT, patients are assigned to either supplementary
telemedicine or control (treatment as usual). For the purposes of this study, the
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analysis was conducted as intention-to-treat, with patients being labeled in accordance
with the initial randomization.

Age

In the adjusted analysis, patientage isincluded. Age is defined as the age of the patient
atenrollmentin the study, calculated fromthe birth date and date of completion of the
baseline survey. For a single patient, an error resulted in the loss of the original
completion date. For this patient, age was defined as the mean of the population.

NYHA class

In the adjusted analysis, patient NYHA class was included. The NYHA class is
defined as the NYHA class of the patient at enrollment in the study, based upon self-
reported status in the baseline survey.

Comorbidity

In the adjusted analysis, the presence of comorbidity is included. Comorbidity is
defined as a binary variable indicating the presence of one or more self-reported
comorbidities at enrollment in the study.

Gender

Genderwas includedinthe adjusted analysis. Gender was defined by the civil national
registry number of the patient.

Marital status

Self-reported marital status was included in the adjusted analysis, and the available
response categories were married/registered partnership, cohabiting, partner without
cohabitation, single, divorced, and widowed. The responses were recoded into “In a
relationship”and “Single” for the first and last three responses, respectively, before
inclusion in the analysis.

Employment status

Self-reported employment status was included in the adjusted analysis, and the
available response categories were full-time employment, part-time employment,
leave of absence, student, sick leave, retired, and unemployed but looking for
employment. Responses were recategorized into “employed” for responses 1 and 2,
“unemployed” for responses 3, 4,5 and 7, and “retired” for response 6.

Social Ladder
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Self-reportedsocial/societal status was included in the adjusted analysis. Patientswere
asked to assess their social status on a scale of 1-10, with 10 indicating the societal
top and 1 indicating the lowest position in society.

Weight

Self-reported weight at baseline was included in the adjusted analysis.

Handling of numerical and categorical variables

Numerical (continuous) variables were included in the analysis without further
modification.

All categorical variables were dummy coded with 1 indicating the presence of the
category for use in the analysis.

Main Analysis

To evaluate the presence and strength of an interaction effect between the benefit of
telemedicine and distance to the usual treatment center, we used a linear regression
framework with an interaction term. For the unadjusted models, the intervention
group, distance quartile and intervention*distance group interaction term were
included as independent variables. For the adjusted analysis, age, NYHA class,
comorbidity, marital status, employment status, social ladder and baseline weight
were included as potential confounders. The unadjusted and adjusted coefficient
estimates, confidence intervals and p values are reported in Tables 2 and 3,
respectively.

Model Assumptions

To ensure thatthe assumptions of linear regression were not violated, diagnostic plots
of the residual errors of the models were generated with the ggfortify package (123)
and inspected. Residual vs fitted plots were evaluated to assess linearity, Q—Q plots
were evaluated to assess the distribution of errors, and scale-location plots were
evaluated for homoscedasticity. As the unadjusted models contained only categorical
predictors, the Levene test of homogeneity of variance was used to evaluate
homoscedasticity for these models. The results of the visual inspection of the
diagnostic plots are reported in the results section, and the full plots and results of the
Levene test are shown in appendix 1.
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Interaction Effect Interpretation

Coefficientsand p values for individual interaction termsare presented in tables2 and
3 for the adjusted and unadjusted analyses, respectively. However, p values for
individual terms are inappropriate for assessing evidence of interaction when the
interaction has more than one term (124). To assess whether the models show
evidence of interaction, a likelihood ratio test is performed between modelswith an
interaction term and their respective nested model without, and a p value of <0.05
indicates a significant interaction.

Missing Data

We included only patients with complete follow-up on EQ5D, PCS and MCS health
scores forthis analysis. A small number of patients (n = 7) had missing values in one
or more of the categorical variables used in the adjusted analysis. The missing values
were mode imputed for the analysis and reported as NA in Table 1.

