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Ubersicht

Herzinsuffizienz (HE) ist ein komplexes Syndrom, das durch eine schnelle oder schleichende
Verschlechterung zu einer kardialen Dekompensation fiihren kann. Telemonitoring unter-
stiitzt Patienten durch sensorbasierte Technologien und durch telemedizinische Mitbetreuung.
Ein vielversprechender Ansatz ist es, durch die tiglich Aufzeichnung und Bewertung von
Telemonitoringdaten eine kardiale Dekompensation friihzeitig zu detektieren.

In dieser Arbeit wurde die Analyse des fortschreitenden Gesundheitszustandes von [HE-
Patienten fiir eine automatische Vorhersage untersucht. Die subjektiven Symptomwahrneh-
mungen von 48 [HE-Patienten wurde erfragt. Interviews mit fiinf Experten verifizierten und
erweiterten leitliniendefinierte Parameter durch evidenz- und erfahrungsbasiertes Wissen. Der
Telemonitoringdatensatz der ProHerz App wurde mit statistischen Methoden und maschinellen
Lernverfahren auf Dekompensationsmuster analysiert. Der verwendete Datensatz umfasst
tagliche Vitalparametermessungen und Gesundheitszustandsdaten von 64 [HE-Patienten.

Relevante Symptome und Zeichen, die eine kardiale Dekompensation erkennbar machen,
wurden durch die Symptomabfrage und die Experteninterviews identifiziert. Die Patienten-
befragung zeigte, dass das Symptomvorkommen chronische und akute [HE unterscheidet.
Die Experten betonten die Wichtigkeit, den Verlauf der [HF| durch regelméBig aufgezeich-
nete Werte zu erfassen. Nur durch eine Vielzahl von Parametern und Symptomen kann der
Gesundheitszustand zuverlassig eingeschitzt werden. Erst durch qualitative und quantitative
Werte kann die Komplexitit der [HE erfasst werden. Die Experten waren sich einig, dass
Telemonitoring die Versorgungsqualitit von [HE-Patienten verbessert. Bei der Datenanalyse
wurden schwache Korrelationen zwischen Vitaldaten und Daten zum Gesundheitszustand
erkannt. Eine Verbesserung des Gesundheitszustandes konnte anhand der Vitalparameter liber
den Zeitraum des Telemonitorings gezeigt werden. Relevante Parameter und deren Trends
waren verringerter Blutdruck und Korpergewicht und gesteigerte Blutsauerstoffsattigung.

In der Arbeit wurde gezeigt, dass die telemedizinische Erfassung von Vitaldaten und die
Aufzeichnung von Symptomen in einem Symptomtagebuch die Einschitzung des Gesundheit-
szustandes verbessern. Anhand der im Datensatz vorhandenen diskreten Vitaldaten konnte
der Gesundheitszustand nicht zuverlissig vohergesagt werden. Um in Zukunft ein Friihwarn-
system etablieren zu konnen, muss der Datensatz qualitativ hochwertige Informationen zu
[HE-Ereignissen enthalten. Personalisierte und prézise automatische Vorhersagen konnen

durch Zeitreihenanalysen ermoglicht werden.
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Abstract

Heart failure (HE) is a complex syndrome that can lead to cardiac decompensation through
rapid or gradual deterioration. Telemonitoring assists patients through sensor-based technolo-
gies and telemedical care. A promising approach is to detect cardiac decompensation early
through daily recording and assessment of telemonitoring data.

In this work, the analysis of the progressive health status of[HE patients was investigated for
automatic prediction. The subjective symptom perceptions of 48 [HE patients were collected.
Interviews with five cardiology experts verified and expanded guideline-defined parameters
with evidence- and experience-based knowledge. The telemonitoring dataset of the ProHerz
app was analyzed for decompensation patterns using statistical methods and machine learning.
The dataset used included daily vital sign measurements, questionnaire results, and health
status data from 64 [HH patients.

Relevant symptoms and signs indicative of cardiac decompensation were identified through
the symptom questionnaire and expert interviews. The patient survey showed that symptom
occurrence distinguished chronic and acute [HEL The experts emphasized the importance
of monitoring the progression of [HE through regularly recorded values. Only through a
multitude of parameters and symptoms can the state of health be reliably assessed. Only
through qualitative and quantitative values can the complexity of the HE be captured. The
experts agreed that telemonitoring improves the quality of care for [HE patients. Data analysis
identified weak correlations between vital signs and health status data. Improvement in health
status was shown by vital signs over the period of telemonitoring. Relevant parameters and
their trends were decreased blood pressure and body weight and increased blood oxygen
saturation.

The work demonstrated that telemedical monitoring of vital signs and recording of
symptoms in a symptom diary improved the assessment of health status. Based on the discrete
vital signs available in the dataset, health status could not be reliably predicted. To establish
an early warning system in the future, the dataset must contain high-quality information on
[HE events. Personalized and accurate automatic predictions can be enabled by time series

analysis.
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Chapter 1
Introduction

According to the Federal Statistical Office, cardiovascular diseases were the most common
cause of death in Germany in 2020 [Bun20]. Among cardiovascular disease deaths, heart
failure (HE) 150) was in third place with a proportion of 10.3 % (34855 died).
Looking at the billing data across health insurance companies, there are an estimated 2.5
million heart failure patients in Germany [Hol18|]. With 455680 inpatient hospital treatments,
heart failure is, thus, the most frequent single diagnosis of patients treated as full inpatients
in Germany [Bun16]. The frequency of illness and the total number of hospitalizations of
patients with heart failure have been rising continuously for years. An data analysis of 7
million statutorily insured patients shows that around 16 % of heart failure patients died
within two years [BAK19]. In advanced heart failure, mortality is up to 50 % within one
year [Loe08]. Mortality increases with the severity and age of the disease [Sto21]. The annual
prevalence for heart failure is 6.9 % for those aged 65 to 69 years. It increased to a value of
24.3 % for those aged 80 to 84 years and to 47.2 % for those over 95 years [BAK19]|[Kad14].

The annual therapy costs for chronic heart failure amounted to 7.4 billion euros in
2020 [Bun22]. In 2021, heart failure patients were hospitalized approximately two times
per year and spent on average of 9.2 days in hospital [Sto21]]. 24 % of patients need to be
hospitalized again in the first 30 days after discharge from hospital [KruO9].

Data show that heart failure is an enormous burden for both patients and the health care
system. Therefore, it is imperative to detect deterioration in the health status of heart fail-

ure patients at an early stage to prevent cardiac decompensation and associated hospitalization.
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According to guidelines, the current care of heart failure patients recommends regular moni-
toring to detect changes in the clinical and psychosocial situation and to adjust treatment if
necessary [BAK19]. However, literature shows that patients often have difficulties in con-
stantly monitoring their health status, recognizing symptoms early and knowing when to
contact the doctor [Set14].

Telemonitoring offers the opportunity to support these patients with easy-to-use mobile
and sensor-based technology for the home environment. In addition, telemonitoring has been
shown to significantly reduce rehospitalization rates and mortality in patients with chronic
heart failure, thereby reducing health care costs [Ebn09].

Telemonitoring apps, such as the ProHerz app or the Tidda Herz app, provide digital
and individualized care for heart failure patients. So far, recommendations for action and
therapy in these applications have been based on defined guidelines and the experience of
physicians and heart failure nurses [BAK19][McD21]. However, the literature shows that
machine learning (ML) can predict heart failure events with reasonable accuracy and in some
cases well before clinical diagnosis [Sha20][Wul0]. The use of advanced machine learning
techniques of digital health applications aims to increase and accelerate the objectivity of
physicians’ health assessments.

The aim of this work is, therefore, to analyze the progressive health status of heart failure
patients in order to detect cardiac decompensation using machine learning techniques. The
work is divided into three parts and includes the objective and subjective assessment of the
disease. Based on the literature, relevant parameters are determined from the literature that
assess the state of health and make impending decompensation recognizable at an early stage.
In the first part, the subjective perception of symptoms will be analyzed and included in
the evaluation using patient surveys. Furthermore, expert interviews will be conducted in
the second part to verify and extend the guideline-defined parameters with evidence-based
knowledge. Overall, the goal is to identify the most important symptoms and parameters to
monitor. In a final step, the knowledge gained will be used to analyze a data set containing
telemonitoring data of heart failure patients for decompensation patterns using machine
learning techniques. The aim is to find out whether correlations between the measured
vital parameters and the health status questionnaire data exist and whether health status
classification can be implemented on the telemonitoring data. The data used for the analysis
was acquired in a previous study by ProCarement GmbH, which includes daily measurements

of vital signs and questionnaire data from 64 patients.



The thesis is structured as follows: Chapter 2 gives the medical background to heart
failure and clarifies other important medical terms. Chapter 3 describes the background
of telemonitoring in heart failure and presents the digital health application ProHerz by
ProCarement GmbH. Chapter 4 presents related work on the research areas. Chapter 5
presents the analysis of symptoms and parameters of heart failure and is divided into the
collection, analysis and discussion of the patient survey and the expert interviews. The
analysis of the telemonitoring data set is presented in Chapter 6, describing the data set and
the preparation for further analysis. The analysis consists of the descriptive data analysis and
the explorative data analysis with subsequent discussion. The overall results are discussed in
Chapter 7. Finally, a conclusion is drawn in Chapter 8 and an outlook on further research is

given.






Chapter 2

Medical Background

2.1 Definition of Heart Failure

Heart failure is a complex clinical syndrome in which the heart is no longer able to supply
the body and its organs with an adequate amount of blood due to pumping failure or impaired
ventricular filling [BAK19]]. The undersupply of the organism with oxygen and nutrients
leads to reduced physical capacity, fluid retention in the body and a restriction of the organ
function and skeletal muscles [Ste14][Hei22][BAK19]. The organism tries to counterbalance
the weak cardiac output by means of compensatory mechanisms. The release of hormones
causes an increase in blood pressure (BP), a constriction of blood vessels and an increase in
the total blood volume. If the weak performance of the heart is compensated for over a longer
period of time, heart muscles structure changes. In order to achieve better pumping power
and be able to eject more blood, the muscle fibres of the heart stretch and thicken. The body
tolerates these changes over a long period of time. In this phase, symptoms are only perceived
as a reduction in performance capacity during increased stress. If the body is no longer able
to compensate for the reduced cardiac output through the body’s own counter-mechanisms,
this is called decompensation of the heart [Led10][Her20].

According to the European Society of Cardiology (ESC), heart failure is resulting in
increased intercardiac pressure and/or inadequate cardiac output at rest and/or during exercise
due to a structural and/or functional disorder of the heart [McD21]]. Heart failure is further de-
fined by the presence of clinical symptoms and signs, such as dyspnea, ankle swelling, fatigue,

increased jugular venous pressure, pulmonary crackles and peripheral oedema [McD21].
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Multiple comorbidities often accompany chronic heart failure, and their symptoms are similar.
This makes diagnostic differentiation difficult [Kah11]].

2.2 Terminology of Heart Failure

Heart failure can be classified and terminologically named according to different criteria.
Decisive for the terminology of heart failure can be the temporal course, the cardiac output, the
location of the particularly affected chamber, the pathophysiology with the ejection capacity

of the heart or the severity.

Classification According to the Time Course

Looking at the course over time, a distinction can be made between chronic and acute heart
failure. Chronic heart failure develops over a longer period of time, which can last from
a few months to years. Acute heart failure, occurs within hours or a few days. It may be
triggered by a sudden event, such as acute coronary syndrome, hypertensive crisis, tachycardic
or bradycardic arrhythmias or myocarditis, or it may develop from chronic heart failure. In
acute heart failure, cardiogenic shock occurs. This is life-threatening and requires immediate
medical treatment [Her20][McD21]].

In this thesis, the term “acute decompensation” is always used in the context of chronic
heart failure. Acute decompensation refers to a worsening of the health condition in diagnosed
chronic heart failure. Acute decompensation requires therapy adjustment or hospitalization

and leads to a poorer prognosis overall.

Classification According to Cardiac Output

Cardiac output is described as the product of stroke volume and heart rate. It is influenced
by venous return, peripheral vascular tone and neuronal factors. In heart failure, a distinc-
tion is made between a “low-output failure” and a “high-output failure”. Heart failure, in
which the cardiac output is reduced and thus the peripheral oxygen supply to the organs
is decreased, is called “low output failure”. One speaks of “high-output failure” when the
cardiac output is normal or increased, but the heart is unable to cover the oxygen demand of
the organs [Her20[][Led10].
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Classification According to the Location of the Particularly Affected Ventricle

Depending on the area of the heart in which the heart failure appears, a topographical
distinction is made between left heart failure, right heart failure or global heart failure.

Left-sided heart failure can appear as “forward failure” due to a reduced pumping capacity
of the left half of the heart with a reduced supply to the peripheral organs. However, it can
also occur as “backward failure” due to a filling disorder of the heart with a backflow of blood
into the blood vessels of the lungs. The pressure that builds up there presses the liquid blood
components into the lung tissue. Water retention develops. These are the reason for shortness
of breath, reduced performance, pulmonary rales, cough and cyanosis. Chronic left heart
failure often develops into right heart failure.

In right heart failure, the function of the right ventricle, which pumps deoxygenated blood
to the lungs, is weakened. More oxygen-poor blood flows in from the systemic circulation than
the right ventricle can transport towards the lungs. The blood backs up into the body’s veins.
The venous pressure increases so much that the liquid components of the blood are pushed
into the surrounding tissue, causing water retention. Leg oedema, ascites, rapid weight gain,
congestion of the neck veins, loss of appetite, indigestion and pleural effusions are typical
symptoms. If the pumping capacity of both parts of the heart is reduced, this is called global
heart failure or biventricular heart failure. Symptoms of left and right heart failure can be
seen [Stel4]|[[Led10].

Classification According to Pathophysiology with the Ejection Fraction of the Heart

Depending on the functional disorder present in left heart failure, it is divided into heart failure
with reduced ejection fraction (HELEE), heart failure with preserved ejection fraction (HFpEF)
and heart failure with midrange ejection fraction (HEmrEF) [McD21]]. The ejection fraction
is defined as the ratio of stroke volume to end-diastolic ventricular volume. In a healthy heart,
the ejection fraction is greater than 60 %. The ejection fraction in [HFrEH is less than 40 %,
whereas in [HFpEF|it is at least 50 %. A value between 40 and 49 % is referred to as heart
failure with midrange ejection fraction (HFmEF).

[HELEH (systolic heart failure), so-called “forward failure”, is characterised by a pumping
dysfunction and reduced contractility of the left ventricle of the heart, so that the ventricle is
no longer emptied sufficiently [BAK19][Ste14].
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[HFpEH (diastolic heart failure), the so-called “backward failure”, can be described by
a filling disorder of the left ventricle with normal ejection fraction. Myocardial stiffness
increases with wall thickness. Due to the reduced relaxation of the ventricle, the chamber can
no longer fill completely with blood [Her20]][Hop11][Led10]. Therapeutically, the subdivision
of heart failure according to functional disturbance, including the ejection fraction (EE) of
the heart chambers, is most important. Moreover, most studies on heart failure use this

classification.

2.3 Classification by Severity of Chronic Heart Failure

The New York Heart Association (NYHA) has established a classification system for deter-
mining the severity of chronic heart failure. This system has been used since 1928 and is
well established. The classification into the four different stages (see Table[2.T) is
symptom-oriented and refers exclusively to the patient’s performance. It gives no indication
of the causes of the cardiac disorder. The stage becomes higher the more a patient’s
exercise capacity decreases. Depending on the progress of the disease or the success of the
therapy, a relatively rapid change between the stages is possible. In this staging, there is a
high correlation with mortality [New94][BAK19].

Table 2.1: New York Heart Association Functional Classification [[New94].

Class Patient Symptoms

I No limitation of physical activity. Ordinary physical activity does not cause
undue fatigue, palpitation, dyspnea (shortness of breath).

II Slight limitation of physical activity. Comfortable at rest. Ordinary physical
activity results in fatigue, palpitation, dyspnea (shortness of breath).

I Marked limitation of physical activity. Comfortable at rest. Less than ordinary
activity causes fatigue, palpitation, or dyspnea.

v Unable to carry on any physical activity without discomfort. Symptoms of heart

failure at rest. If any physical activity is undertaken, discomfort increases.

The ABCD grouping, of the American Heart Associaton (AHA) and the American
College of Cardiology (ACC)) involves the development and progression of heart failure (see
Table [2.2) [Hei22].
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Table 2.2: ABCD classification system for heart failure [Hei22].