Statistical Software

All analyses and data management were conducted in R (R version4.2.1, (125)) using
RStudio IDE (RStudio 2023.06.0+421 "Mountain Hydrangea",(126).

The “Tidyverse” package compilation (version 1.3.2, (127)) was used for data
management and related tasks. The “Tidymodels” package was used to specify and
implement the regression models (version 1.00, (128)). Additional packages were
used for various tasks related to visualization of the dataand models (123,129,130).

Ethical disclosure and reporting guidelines

The Telecare Nord Heart Failure project has been assessed by The North Denmark
Region Committee on Health Research Ethics (http://www.m.dk/sundhed/il-
sundhedsfaglige-og-samarbejdspartnere/forskning/den-videnskabsetiske- komite-for-
region-nordjylland), which concluded thattheprojectdid notrequireethical ap proval.

This study is reported in accordance with STROBE guidelines on the reporting of
observational studies.
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5.1.4. RESULTS

No significant differences in baseline characteristics were observed between the
patient group randomized to supplementary telemedicine and the patient group
randomized to treatment as usual. For two of the primary endpoints, EQ5D health
utility score and the physical component summary score of the SF-36, no significant
difference in change in health status was observed. However, the change in the mental
component summary score of the SF-36 differed significantly between the two
groups, with the intervention groups showing a slight increase of 2.65 points, while a
slight decline of -0.99 points was observed in the control group.

Table of Patient Characteristics

Variable Intervention = Control p
value

N 84 84

Dependent Variables

Change in EQ5D health utility score 0.03 (0.19) | -0.01(0.22) 0.257
(mean (SD))

Change in SF-36 PCS (mean (SD)) -0.01 (7.75) | 1.41(6.47) 0.200
Change in SF-36 MCS (mean (SD)) 2.65(9.28) | -0.99 0.017
(10.25)

Primary Independent variable
Distance = Long (>40.2 km) (%) 20 (23.8) 19 (22.6) 1.000

Distance in km (mean (SD)) 2541 30.42 0.166
(20.56) (25.80)
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Sociodemographic variables
Gender = Male (%)

Age (mean (SD))

NYHA class (%0)

1

2

3

4

Missing

Present Comorbidity (%)

Weight at baseline (mean (SD))

Marital status (%)

In a Relationship

Single

Missing

Social ladder score (mean (SD))
Employment status (%)
Employed

Unemployed

Retired

68

69 (82.1)

68.99 (9.34)

7(8.3)
44 (52.4)
24 (28.6)
6(7.1)
3(3.6)
46 (54.8)

85.39
(17.15)

65 (77.4)
18 (21.4)
1(1.2)

5.93 (1.48)

9 (10.7)
9 (10.7)

64 (76.2)

67 (79.8)

67.76
(10.32)

6(7.1)
44 (52.4)
28 (33.3)
4 (4.8)
2 (2.4)
46 (54.8)

86.55
(19.32)

53 (63.1)
31(36.9)
0 (0.0)

5.99 (1.76)

16 (19.0)
6(7.1)

62 (73.8)

0.844

0421

0.912

1.000

0.681

0.059

0.811

0.204



Missing 2(2.4) 0(0.0)

Paper | Table 1 - Patient characteristics stratified by treatment group

For use in the regression model, distance by car was factored into normal and long
distance groups, with the long distance group defined as the fourth quartile (>40.2
km). In Figure 1, the two main treatment centers, located in Aalborg and Hjarring, are
shown along with a heatmap of the patient distribution. The solid black circle roughly
shows the cutoff between the normal and long-distance groups.

lon

Paper | Figure 1 - Heatmap of the two primary treatment centers with black circles roughly
indicating the cutoff point between normal and long distance.

All regression models reported in the following section were evaluated for accordance
with the assumptions of a linear regression. No departures from these assumptions
were observed in residual vs fitted and QQ plots. The plots are available in appendix
1.