Class Patient Symptoms

A No objective evidence of cardiovascular disease. No symptoms and no
limitation in ordinary physical activity.

B Objective evidence of minimal cardiovascular disease. Mild symptoms and
slight limitation during ordinary activity. Comfortable at rest.

C Objective evidence of moderately severe cardiovascular disease. Marked

limitation in activity due to symptoms, even during less-than-ordinary
activity. Comfortable only at rest.

D Objective evidence of severe cardiovascular disease. Severe limitations.
Experiences symptoms even while at rest.

2.4 Disease Progression of Chronic Heart Failure

In the course of chronic heart failure with reduced left ventricular ejection fraction, there
is a progressive deterioration in health-related quality of life, the functional quality of the
heart and other organs, and thus a shortening of life expectancy, see Figure 2.1} A drop in
the progression curve indicates acute decompensation of the heart and leads to inpatient
treatment. Every hospital admission due to acute decompensation leads to a worse prognosis
for the patient. With inpatient treatment, there is initially an improvement in cardiac function.
However, by the time the patient is discharged from hospital, cardiac function has stabilized
at a lower level. The time until a renewed, unplanned readmission to hospital is shortened
with each visit. The curve of the disease course of chronic heart failure represents the quality
of life or the functional capacity in the course. Each patient can be assigned to one of the four
disease stages, early heart failure, stable chronic heart failure, unstable/advanced heart failure,
end-stage heart failure [Boh14][McM12].

2.5 Clinical Profiles of Acute Decompensation

The clinical profiles of acute decompensation are guided by the presence or absence of signs
of hypoperfusion (cold vs. warm) and signs of congestion (wet vs. dry). The combination
of both signs leads to a classification of patients into four groups: The “warm-wet” type
denotes well-perfused and congested patients. This is most common in acute decompensa-

tion. Hypoperfused and congested patients are labelled “cold-wet”. “Cold-dry” is found
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Heart failure Heart failure
prevention prevention

Excellent | Period without

physical |  symptoms Heart failure care
function [~ _
~ ~
Gradual >
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of symptoms
First
episode
B

Death

Time

Figure 2.1: Typical progression of acute heart failure, showing a range of clinical courses
[Cowl4].

A: good recovery after first episode followed by stable period of variable length

B: first episode not survived

C: poor recovery after first episode followed by deterioration

D: ongoing deterioration with intermittent crises and unpredictable death point

in hypoperfused patients without congestion. The “warm-dry” type refers to compensated,
well-perfused patients without signs of congestion. These profiles can be seen in Figure
Patterns of decompensation differed according to the clinical profile. The classification is

described in the guidelines and determines the medication therapy [Pon16].

2.6 Causes and Risk Factors of Heart Failure

A wide range of causes are responsible for the development of chronic heart failure. Most
frequently, with 70-90 % of cases, arterial hypertension and coronary heart disease or a
combination thereof are the triggering factors [BAK19]]. About two-thirds of cases are due to
coronary heart disease. The narrowing of the coronary arteries means that the heart muscle
is no longer supplied with sufficient oxygen-rich blood. This reduces the pumping capacity
of the heart. Persistent hypertension leads to a filling disorder of the heart as the heart muscle

thickens and loses elasticity. In a pre-damaged heart, hypertension can trigger acute heart
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CONGESTION (-) CONGESTION (+)
Pulmonary congestion
Orthopnoea/paroxysmal nocturnal dyspnoea
Peripheral (bilateral) oedema
Jugular venous dilatation
Congested hepatomegaly
Gut congestion, ascites
Hepatojugular reflux

HYPOPERFUSION (-) %

'WARM-DRY WARM-WET

Z

HYPOPERFUSION (+)
Cold sweated extremities
Oliguria

Mental confusion
Dizziness

Narrow pulse pressure

COLD-DRY

_

Hypoperfusion is not synonymous with hypotension, but often hypoperfusion is accompanied by hypotension.

COLD-WET

Figure 2.2: Clinical profiles of patients with acute heart failure based on the presence/absence
of congestion and/or hypoperfusion [Pon16].

failure or suddenly exacerbate an existing heart failure [[Pon16]]. Hoppe also cites the level
of heart rate as a determining factor of heart failure, as its incidence increases in relation to
heart rate [Hop11]]. Another trigger for heart failure can be a heart attack. Due to the lack
of oxygen supply to part of the heart muscle, this part dies and is replaced by scar tissue.
The lack of elasticity of this tissue leads to heart failure. In addition, valvular or pericardial
diseases can be responsible for the occurrence of heart failure, as they impair the pumping
capacity of the heart. A triggering factor for heart failure can also be inflammation of the
heart muscle (myocarditis) [BAK19]. Studies show that the risk of developing heart failure is
also increased by an elevated blood sugar level, as occurs in the metabolic disease diabetes
mellitus. Diabetes mellitus permanently damages the function of the heart [Jam18|]. Heart
failure can also be attributed to other diseases, such as non-ischaemic cardiomyopathy or
arrhythmias. In about 2-3 % of cases, chronic heart failure is due to alcohol or drug abuse.
However, heart failure can also be caused by drugs that are mainly used in cancer therapy.
Other risk factors for the development of heart failure can be renal insufficiency, obesity,
elevated cholesterol levels, lack of exercise or also smoking .






Chapter 3

Fundamentals

3.1 Telemonitoring for Heart Failure

Heart failure, as described in the Medical Background, is a complex disease pattern that
requires close patient care. Inadequate care leads to increased mortality and hospital ad-
missions [Koh19]. With a remote monitoring system, signs and symptoms are regularly
documented and evaluated. Telemonitoring of heart failure patients can help to detect cardiac
decompensation at an early stage and to initiate appropriate treatment and care in a timely
manner. This improves the quality of care [Pre20]][Koh19]. In 2016, the European Society
of Cardiology guidelines for the diagnosis and management of chronic heart failure patients
recommended remote patient monitoring for the first time [Pon16]. In the following, European
studies on telemonitoring of heart failure patients are presented and the effects on the German

health care system are described.

TIM-HF2 Study to Demonstrate the Effectiveness of Telemonitoring in Heart Failure

In the Telemedical Interventional Management in Heart Failure IT (TIM-HE2)) study, which
was conducted by the Center for Cardiovascular Telemedicine of the Charité in Berlin from
2013 to 2018 with 1538 heart failure patients with reduced left ventricular ejection fraction,
multiple positive effects of telemonitoring were shown [Koel8]. The care of the patients with
class II or III consisted of a combination of outpatient care by specialists or general
practitioners and co-care by one of 200 telemedicine centers. The project was carried out by

the head of the study, Prof. Dr. Friedrich Kohler, in cooperation with various partners and
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two large health insurance companies and was funded by the Federal Ministry of Education
and Research. The telemedically supervised patients received a scale, a blood pressure
monitor, an electrocardiogram (ECG)) device with a finger clip for recording blood oxygen
saturation and a tablet. On the tablet, the study participants entered data themselves to assess
their state of health. The tablet was used to transmit vital signs and data from short clinical
questionnaires to the telemedical service center on a daily basis. The data were checked
and evaluated almost 24 hours a day, 7 days a week by doctors and by nurses trained in
internal medicine and cardiology. If the limit was exceeded, an intervention was initiated and
therapy could be adjusted at an early stage. In addition, the patients were trained at home.
Compared to the conventional treatment of heart failure patients, daily monitoring of patients
with telemedical, non-invasive home monitoring devices leads to a reduction in the length of
stay in hospital (17.8 days compared to 24.2 days), to an improved quality of life and to an
increased life expectancy. Out of 100 patients, 8 patients died in one year among the patients
with telemedical co-management, while about 11 patients died in the control group. Thus,
the overall mortality was 30 % lower. With regard to unplanned hospital admissions, patients
who received telemedical care were also treated in hospital for a significantly shorter time (3.8
days compared to 5.6 days per year). In the intervention group, a cost saving of 1758 euros
per patient year was achieved. It was also shown that structural care deficits in rural areas are

compensated for by telemedicine and that the overall quality of care is improved [Spe22].

Further Studies on Telemonitoring in Heart Failure

The European MEMS-HF study, confirming the results of the previous US CHAMPION study,
also showed that the prognosis of class III heart failure patients could be significantly
improved by implanting a CardioMEMS™HF pressure sensor in the pulmonary artery and
connected telemedical care [Ang21]]. The personalized, proactive care of patients has many
advantages and leads overall to improved guideline- and needs-based care.