Table 2 shows the results of the unadjusted regression analysis. When examining the
effect of long distance on EQ5D, we see that the main effect of long distance is
associated with a significant decline in health utility of -0.176 (p = 0.001), and we
also see that the coefficient of the interaction termis significant with an increase of
0.178 (p =0.016). This could indicate that receiving the telemedicine intervention in
large parts negates the negativeeffects of havingalongdistance to your care provider.
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Similar results are seen when examining the change in MCS, where the long distance
main effects are associated with a significant -6.509 (p = 0.010) decrease in MCS and
theinteractiontermisassociatedwith asignificant8.804 (p =0.013) increase in MCS.
The pattern is similar when examining PCS, with a main effects estimate of -2.27 (p
=0.224) and an interaction term estimate of 4.09 (p = 0.118); however, the terms do

not reach significance.

id Term estimate = std.error

EQ5D
(Intercept) 0.030 0.025
Patient group = Intervention -0.004 0.035
Distance group = Long -0.176 0.052
Interaction between Distance = 0.178 0.073
Long and Patient group =
intervention

PCS
(Intercept) 1.92 0.885
Patient group = Intervention -2.37 1.256
Distance group = Long -2.27 1.860
Interaction between Distance = | 4.09 2.607
Long and Patient group =
intervention

MCS
(Intercept) 0.486 1.19
Patient group = Intervention 1.601 1.69
Distance group = Long -6.509 251
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p.value

0.221
0.904
0.001

0.016

0.031
0.061
0.224

0.118

0.684
0.346

0.010



Interaction between Distance
Long and Patient group
intervention

8.868 3.51 0.013

Paper | Table 2 - Coefficients from a linear regression model with a distance-intervention term
included. Unadjusted.

Table 3 shows the results of the adjusted regression analysis. We see the same trends
as in the unadjusted analysis, with main effect coefficient estimates of -0.197
(p<0.001),-2.32 (p = 0.228) and -7.67 (p = 0.004) for changes in EQ5D, PCS and
MCS scores, respectively. The adjusted interaction terms are 0.185 (p = 0.016), 4.08
(p=0.129)and 9.79 (p = 0.008) for EQ5D, PCS and MCS, respectively. Similar to
the unadjusted analysis, the PCS coefficient estimates fail to reach significance. The
interaction effects are visualized in Figure 2, which shows a box plot of the fitted
values from the adjusted models, stratified by patient and distance group.

id Term estimate = std.error = p.value

EQ5D -

Adjusted
(Intercept) 0.098 0.1171 0.568
Patient group = Intervention -0.002 0.037 0.963
Distance group = Long -0.197 0.054 0.000

Interaction between Distance
Long and Patient group
intervention

0.185 0.075 0.016

PCS -
Adjusted

(Intercept) -1.58 6.05 0.794
Patient group = Intervention -2.22 1.30 0.090

Distance group = Long -2.32 1.92 0.228

71



IMPROVING TELEMONITORING FOR CHRONIC HEART FAILURE

Interaction between Distance = = 4.08 2.68 0.129
Long and Patient group =
intervention

MCS -

Adjusted
(Intercept) 10.54 8.30 0.206
Patient group = Intervention 1.30 1.78 0.466
Distance group = Long -7.67 2.63 0.004
Interaction between Distance = 9.79 3.67 0.008

Long and Patient group
intervention

Paper | Table 3 - Coefficients from a linear regression model with a distance-intervention term
included. Adjusted for age, Gender, NYHA class, Comorbidity, Weight, Relationship status,
Social status, and Employment status.
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Paper | Figure 2 - Boxplot of fitted values from the adjusted model, stratified by patientand
distance group

Table 4 shows the results of the log-likelihood ratio test. When examining the change
in EQ5D health utility, both the unadjusted and adjusted models show significant
improvement (p = 0.014 and p = 0.011, respectively) with the addition of an
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interaction term between interventionand long distance. This is also true for MCS,
with an unadjusted p value of 0.011 and adjusted p value of 0.006. This significant
improvement in log-likelihood suggests the presence of long distance effect
modification for the general health and mental health effects of the telemedicine
intervention. For PCS, the models with interaction terms were not significantly better
than the main effects only models, suggesting no evidence of long distance effect

modification physical health and the telemedicine intervention.

Term

EQ5D

Unadjusted with interaction term
Unadjusted without interaction term
Adjusted with interaction term
Adjusted without interaction term
PCS

Unadjusted with interaction term
Unadjusted without interaction term
Adjusted with interaction term
Adjusted without interaction term
MCS

Unadjusted with interaction term
Unadjusted without interaction term
Adjusted with interaction term

Adjusted without interaction term

Paper | Table 4 - Results of the log-likelihood ratio test
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LogLik

34.6

31.6

38.8

35.6

-566

-568

-553

-555

-617

-620

-606

-610

statistic p.value

NA

5.99

NA

6.46

NA

25

NA

2.54

NA

6.4

NA

7.64

NA

0.014

NA

0.011

NA

0.113

NA

0.111

NA

0.011

NA

0.006



5.1.5. DISCUSSION

Our aimwas to investigate the relationship between distance to the treatment center
and the benefit of telemedicine, measured as changes in the EQ5D-5L health utility
score, SF-36 physical component score and SF-36 mental component score. Our
results indicate that distance to the treatment center hasa significant interaction with
the telemedicine intervention when assessing the change in EQ5D and MCS scores.
No evidence of interaction was found when examining changes in PCS.

Our results support that supplementary telemedicine might be a potent tool in
combating geographical inequities related to distance for chronic heart failure
patients. As the intervention examined was supplementary to usual care, our results
do not elucidate whether this holds true for telemedicine as a standalone treatment.

While our results show that telemedicine is effective in diminishing an observed
negative correlation between long distance to treatment and health scores for chronic
heart failure, it is not necessarily clearwhy this effectoccurs. Telemedicine reduces
distance asa barrier for seeking treatment (71,117), but other studies have shown that
telemedicine might reduce hospitalizations among chronic heart failure patients (19),
suggesting that telemedicine might help prevent deterioration of heart disease.

Strengths and weaknesses

Ouranalysisis consistent across unadjusted andadjusted models, where we have tried
to include the most prominent socioeconomic markers, indicating that the observed
evidence of significant interaction is unlikely to be an artifact due to residual
socioeconomic confounding.

Thisstudy isasecondary analysis of data gathered duringa previously published RCT
(22) with a modest sample size. However, despite the sample size being small, our
resultsare consistentand, in the case of change in EQ5D and MCS, significantacross
unadjusted and adjusted models, indicating that lack of statistical strength is unlikely
to be an issue in our analysis.

The origin of the data means that our analysis risks being impacted by any significant
bias in the original RCT. Initial treatment allocation was through randomization,
which should minimize any differences in confounders between the patient groups at
baseline (124). However, there is a risk of differential dropout between the two
treatment arms, with patients experiencing little, no, or even adverse effects from the
telemedicine intervention choosing to leave the study. In our complete case analysis,
similar dropout rates were observed in the two treatment arms, indicating no
difference in dropout. While equal dropout rates in both groups do not preclude
nonrandom mechanisms of dropout from causing bias (131), the complete case
intervention and complete case control groups were similar at baseline, which
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indicates that the dropout mechanisms were similar between the groups. While we
cannotprecludeany residual bias, we believe that ourfinding of significantinteraction
isvalid, butcare should be taken whenassessingthe strength of the effect, as complete
case analysis might bias theeffectsizeif the datado not satisfy the missingcompletely
random conditions (131).

While our analysis is conducted on RCT data and could be representative of
experimental conditions, rather than a real-world setting, it is important to note that
the interventionarm of the RCT was developed to mirror the subsequent real-world
implementation of telemedicine for chronic heart failure patients in the Region of
Northern Denmark. This makes it unlikely that our findings are confined to the
experimental setting.