A rise in blood pressure, especially in the pulmonary artery, is an early sign of impending
decompensation. If this increase in pressure is detected early, it can be counteracted with an
adapted medication. The study showed that an increase in arterial pressure in the pulmonary
artery occurs days to weeks before the onset of noticeable symptoms. The prospective study
involved 234 heart failure patients regardless of left ventricular ejection fraction. The Car-

dioMEMS™HEF sensor is a battery-free device that is inserted into the pulmonary artery.
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Heart rate, pulmonary artery (PA) pressure and mean systolic and diastolic [PAl pressures are
recorded. Once a day, the implanted pressure sensor transmitted the 18-second pulmonary
artery pressure history from the patients to an online tool. The data was viewed and as-
sessed by physicians. Medications were adjusted with the aim of reducing the pressure load.
In addition, patients were trained and guided by telephone. Clinical successes were that
hospital admissions were reduced by over 60 % compared to the previous year and annual
mortality was relatively low at less than 14 %. About 40 % of patients had their heart failure
symptoms relieved. A highly significant decrease in N-terminal pro-B-type natriuretic pep-
tide (NT-proBNP), which serves as a heart failure marker, was recorded. The subjectively
perceived health status of the patients was better the greater the reduction in pressure in
the pulmonary artery. An improved quality of life of the patients was objectively proven by
means of the Kansas City Cardiomyopathy Questionnaire (KCCQ12). The lead investigator,
Christiane Angermann, clarifies that the benefit of the CardioMEMS™HF system crucially
depends on the downstream therapy adjustment. Not only the telemedical transmission of
the values, but also the extent to which the care team uses the system to optimize treatment
and the extent to which the trained patients use the health knowledge to implement treatment
recommendations in a timely manner is crucial for success [GUd20[][Ang21].

The two studies show that telemonitoring of heart failure patients offers great potential for
improving the quality of care. However, telemonitoring can only support therapy. Specialized
medical staff must continue to monitor and adjust therapy based on the transmitted values
and data.

The randomised PASSPORT-HF study, led by Prof. Stefan Stork from Wiirzburg, is
designed to compare implant-based follow-up with intensified standard care [[St622]]. To this
end, the application of the CardioMEMS™HEF system in the German health care system will
be reviewed. The first results of the study are expected in 2024. Prof. Stork is coordinating the
observation of 554 heart failure patients with NYHAI class Il who were hospitalized at least
once for heart failure in the last year before the start of the study. If the study is successful,
the services and remuneration for telemedical care will be transferred to standard care in

Germany.
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Telemonitoring as a Standard Service for Heart Failure

Based on the study results, the Federal Joint Committee decided in December 2020 to include
telemonitoring in heart failure in the “Richtlinie Methoden vertragsirztliche Versorgung”
as a recognized method for heart failure patients from class II. The decision came
into force on 31.03.2021. From January 1, 2022, the services for telemonitoring in heart
failure for primary care physicians as well as for the telemedicine center were also
integrated into the uniform assessment scale. Germany is the first European country in which

telemonitoring is reimbursed as a standard service for heart failure [Spe22]][Pro20].

Care Structure for Telemonitoring

The telemedical care of heart failure patients, also called “remote patient management”, is
to be designed as a holistic, outpatient care concept. The concept comprises three pillars: a
guideline-based therapy by the general practitioner, cardiologist and/or the specialist in the
training of the patients at home and telemonitoring [Pre20].

Telemedicine centers are currently being set up in many places in Germany. A[TMC| must
be staffed with specialist doctors and nurses around the clock every day. All data, findings and
important doctor’s letters of the patients are stored in an electronic patient file. The transmitted
vital data and values are evaluated on the basis of individual threshold values. All medical
actors involved must be in close contact with each other. In the event of a deterioration in
values, therapy is adjusted by the primary care physician, who is informed by the[TMC . Only
in cardiac emergencies do specialists in the telemedical center initiate escalation measures,
such as hospitalization. The TMCs nurses and doctors, trained in internal medicine and
cardiology, also take care of the patients’ technical equipment, device function data and data
management. The German Society of Cardiology demands that the structures and processes
of a telemedicine center must be aligned with the legal and normative requirements and that
these must be ensured by a quality management system [Hel22][[Koh19].

Up to now, however, telemedical co-care of heart failure patients in telemedical centers
is not yet guaranteed throughout Germany. The conditions are so demanding in terms of
finances and personnel that it is difficult to transfer them to standard care. At present, about
500 patients can be cared for simultaneously in the existing telemedicine centers. However,
since in Germany about 200000 patients could receive telemedical care due to the severity

of the diagnosed heart failure, the need for telemedical centers is about 400. Currently, a
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Figure 3.1: Telemedicine center concept for heart failure patients [Pre20].

research project (Telemed5000) is examining whether a reduction to a number of 30-40 is
possible by using decision support systems with artificial intelligence. A system solution is
to be used that utilizes the possibilities of artificial intelligence, such as deep learning or the
Internet of Things, in order to make the management of large numbers of patients technically
possible. Self-learning algorithms are to support medical staff in their decisions and thus
reduce the workload. The care capacity per[TMClis thus to be increased to up to 5000 patients.
Telemed5000 builds on the five-year TIM-HE2l study [Koh][TEL].

3.2 ProCarement a Digital Health Start-Up

The start-up company ProCarement GmbHﬂ, founded in 2019 and based in Forchheim, aims
to redesign care systems based on digital technology and thus improve the quality of care.
Patient-centered applications are intended to make life with illnesses easier and simplify
everyday treatment. Experts from various fields, such as medicine, informatics, software
development, medical technology and health economics, are working together to develop
and implement new, hybrid care pathways. In the following, the telemonitoring application

ProHerz and its vital signs are presented.

'https:/procarement.com/
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3.2.1 ProHerz App a Telemonitoring System for Heart Failure

The ProHerz app is a software application by ProCarement GmbH that supports patients
and medical stakeholders in improving the quality of care for heart failure. The app can be
downloaded from the App StoreE] and the Google Play Storeﬂ The digital health application,
which is certified as a medical device of risk class 1 according to the Medical Device Directive,
supports heart failure patients I50) in the regular monitoring of their state of
health and trains them in understanding and dealing with the disease by knowledge transfer.
In the app, the values of the measurements of relevant vital parameters are continuously
recorded, documented and archived. Blood pressure, heart rate, oxygen saturation of the blood,
body weight and temperature are measured daily. The values are recorded and entered via
Bluetooth-capable, certified measuring devices. Only the values of the analogue temperature
measurement have to be entered manually into the app by the patient. The data is transmitted
to the CareCenter operated by ProCarement GmbH. Each measured value is displayed in a
detailed overview. On the one hand, the current values are briefly explained, on the other
hand, the temporal course of the measured values is graphically displayed optionally over
one week, three months or one year and compared with the normal values deposited by
the national care guideline. Deviating values are visualized by a traffic light system that is
easy for the patient to understand. If deviating patterns indicating a deterioration in health
are detected, the patient is automatically informed and instructed to contact the doctor. In
this way, the patient is involved in the medical decision-making process and therapy can be
adjusted at an early stage. Monitoring is supervised by qualified medical professionals who
are also in personal contact with the patient. All data and medical documents of a patient
are stored in a personal medical record, a so-called document safe, and can be easily shared
with other health care providers. Adherence is increased with a digital medication plan that
reminds the patient to take their medication. Doctor appointments can be managed using the
app’s digital calendar. The app offers the patient the expansion of personal health literacy by
imparting disease-specific knowledge. With this health coaching adapted to the patient, users
additionally find pop-up notifications on diagnosis and therapy. Furthermore, the patient’s
state of health and psychological well-being are analyzed via regularly evaluated, validated

questionnaires. The observation of these subjective, patient-related benchmarks and the

Zhttps://apps.apple.com/de/app/proherz/id 1540759669
3https://play.google.com/store/apps/details?id=procarement.proherzhl=degl=US
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inclusion of concomitant diseases complement the system and complete the therapy support
provided by the ProHerz app. The aim is to increase the patients’ state of health, quality of
life and life expectancy. In addition, the goal is to better coordinate the care of patients by
simplifying the coordination of all medical actors. Avoidable hospital stays and multiple

examinations are to be reduced, thereby lowering costs in the health care system [Gmbc].
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Figure 3.2: User view of the ProHerz app [Gmbc].

3.2.2 Vital Parameters of the ProHerz App

Five vital signs, heart rate, blood pressure, blood oxygen saturation, body weight and body
temperature are recorded in the ProHerz app. According to experts, these are relevant vital
signs that can be used to assess the health of heart failure patients. With wearable sensors,
the vital signs can be easily recorded in a domestic setting by the patients themselves and
transmitted to the ProHerz app. In the following, the five vital signs are presented and their
significance in relation to the assessment of the health status of heart failure patients is
described. The measured vital signs can indicate a worsening of the heart failure status via

their deviations in the course. Rapid response and adjustment of therapeutic measures can
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counteract decompensation of the heart and, in the worst case, prevent hospitalization. As
shown in the systematic review “Algorithms used in telemonitoring programs for patients
with chronic heart failure” by Brons et al., no uniform thresholds for vital signs can be found
in different systems [Brol18|]. Threshold values differ from system to system. Similarly, the
various heart failure management guidelines do not specify thresholds consistently or at
all [McD21]]. Threshold values are intended to guide decisions about treatment adjustment.
In the following, the threshold values of the five vital signs used in the ProHerz app, which
are transferred to a color coding, are shown. In the ProHerz app, recommendations for action
are also given on the basis of these threshold values. All information on the threshold values
of the vital parameters can be found in the Table [[Gmbc].

Table 3.1: Threshold values of vital signs for color code in the ProHerz app, adapted from
ProCarement GmbH [Gmbc].

Systolic  Diastolic

Color Heart blood blood Weight Oxyge.n Body
code rate pressure pressure change saturation tempgrature
(bpm) (mmHg) (mmHg) (kg or Y%o) (%) °C)
>+1.4kgin24h
Red > 124 > 180 >110 > +20kgin72h <91 % > 38.5
>+25kgin7d
Yellow 101-124 140-179 90- 109 >+1kg 91 -94% 37.5-384

-0.1kg bis -4kg
Green 60-100 110-139 70-89 relative todry  95-100% 35.5-374
weight
-4 kg bis - 10 %

Yellow 50-59 100-109 60-69 relative to normal 345-354
weight
<-10%
of normal weight

Red <50 < 100 <60 <345

Heart Rate / Pulse

The heart rate indicates the number of heart beats per minute (bpm). Pulse (lat. pulsus - the
push) is described as the expansion of arterial vessels, which occurs due to the expulsion of
blood from the heart [Zin12]. As a rule, heart rate and pulse agree or differ only slightly. In
a measurement, the pulse measured at rest is considered the basic value. The resting pulse
can vary greatly depending on age, gender, condition, and physiological and psychological

factors. The pulse and, in particular, deviations from the norm can provide conclusions about
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a person’s state of health and are thus an important component in the medical monitoring
of a patient. In heart failure patients, both a heart rate that is persistently too high (> 100
- tachycardia) and a heart rate that is persistently too low (< 60 - bradycardia)
can be symptomatic [Zinl12][McD21]. If the course of heart rate values shows deviations
from the patient’s normal value, therapy adjustment with beta blockers or digitalis glycosides
(antiarrhythmic drugs) must be made to counteract cardiac decompensation. The greater the
deviation from normal values, the faster the adjustment of medication must be made with a
higher dosage [BAK19][Pon19].

Blood Pressure

Blood pressure is the force that blood exerts on the walls of the arteries. Blood pressure is
directly dependent on vascular resistance and cardiac output. A distinction is made between
systolic and diastolic pressure. Systolic blood pressure describes the maximum pressure value
that occurs as the heart presses blood into the arterial vessels of the systemic circulation.
Diastolic blood pressure indicates the minimum pressure value that exists during the filling
phase of the heart with blood from the lungs. Values are expressed in units of millimeter of
mercury and are usually measured on the upper arm [WarO7]. If blood pressure
values deviate from average values, this represents a cardiovascular risk. When blood pressure
is high, the heart has to work harder because it has to counteract increased resistance in the
blood vessels. Adaptation of the heart muscle occurs in the form of hypertrophy. The
enlargement of the heart muscle leads to an increased oxygen demand of the heart muscle
tissue. It can no longer be ensured that the tissue is sufficiently supplied with oxygen. When
blood pressure is too low, also called arterial hypotension, the body’s organs and the brain
are not supplied with enough oxygenated blood [Org21]]. In heart failure patients, even small
deviations in pressure can lead to a deterioration in health. Keeping an eye on the course
of blood pressure levels over the long term and adjusting therapy accordingly is crucial in
patient care [Oh20][Jos09].

Body Weight

In heart failure, short-term, large, and unexpected weight gain is an important predictor of
worsening health. Tissue fluid retention is usually responsible [McD21]]. Water retention indi-

cates worsening heart failure and requires a therapeutic adjustment in diuretic dosage [Far16].
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Decreased weight may also indicate worsening health and therefore requires clarification with

the treating physician [McD21]).

Blood Oxygen Saturation

Oxygen saturation indicates the percentage of oxygen in the blood. It describes what percent-
age of the red blood pigment hemoglobin is loaded with oxygen molecules [Haf22]. The
value provides information about the functioning of the lungs and the effectiveness of oxygen
transport in the blood. In a healthy person, the standard values of arterial oxygen saturation
should be 95-100 %. The efficiency of the body depends on a sufficiently large oxygen supply.
Decreased blood oxygen saturation can result in various symptoms such as low exercise
capacity, shortness of breath, fatigue, cyanosis, and even fainting [BAK19]. Body cells need
sufficient oxygen to maintain their function and structure. Brain and heart muscle cells in
particular are susceptible to a lack of oxygen and die quickly if they are undersupplied. For
heart failure patients, it is important to identify the causes of insufficient oxygen saturation

(hypoxygenation) and to counteract them with targeted interventions [Haf22].

Body Temperature

In healthy humans, the core body temperature is largely constant. It is approximately between
35.5 and 37.4 degrees Celsius. Body temperature is an important measure that provides
information about the state of health. An increase in core body temperature, noted as a
deviation from normal, is a sign of infection, inflammation, or other non-infectious disease.
As described in the literature, infections, particularly of a respiratory nature, are more common
triggers for hospitalizations in heart failure patients. Respiratory diseases are also associated
with a significantly increased risk of in-hospital mortality in heart failure patients [BAK19].

It is important to detect this early by measuring body temperature and to treat it.



Chapter 4

Related Work

In this chapter, the literature is reviewed for the analysis of the health status of heart failure
patients based on telemonitoring data using machine learning. Telemonitoring provides
the opportunity to collect a lot of medical data. The amount and complexity of available
data requires the use of machine learning algorithms to exploit the full potential of the data
and to analyze it automatically and efficiently. Section [.1]addresses work that highlights
relevant parameters to capture health status in heart failure patients in clinical settings and
telemonitoring systems. Section 4.2 presents work using predictive models for heart failure

early warning systems.

4.1 Relevance of Symptoms and Signs to Assess Health

Status in Heart Failure

The guidelines specify that the health status of patients with chronic heart failure should be
recorded regularly in a follow-up. The following parameters should be checked and doc-
umented: [NYHAI class, body weight and hydration status, blood pressure, heart rhythm
and rate, electrolyte balance and renal function, medication, daily functioning, psychosocial
status, quality of life and adherence [BAK19]. Regular monitoring is important to adjust
therapy when clinical and psychosocial symptoms worsen. Novel telemonitoring systems
that capture biosignals using sensors offer the possibility to continuously analyze health
status by documenting the progression of parameters, thereby improving the overall quality

of care [[Gmbc[][Gmbd][[Gmbb][Gmbe]. The literature review by Senarath et al. compares
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studies that address the acquisition of biosignals for early detection of cardiac decompensa-
tion in telemonitoring systems [Sen21]]. In the review daily measurements of body weight,
blood pressure, heart rate, respiratory rate, and bioimpedance were identified as relevant
physiological parameters. These variables used in telemonitoring systems were evaluated for
their relevance and reliability to predict cardiac decompensation. As an outcome, it was found
that reliable assessment of heart failure status is only well achieved by combining a variety of
parameters. In German-speaking countries, there are other telemonitoring systems besides
the ProHerz app that provide applications specifically for heart failure and patient health
management. In the following, three applications are presented and compared with regard to
the inclusion of vital signs and other symptoms to determine health status. The telemedicine
platforms described are all CE-marked Class I medical devices under the Medical Device
Directive.