In this study, we chose to evaluate three different measures of self-reported health,
leading to three main results. We find that the interaction effect of distance to the
treatment center is confined to mental and general health and not physical health, and
our analysis doesnot indicate why this is the case. One contributing factor could be
specific mental health benefits of telemedicine; a qualitative investigation found that
monitoring patient disease through telemedicine can increase the feeling of safetyand
trust of the patients (66). Chronic heart failure is associated with significantly lower
mental health, and while the causality is likely to be multifactorial (132), stressful
experiences as a chronic disease patient might play an important role in the
relationship, which might be mitigated in part by telemedicine intervention. Future
studies should investigate patients’ perceived experience of receiving telemedicine,
as the increased feelings of safety and comfort associated with telemedicine might be
important in preserving the mental health of remote patients.

Comparison with prior work

To our knowledge, this is the first study investigating the interaction effects between
distance to a treatment center and receiving a telemedicine intervention. However,
previous research has investigated the relationship between digital treatment
technologies and socioeconomic factors.

A reviewby Turnbull etal.,2020 found evidence of socioeconomic factors modifying
the effects of web-based self-care interventions for 4 types of chronic illness (133),
while our study investigated telemedicine as opposed to a web-based intervention.
Some of the potential mechanisms for the propagation of inequities, such as health
literacy, technological affinity, and barriers to accessing conventional treatment,
might be similar. Turnbull et al. conclude that proper implementation of web -based
interventions can prove advantageous in the treatment of traditionally underserved
populations.
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The recent COVID-19 pandemic has accelerated adaptation and research into
telemedicine interventions. One study investigating the differences in the
characteristics of patients using telemedicine versus conventional care during the
lockdown period found that sociodemographic characteristics differed significantly
between groups (134). They found thatbeing younger, married, woman, Hispanicand
more factors were all associated with increased odds of receivingtelemedicine, which
is evidence that the adaptation of telemedicine among vulnerable groups can be low.

Our study provides some evidence that telemedicine can mitigate the effects of
geographical barriers to treatment, but care must be taken in the development and
evaluation of interventions to ensure their accessibility and adaptation among
disadvantaged populations.

Implications

Although distances in a single Region of Denmark are comparatively small, we see a
significantinteraction between distance and treatment effect. Further research should
be conducted onwhether the same or perhaps an evenstronger association is observed
in more rural populations.

Our findings indicate that monitoring patients within a telemedicine framework can
be an appropriate tool in delivering high-quality care to remote patients with chronic
heart failure. This patient group is a traditionally underserved and vulnerable
population, where telemedicine might contribute to reducing health inequities
imposed by geographical barriers, particularly barriers related to the distance to
treatment.

Conclusion

We found evidence of a statistically significant interaction between the effects of
supplementary telemedicine and the patient’s travel distance to regular treatment. In
our study, belonging to the 4™ quartile in distance to treatment center group was
associated with decreased general health utility and mental health componentscores
for the regular treatment group; however, this association was mitigated in the
supplementary telemedicine group, indicating that telemedicine counteracts the
negative effects of long distance.

This emphasizes that telemedicine is an important tool in providing care for patients
located in remote and/or rural areas.
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CHAPTER 6. DISCUSSION

6.1. SUMMARY OF MAIN FINDINGS

The objective of this thesis was to investigate areas of potential improvement for a
supplementary telemonitoring intervention. Partly by investigating whether the
intervention is successful in mitigating geographical inequity and partly by
investigating the potential for incorporating a clinical prediction model in the
intervention to assist clinicians.

Paper | found that belonging to the 4t quartile of distance to the treatment center (the
long-distance group) was associated with worse outcomes for the nontelemonitored
group. In the telemonitored group, outcomes similar to the normal distance control
group were observed in both the long-distance and regular distance groups. When the
interaction term was included in a logistic regression model, both the unadjusted
model and the model adjusted for socioeconomic factors showed significant
interaction between intervention group and distance group for change in EQ5D-5L
health utility and change in the mental health component summary score of SF-36.
No evidence of interaction was found for the physical health summary score of the
SF-36. This suggests that supplementary telemedicine is, at least partly, successful in
reducing geographical inequity in CHF management.