Tidda Herz is a health app that uses a smartwatch to record the user’s heart rate, blood
pressure, blood oxygen saturation, sleep length and quality, and activity level [Gmbd]. In
addition, a 1-lead is recorded via a patch monitor using the smartphone. Heart failure-
specific symptoms to assess the patient’s well-being are queried in app conversations. Patient-
reported outcomes are recorded via text or voice conversation based on clinically validated
quality-of-life protocols. Tidda Herz is supported by Al-based voice and chatbot technology
that uses guideline-based information and expert knowledge. Tidda Herz combines app
conversation with real-time monitoring of values and continuously informs experienced
clinicians about the patient’s health status via a dashboard system.

The iATROS telemedicine platform uses mobile measuring devices to record the blood
pressure, [ECG| pulse, blood sugar and weight of chronic heart failure patients [Gmbb]. In
addition, questions about the patient’s health status and compliance with therapy are recorded
on a regular basis. Scientifically established scores are used to determine risks related to
heart attack, stroke, cardiovascular disease and diabetes. The app combines individual patient
care by experienced physician-cardiologists with data-based diagnostics.

The telemedicine platform sekTOR-HF of Curafida GmbH is part of the innovation fund
project of the same name [[Gmbef|[Tel]. The study, which runs from 2021 to the end of 2023,
collects vital signs data and questionnaires and links medical staff with patients. The vital
signs data collected are: body weight, temperature, blood oxygen saturation, pulse, blood
pressure and recordings. Weight is determined with a body scale. A pulse oximeter

measures oxygen saturation and pulse. The Cosinuss in-ear sensor records temperature,
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oxygen saturation, pulse and change in blood pressure. The [ECGlis recorded via a recorder
with an attachable triangular chest adapter. In addition, the app records information about
current health status. The type and form of health status recording is not described in more
detail in the study design.

The telemonitoring applications differ in individual vital parameters and the query for
identifying symptoms. Overall, based on the guideline recommendations, the work of Senarath
et al. and the health apps presented, it can be concluded that a variety of parameters are

necessary for a reliable and meaningful assessment of the health status of heart failure patients.

4.2 Predictive Models for Heart Failure Early Warning

Systems

Decision support systems have been used in the medical field since the 1970s [Sho75]. These
systems provide early indication of deteriorating health, identify high-risk patients from
large amounts of telemedically collected data, and suggest therapeutic interventions [Gen17]].
Machine learning can improve risk stratification when analyzing complex patient data by
incorporating a variety of variables. This can increase the objectivity of physicians’ assess-
ment of health status and accelerate the prediction of acute deterioration. Especially in heart
failure, the use of machine learning techniques improves risk prediction of cardiac decompen-
sation [[Gen17][Lev06]]. By risk prediction in chronic heart failure, we mean deterioration
of health, acute cardiac decompensation, hospital readmissions, or death. In the following,
current systems and studies in the field of heart failure with decision support systems using
machine learning algorithms are presented. Early warning systems and their algorithms are
described that use clinical data, data from telemonitored implants, and noninvasive telemoni-
toring data. Important contents and findings for this work are the information scope of the
data sets, the analysis methods used and the results obtained, which are described in the cited

literature.

Heart Failure Early Warning System Based on Clinically Collected Data

The Seattle Heart Failure Model, is a field-proven, validated risk score that calculates mortality
risk based on clinical characteristics, treatment modalities, and various laboratory param-

eters [Lev06]. In this process, 1-, 2-, and 3-year survival rates can be reliably determined
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using machine learning algorithms. The total area under the receiver operating characteristic
curve is 73 % [[Gon21]]. The patent US20110119078A1 (A)) from 2011 describes
an algorithm for risk assessment of acute heart failure in the clinical setting and is similar to
the Seattle Heart Failure Model.

Heart Failure Early Warning Systems Based on Invasive Telemonitoring Data

The HeartLogic Index is a proprietary machine learning algorithm that uses data from the
Boston Scientific Cardiac Resynchronization defibrillator [[Ave22][Gmba]. The defibrillator
is an implant. It derives the parameters, heart sounds, thoracic impedance, respiratory rate,
respiratory volume, heart rate and motion activity from the implanted defibrillator. The
index provides information about a worsening of the heart failure. At a defined threshold,
an alarm is triggered that predicts the risk of hospitalization with a sensitivity of 70 % and
a positive predictive value of 11.3 % [Ave22][Gmbal]. The HeartLogic Index can detect
cardiac decompensations with a median of 34 days in advance, allowing appropriate therapy
adjustments to be made early [Boel7].

The patented implantable CardioMEMS sensor (see Section [3.1)), which monitors pul-
monary artery (PA) hemodynamic pressure in heart failure patients, can detect an increase in
pressure early [Ang20[][Abr20]]. The sensor was protected by the patent US20140330143A1
in 2014. Once the [PAl pressure rises above a threshold for at least three days, an alarm is
triggered. The patient and the attending physician are automatically notified of the increased
risk. The threshold values are optimized for the patient and are regularly adjusted to the
patient’s pressure status. The treatment algorithm effectively identifies patients at risk, mak-
ing it suitable for efficiently monitoring and managing even large numbers of patients. The
CardioMEMS system monitors heart failure patients in real time and is a reliable predictor of
cardiac deterioration. An increase in pulmonary arterial pressure can be detected before the
onset of heart failure and before vital signs such as weight, symptoms, and blood pressure can
indicate it. Kobrossi et al. showed that the HeratLogic Index correlates with CardioMEMS
pressure sensor values [[Kob20|]. Both are suitable tools for automatic and early detection of

cardiac decompensation based on invasive telemonitoring data.
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Heart Failure Early Warning Systems Based on Noninvasive Telemonitoring Data

In 2012, Seto et al. presented an expert system for automatic risk warning and self-care
measures for heart failure patients [Set12]. The patient monitoring model is a threshold-based

alerting algorithm and is based on telemonitoring data.

Koehler et al. implemented a rule-based algorithm in the Fontane project of the ['IM-HE2I
study [Koel8][Pol10]. The baseline model achieved an[AUCROC] of 73 %. Patients at risk
were identified based on their daily transmitted vital signs and prioritized in the system for

therapy adjustment.

A predictive model for decompensation prevention was presented by Larburu et al.
2018 [Larl8]. The study compared different machine learning methods. Heart failure-related
hospitalizations could be predicted with an AUC value of 67 % using telemonitoring data.
The data set used included telemonitoring data on body weight, heart rate, blood pressure,
blood oxygen saturation, and heart failure-specific symptoms. In addition, health status was
assessed via questionnaires. Clinical data and information on heart failure-specific events,
such as hospitalizations and interventions, were also included in the data set. The aim of
the work was to reduce the number of false alarms of the decompensation prediction model
per patient per year. A Naive Bayes classifier using the Bernoulli distribution succeeded in

reducing the number of false alarms per patient per year from 28.64 to 7.8.

Another machine learning algorithm for early detection of cardiac decompensation is the
HeartPredict algorithm [Bou21|]. The data set of a large European heart failure telemonitoring
study, OSICAT was used for the evaluation [Ben14]. The data set contained sociodemographic
data and time series data of body weight and symptoms. Different machine learning models
were compared. The best result was provided by a balanced random forests model, which
predicted heart failure-specific events with a 72 % sensitivity and a 94 % specificity and with
an of 80 %. HeartPredict also achieved better risk prediction results than simple
thresholds, such as those defined in guidelines. Cardiac decompensation could be detected

with more than 50 9% probability three days before occurrence.

Preliminary results have already been published on the ongoing Telemed5000 study (see
Section [3.1)), showing that the use of deep learning can increase the accuracy of decision sup-
port systems [Gon21]. Based on the data set, deep neural networks were developed
to increase the capacity of telemedicine centers. The data set used contains information on

heart failure-related hospitalizations and deaths in addition to daily telemonitoring data. The
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models used achieved an of 84 %. This deep learning approach improved the basic
rule-based model implemented in the Fontane project by 11 %. The Telemed5000 research
project aims to further improve the efficiency of risk assessment by using recurrent neural
networks as time series analysis. In addition, patient-specific data analyses will be used to
adapt and improve the models to each patient. The study will be taken further by testing
whether patient voice can be used to make statements about body water content. Machine
learning algorithms will be used to detect overhydration resulting in cardiac decompensation
through voice measure detection.

As described above, the prediction algorithms presented are efficient tools for remote
monitoring of heart failure patients, providing early warning of impending cardiac decompen-
sation and thus having the potential to improve patients’ quality of life, reduce hospitalizations,

and lower health care costs.

4.3 Research Goals

The aim of this master thesis is to analyze the progressive health status of heart failure patients
based on telemonitoring data to detect cardiac decompensation using machine learning
techniques. The following main research question will be answered:
» Can we predict cardiac decompensation based on telemonitoring data using machine
learning?
From the main research question, two additional research questions are formed that address
the predictability of cardiac decompensation from different perspectives. The following
research questions will be answered:
* What parameters are relevant for early prediction of decompensation in heart failure
patients?
* Is there a relationship between vital signs measured daily and the health status of heart
failure patients?
The first research question aims to identify relevant symptoms and signs that can predict
cardiac decompensation. For this purpose, patient questionnaires on symptom perception
in heart failure and expert interviews with cardiologists were conducted. Analysis of the
telemonitoring data set will be used to determine and assess the relationship of telemedically
recorded vital signs and health status. These three methods will answer the main research

question.
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Symptom and Parameter Analysis of

Heart Failure

Guidelines for the care of patients with chronic heart failure and cardiology literature identify
disease-specific symptoms and signs. A large number of different parameters can be found
to assess the health status of heart failure patients. The aim of this part of the paper is to
elaborate and evaluate the importance and relevance of the symptoms and signs defined by
the guidelines. The subjective perception of the patients as well as expert knowledge will
be included. Using an online questionnaire, the symptoms of heart failure perceived by the
patients are queried and these are evaluated qualitatively and quantitatively. Through expert
interviews, the guideline-defined parameters will be verified by evidence- and experience-
based knowledge and differentiated in their importance. Both the patient survey and the
expert interviews aim to identify patterns in the course of vital signs and symptoms that
precede cardiac decompensation. The methodology and results of the patient survey and

expert interviews are presented below.

5.1 Patient Questionnaire

An online questionnaire was developed to capture patients’ subjective perceptions of heart
failure-specific symptoms. The list of symptoms was compiled based on the literature and in
consultation with the medical supervisors. The questionnaire is divided into three parts. The

first part collects the demographic data of the study participants. The symptom questionnaire
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of the second part is divided into two time periods. The first period asks about the symptoms
of acute heart failure. This period refers to an acute worsening, a decompensation, which has
led to hospitalization, for example. The second period covers symptoms during the stable
heart failure phase. For both time periods, the participants could select from a list of typical
symptoms those that they had experienced and that they had noticed. For each of the selected
symptoms, the frequency, severity and burden were asked on a four-point Likert scale. The
frequency of occurrence of a symptom was to be rated as hardly ever, rarely, frequently or very
frequently. The severity was rated as mild, moderate, severe, very severe. The classification
for the stress could be given as not at all, a little, moderately and strongly. In the third part of
the questionnaire, further questions were asked about health knowledge and dealing with the

disease heart failure. Appendix [B|lists the questions asked in the patient questionnaire.

5.1.1 Data Acquisition

The patient questionnaire was made available to participants via the online survey software
Unipark between April and August 2022. Participants were recruited through various channels.
Direct contact with heart failure patients was given via ProCarement GmbH to users of the
ProHerz app. These ProHerz patients were notified via email with a flyer in the patient
information system. In addition, further participants were recruited via flyers in cardiological
practices in Erlangen and Forchheim, in cardiac sports groups, via social media, as well as
via the email distribution list of the “Herz-Kreislauf-Initiative Erlangen” ﬂ All participants
have a diagnosed heart failure and are over 18 years of age. The questionnaire was conducted

anonymously and includes information and consent to a privacy statement.

5.1.2 Study Population

A total of 48 participants, 17 female (35 %), 31 male (65 %), and O diverse, answered the
questionnaire. Table gives an overview of the demographic data of all participants. A
proportion of 8.5 % of the participants reported being smokers.

In Table the collected data on the medical background of the study participants are

presented. 42 participants were users of the ProHerz app.

“https://www.hki-erlangen.de/
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Table 5.1: Demographic and anthropometric data of the participants. SD: standard deviation.

Data Mean + SD
Age [years] 66 + 11
Height [cm] 174 £ 11
Weight [kg] 89 + 23

BMI  [kg/m?] 29+ 6

Table 5.2: Medical data of the participants. n: describes the absolute number.

Condition Parameters Prevalence %0 n
Physical NYHAIT 229% 11
performance I 521% 25
[NYHAITIT 25.0% 12
v 0.0% O
Cardiac output  [HErEH (reduced) 229% 11
[HFpEH (not reduced) 52.1% 25
Not specified 250% 12
Aetiology of Asthma 42% 2
heart failure and Hypertension 42.8% 21
comorbidities COPD (chronic obstructive pulmonary disease) 14.6% 7
Depression 83% 4
Diabetes mellitus 229% 11
Valvular heart disease 354% 17
Peripheral arterial disease 125% 6
Atrial fibrillation/flutter (cardiac arrhythmia) 50.0% 24
Chronic kidney disease 6.3% 3
Coronary heart disease 54.1% 26
Sleep-related breathing disorders (sleep apnoea) 25.0% 12

5.1.3 Results

The results of the symptom query of the patient questionnaires are summarized in the

Figure The percentage occurrence of the questioned symptoms in acute heart fail-

ure and chronic heart failure is shown. The values refer to the entire study population. All

queried symptoms were named by the study participants. As shown in Figure [5.1] more

symptoms occurred in the acute phase than in the stable phase of heart failure. The incidence

of symptoms was increased by 50.9 % in the acute phase. Figure [5.2| shows the percentage by

which the individual symptoms were perceived more in the acute decompensation phase.
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Figure 5.1: Incidence of symptoms in acute heart failure and chronic heart failure.
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Figure 5.2: Increase in symptom occurrence from the stable phase to the acute phase of heart

failure in percent.

The percentage increase from stable to acute heart failure is greatest for the following

symptoms: Rattling, bubbling breath sounds (200 %), nausea or vomiting (125 %), increased

cold sweat (120 %), shortness of breath during the night (116 %), increase in abdominal

girth (100 %), shortness of breath (100 %), brief loss of consciousness (syncope) (100 %) and

bloated abdomen (meteorism) (100 %).
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In the evaluation of the patient questionnaire, the increase of these symptoms is particularly
relevant for an imminent decompensation. The symptoms always occurred in combination.
In the stable phase, the patients stated on average that they noticed 11 symptoms at the same
time. In the acute phase, the average value of simultaneously perceived symptoms was 14.

In the acute phase, the most commonly reported symptoms were increased recovery time
after physical activity, decreased exercise capacity, decreased performance, fatigue/sleepi-
ness, shortness of breath, waking up at night and nocturia. In the stable phase, the same
symptoms as above were mentioned most frequently. The order of symptom occurrence
differs slightly. Decreased resilience, decreased performance, fatigue/sleepiness, increased
recovery time after physical activity, waking up at night, nocturia and shortness of breath are
the most frequently mentioned symptoms.

If we differentiate the study group by gender in the acute phase of heart failure, we
can see that women noticed more symptoms than men. Women experienced 35.6 % more

symptoms. The most common symptoms were named in the same way by women and men

(see Figure[5.3).