Paper Il wished to explore whether the data collected during telemonitoring in
Telecare Nord Heart Failure showed promise for developing a clinical prediction
model for discriminating between stable periods and unstable periods for CHF
patients. The best models showed good performance in the curated dataset, and the
study found that features based on long-term trends had the greatest impact on model
performance.

In paper Ill, a clinical prediction model to identify at-risk CHF patients based on
weekly telemonitoring data was developed based on the findings of paper Il. The
model was specified with the outcome being hospitalization within the next 14 days.
The study found that logistic regression performed better than more advanced ML
algorithms, overall model performance (ROC-AUC: 0.657, sensitivity: 0.212,
specificity: 0.921) was similar to other studies.

6.2. STRENGTHS AND LIMITATIONS

As with any other scientific work, the methodological choices in the papers presented
should be considered when interpreting the results.
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The sample

The dataused for the papers consist of high-quality data fromthe Telecare Nord Heart
Failure Trial. Datafrom a telemonitoring implementation study was chosen to ensure
that the data mimicked real-life conditions, so a developed clinical prediction model
would be ready for implementation. The necessity of ensuring that clinical prediction
model development only used dataavailable in actual clinics has been emp hasized in
recent reviews (21,136). A disadvantage of using these data is the relatively small
number of included patientsand, for papers Il and 111, the low rate of hospitalizations.

In frequentist statistical analysis, such as the methods used in paper I, a small sample
size impacts the statistical strength of the quantitative analysis, which risksa type Il
error. However, despite this limitation, the study found significant evidence of
interaction in the first paper, suggesting that a larger sample size would have little
impact on the findings.

In the development of predictive models, the sample size limits which models and
performance estimation procedures are appropriate. For papers Il and 111, the sample
size prohibitsthe use of a training — test split; a cross-validation setup was used for
unbiased performance estimates. The benefit of the cross-validation approach is
twofold, when theunbalanced (lownumber of events) nature of the datais considered:
the first benefit is that all data are utilized for estimating the models, and the second
benefitis that data splits on low event data might result in the test set having a
significantly different distribution of events than the training data (137). While it
cannotbe precluded that data splitting might have resulted in different performance
estimates for papers Il and Ill, there is no indication that the conclusions of the papers
would be impacted, as paper Il is exploratory, and the performance estimated in paper
Il is in the range of other studies.

The models

As new ML algorithms are developed at an extremely fast pace, only a small
subsection of the available algorithms could be evaluated in paper 1ll. Modern ML
algorithms are often complex and are occasionally referred to as “black box models.
A black box model is defined as an opaque algorithm where the specific mechanisms
leading to a given prediction cannot be explained (138); this is frequently true for
neural networks or even complextree-based models, such asboosting. In this context,
more simple models are considered “interpretable”, which is defined as “operations
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can be understood by a human, either through introspection or through a produced
explanation” (139). This is of great importance if clinical decision modelsare to be
implemented in clinical practice, the lack of interpretability has contributed to a
surprisingly slow adaptation of clinical prediction models among practitioners
(81,140). In addition, some (inter)government regulations, such as the EU’s GDPR
directive, require interpretability of Al guided decisions in an effort to improve
transparency and accountability (140). Adding a clinical prediction model to a
telemedicine intervention might also impact the equity of the healthcare service (18).
Past models have been known to include racial biasin their predictions, which might
exacerbate differentiated treatment outcomes (141). For black box models in
particular, this might lead to uncertainties regarding the fairness of the model, which
is @ major concern in universal healthcare systems that emphasize equal and free
access totreatment (141). Based on preexisting literature on the presumed difficulties
of clinical adaptation of clinical prediction models (82) and preliminary talks with
clinical stakeholders, the thesis papers are based upon interpretable algorithms.

Generalized linear regression modelsare used in all three papers. Generalized linear
regression models are considered interpretable, as by inspecting the coefficients, it is
possible to directly assess how each predictor of the model impacts a prediction.

Paper Il also included two additional models based upon the popular random forest
algorithm and the novel RuleFit algorithm. While the individual trees of a random
forest model are easily interpreted, the ensemble method that collects the predictions
of hundreds or even thousands of trees precludes interpretation of the total model (96).
RuleFit was investigated as a promising alternative that might combine the
performance of a random forest model with the interpretability of the linear models.

The first paper was an association study, where a frequentist biostatistical approach
to test for an association between an independent variable and a continuous outcome
was used. As our tests showed no evidence thatthe assumptions of linear regression
had been violated, a simple linear regression with an interaction termis in line with
guideline and textbook recommendations (142).

Our focus on interpretability might have limited performance in the second and third
papers. This is of little consequence for paper I, where the performance estimate is
exploratory.

paper Il found that the prediction models based on logistic regression performed
better than more advanced algorithms. This is in line with evidence from reviews on
clinical prediction models, which show comparable or better performance from
logistic regression when compared with other ML algorithms (93,143). However, this
is disputedin a review on clinical prediction models for predicting heart failure
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readmission and mortality by Shin et al., 2021, which found that ML algorithms
outperform regression-based models (144). The three reviews differ slightly in aim
and study inclusion criteria, which might explain the different conclusions.
Christodoulouetal 2019 included all clinical prediction model studies comparing ML
algorithms with logistic regression, regardless of the disease area. Sun. et al, 2022
included all studies featuring clinical prediction models targeting all-cause
readmission and/or all-cause mortality for CHF patients and compared the reported
performance of studies using conventional statistics with studies using machine
learning. The review by Shin et al., 2021 includes studies whose aim is to investigate
whether ML outperforms conventional statisticsin clinical prediction modelsfor CHF
patients. It is possible that more advanced ML algorithms could offer better
performance, but this might come at a cost of reduced clinical acceptance and
adaptation.

Results

The strong significance of paper I, despite the modest sample size, might partly
originate from the quality of the data. The distance variable was computed using high
precision estimates of travel distance by incorporating Google Maps data. To the best
of our knowledge, thisis a novel approach that has not previously been used to study
geographical inequitiesin healthcare access. Previously, studies have relied on area
codes or other aggregate measures of location (e.g., (42,44)). However, the novelty
also isolates the findings of paper I. As the data originate from a trial,
confounding/biasing factors such as differential dropout might affect the observed
association between geographical distance and benefit of a telemedicine intervention.
Caution is advised before relying on the findings of the paper until other studies can
confirm the evidence.

Paper Il finds that weekly measurements might be sufficiently informative for
generating predictions of hospitalization risk. However, the modest performance of
the developed clinical prediction model in Paper Il is notin accordance with these
findings. While our model performed similarly to other studies, the lack of specificity
atclinically relevant levels of sensitivity discourages clinical adaptation of the model.

This discrepancy might be due to the differences in samples between the two papers;
paper Il included a heavily curated paired sample of 32 event and nonevent periods,
while paper lllincludedall available observations, which resulted ina very lowevent-
to-observation ratio.
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6.3. IMPACT

The impetus for paper Il and in many ways this entire thesis, was the promising
results of a similar project within chronic obstructive pulmonary disease (COPD)
(145). Larsenetal. showed that COPD exacerbationeventscould reliably be predicted
based on telemonitoring data in addition to population-based parameters (146), and a
randomized trial of analgorithm based onthese findings has recently concluded, with
results pending (147). The goal of any clinical prediction model is real-life
implementation; unfortunately, the performance of the models developed in paper 111
does not match the models developed by Larsen et al., perhaps due to the complex
etiology of CHF (82), which precludes direct implementation of our developed
algorithm in clinical practice. Based on these findings, it is recommended that further
patience is warranted before adapting clinical prediction models for telemonitored
CHF patients, inthe hope that futureclinical predictionmodels offer amore promising
improvement on current heuristics.

Based on the findings of paper |, it is recommended that telemonitoring be considered
for all CHF patients living in remote areas. While the findings are based upon one
sample and will need to be validated in more settings by future studies, remote patients
currently experience significantly decreased access to healthcare services.
Telemedicine and/or other e-health solutions might be the only possible alternatives
for providing accessible specialist care for these patients, even if the observed
reduction in geographical inequity proves erroneous.

6.4. FUTURE RESEARCH

It is difficult to predict whether future clinical prediction models for CHF
deterioration can achieve satisfactory performance if other features or model
specifications are attempted. Our performance is similar to other contemporary
models (82), but future studies might discover useful disease indicators with the
potential to greatly improve models.

One of the difficulties associated with the development of clinical prediction models
for CHF is the interpatient heterogeneity in etiology and health status. A promising
new method for approaching this issue, “mixed effects machine learning” (MEML),
burrows fromthe hierarchical models within classic biostatistics (148,149). In most
common ML algorithms, observations are assumed to be “independently and
identically distributed,” however, this assumption is often violated in clinical
prediction modes, where multiple observations of each patient are frequent. One
example of this discrepancy between assumption and reality is seen in Paper Ill. In
MEML models, intrapatient observations are treated as dependent observations by
estimatinga random effects model. Depending on the method used, this allows for
differential slopes and intercepts in the model between patients, which might offer
significant performance improvements when the interpatient heterogeneity is large
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(85,148). However, MEML models increase in performance with more observations
of each patient, suggesting that new patients might need a run-in period before
accurate predictions can be made (148).

The impact of telemedicine on healthcare inequities remains uncertain. As presented
in and further supported by paper I, one of the assumed benefits of telemedicine is the
intrinsic ability to bypass geographical barriers by alleviating the need for physical
proximity between patients and carers. However, in paper I, adjusting for other
socioeconomic factors does not impact the observed interaction between distance and
telemedicine, which strengthens the validity of the findings and indicates that the
effects of geographical distance are independent from other socioeconomic factors;
thus, removingthe geographical barrier will not solve other socioeconomic inequities.
Future studies should investigate whether telemedicine interventions for CHF patients
impact other aspects of health inequity.
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CHAPTER 7. CONCLUSION

In this thesis, | have investigated potential avenues for improving telemedicine
interventions featuring telemonitoring for CHF patients, qua the impact of
geographical barriers to treatment, and the possibility for incorporating clinical
prediction models. | have shown that while inequity concerns should still be
considered when implementing telemedicine, the intervention can reduce the impact
of geographical distance on health outcomes.

The clinical prediction models developed featured modest performance, while the
specificity was still better than that of previous RoT heuristics. The lack of sensitivity
makes the model inappropriate for clinical adaptation. While the estimated
performance is still a slight improvement on current guidelines, the uncertainty
associated with validating clinical prediction models dictates that a conservative
approach to implementation should be taken.

Data-driven improvements in digital health services hold exciting promise and

ominous pitfalls, and | can only hope that my research contributes in a small way to
future work within the field.
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SUMMARY

Alexander Arndt Pasgaard Xylander, M.Sc. in Public Health, holds
a background in health data analysis, particularly in epidemiolo-
gy and health economics. His research, conducted within the Medical
Informatics research group at Aalborg University in collaboration with
the Region of Northern Denmark, forms the basis of this current thesis.
The research comprises three papers: Paper I uncovers healthcare access
disparities for chronic heart failure patients, emphasizing telemedicine’s
potential. In Paper II, weekly biometric measurements prove promising in
distinguishing stable periods from those preluding hospitalization. Paper
IIT develops a predictive model, using interpretable algorithms, forecasting
hospitalization risk with a 14-day lead time.

The thesis concludes by stressing the necessity for further breakthroughs be-
fore predictive models are clinically adopted. It highlights research directions
and underscores telemedicine’s positive impact on addressing geographical
inequities. Xylander’s work reflects dedication to advancing healthcare re-
search and addressing critical challenges in the field.
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