1=}
15}
1

female
 male

IS o @
S S S
1 1 1

Incidence of the symptom [%)]
3
!

o
1

c 0w £ s o = 0o u c w £ c u w n [ B ) B )} s B oo = =
og8w*—'-C‘Dmﬂmmtgcm-anwugg’mEtnr:mcc”‘“;-':g‘”E
= £ ¢ 0 ® D @ &5 £ 0 = = 0 6 5 ® 3 O & ¥ = O o = o = 9 =) Q 5
o ¥ o £ o ¢ 5 5 c 5 O = 5 9 ¢ ®» c 5 © g = @& c o c = 2 8 g o g 2
QL £ o P > = E B - = 0 Q - B T = £ ° s © §
S > = 5 -« 6 3 B 9 3 T O N @ O o S o o - ©° 51
S © 7 2 © S 3 o £ T 4 = < O v p © = £ 9 & 2 o o ® © £ o
© ¢ 8 8% o B EELEESEFT2HA8L 80 50E%F 58 L 53 3F
o = % T - £ T E 3 © o =2 5 o = . 9 =5 £ @
Q o © 5 @ a c s ®» £ O — =J o =
2 0 ©v 2 @2 L 5 £ % ¢ 6 2 a £ =2 S o £ ] 5 © T o 4, E
e 0o @ 0 ¢ D2 o & O o © 9 =] - £ 9 35 O § T o 9O = ¢ =
c & £ £ o O 2 c = = @ i 2 2 =
S S 5&s S8 aF® g 9 g3 8 3 3 8 2T 2325
€ o © = T w 9 c o 93 a § =2 4 » S © 2% % 3 ¢
Lwﬂ"“E;OE'E € £ 0O £ = c T 9 5 2 35 §
gt 22 89 $ 32 =2£8°%8¢3
e 5 = g [ 5 ¢ 5 = £ ¢ g2 8
e o] £ S o c 8 c £ 5 o
= = 2 O 5 o 5 SS] 8 @
[} o c Z o a < w B
S = - > @ 5 3
=) o
£ 3 g o
= 3] o
© E =
14 o <]
<
(%]

Figure 5.3: Incidence of symptoms in acute heart failure differentiated by gender.

According to physical performance, the study participants are assigned to three different
[NYHAI classes. 21.3 % belong to class I, 53.2 % are in[NYHA] class II and 25.5 % of
the study participants are assigned to[NYHAIclass III. Looking at the occurrence of symptoms
in relation to the classes, it is noticeable that with increasing class, the number
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of symptoms increases in both the stable and acute heart failure phases. While the study
participants in classes I and II hardly complained about breathing problems in the
stable phase, they perceived a reduction in performance and physical capacity. In both phases,
almost all patients in class III described the same symptoms. The symptoms most
frequently mentioned by this group were: Shortness of breath, decrease in performance,
increased recovery time after physical activities, fatigue/sleepiness, waking up at night,
decreased exercise capacity. In addition, mental health problems and dizziness were reported
by over 50 % of class III patients.

The results related to cardiac output only include the study participants who provided
information on their cardiac output. 21 participants are patients with reduced ejection fraction
(HEED). 10 participants did not have pump dysfunction (HFpEF). In the stable phase of
heart failure, it can be seen that the [HFrEF patients had 43.2 % more symptoms. This was
particularly noticeable in the symptom group, reduced performance. In the acute heart failure
phase, there was hardly any difference in the number of symptoms occurring. The patients
with preserved ejection fraction reported more breathing difficulties, also during the night,
and more depressive moods than the [HErEH patients in the acute phase.

The differences in symptom query results between ProHerz app users and other patients
were not analyzed due to the small group of non-ProHerz app users.

In the patient questionnaire, 39 individual symptoms were queried. In the further eval-
uation, the individual symptoms were combined into groups with the same problem. The
symptom groups and the associated symptoms are described in Table The symptom
dizziness cannot be assigned to any other symptom group and therefore forms its own group.
The symptom group reduction in performance was mentioned most frequently. The symp-
tom groups, dizziness, sleep problems and breathing problems were perceived with similar
frequency during the acute phase of heart failure. Water retention, heart problems and psy-
chological problems occurred with similar frequency during both phases. Digestive problems
was the symptom group with the lowest incidence. The data on the percentage of occurrence
are shown in Table[5.4] In addition, the most frequently mentioned symptoms in the symptom
groups are listed in Table These symptoms are the most relevant symptoms for the
holistic assessment of the health status of heart failure patients and predictors of impending

decompensation.



5.1. PATIENT QUESTIONNAIRE 35

Table 5.3: Definition of the symptom groups with the associated symptoms.

Symptom group Symptoms

Breathing problems Shortness of breath
Coughing
Breathlessness

Rattling, bubbling breathing sounds
Decreased performance Decrease in performance
Fatigue/sleepiness
Decreased resilience
Problems with sexual interest or activity
Increased recovery time after physical activities
Heart problems Chest pain or pressure
Palpitations
Water retention Swelling of the legs or feet
Increase in abdominal girth
Meteorism
Weight gain
Digestive problems Digestive problems
Nausea/vomiting
Bloating
Loss of appetite
Sleep problems Nocturia
Difficulty breathing when lying down
Breathlessness during the night
Sleeping difficulties
Waking up at night
Psychological problems Sadness
Nervousness/restlessness
Depressive mood
Forgetfulness
Irritability
Concentration difficulties
Dizziness Dizziness

Almost all study participants reported in the further question section that they can perceive
and assess heart failure-specific symptoms well to very well. Only one participant reported
difficulties in assessing symptoms. Through the use of the ProHerz app and informative talks

with the doctor, health literacy and the associated ability to perceive symptoms improved
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Table 5.4: Results summarized by symptom groups.

Phase chronic Phase acute Most mentioned symptom

Symptom group heart failure  heart failure of symptom group
Decreased performance 63.8 % 72.5 % Decreased resilience
Dizziness 41.7 % 50.0 % Dizziness

Sleep problems 36.3 % 48.3 % Waking up at night
Breathing problems 27.1 % 46.9 % Shortness of breath

Heart problems 26.0 % 39.6 % Palpitations

Water retention 24.5 Y% 37.0 % Swelling of the legs or feet
Psychological problems 26.0 % 36.8 % Nervousness/restlessness
Digestive problems 18.2 % 25.5% Digestive problems

in almost all (95.9 %) study participants. 41.6 % of the study participants stated at the time
of the survey that they did not record and document their symptoms. 83.3 % of the study

participants could imagine that a symptom diary could help them assess their state of health.

5.1.4 Discussion

Heart failure patients often suffer from a large number of symptoms. The symptoms often do
not occur in isolation, but in combination. As the results show, an increased occurrence of
symptoms with increased frequency of occurrence, increased severity and increased stress
is a clear pattern of decompensation. If there is an increase in symptoms, therapy must be
adjusted. Special attention should be paid to all symptoms of heart failure that are asked for
in the patient questionnaire. In the National Health Care Guideline, the symptoms that can be
decisive for an impending decompensation are described as follows: Shortness of breath on
low physical exertion, fatigue, peripheral oedema, cough and weight or abdominal girth gain
(ascites) [BAK19]. The National Health Care Guideline makes it clear that individual symp-
toms are non-specific. The linkage of symptoms and findings define acute decompensated
heart failure and make it clear [BAK19].

On the basis of the patient questionnaires, it was possible to find out that some symptoms
occur more frequently than others. However, all of the heart failure-specific symptoms
asked are relevant and cannot be differentiated according to importance. The occurrence
of symptoms varies from patient to patient and depends on the functional and/or structural

disorder of the heart [AllI07]. It is not the occurrence of individual symptoms that is decisive
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for the early recognition of impending decompensation, but the worsening of the symptoms.
For this purpose, it is important to recognize the course of symptoms and their worsening, to
interpret them and to act accordingly [A1107][BAK19].

When evaluating the patient questionnaires separately according to gender, it was rec-
ognized that women had 35.6 % more symptoms in the acute phase than men. The most
frequent symptoms that occurred in the acute phase did not differ between men and women.
The study by Haedtke et al. also describes that women report more symptoms than men in the
acute phase of heart failure. It is recommended to consider gender differences in symptom
recording and therapy [Hael9].

The evaluation of the patient questionnaires shows that the number of perceived symptoms
increases with increasing class. This is consistent with the definition of the NYHA|
classification [New94]. The more and the more severe symptoms patients perceive, the more
likely they are to be burdened by depressive symptoms. This relationship is also evident in
patients with class III in the evaluation of the questionnaires.

The literature describes that patients with preserved ejection fraction (HFpEF) are more
likely to be older and twice as likely to be women [Lee09][Sim20]. The study population
shows a different distribution. More women are [HETEH patients. This makes it difficult to
classify and interpret the results in the literature. An increase in respiratory problems was seen
in [HFpEF| patients. This can be attributed to the fact that these patients have more frequent
respiratory diseases [Lee09]|[Sim20]. It can also be seen that patients with [HErEH described
more psychological upset.

In order to identify the most relevant symptoms, the symptoms must be grouped together.
Although the evaluation of the individual symptoms reflects the most frequently mentioned
symptoms, these symptoms do not represent the diverse symptomatology of heart failure. By
grouping symptoms of the same problem, the most relevant symptoms can be identified. In
this way, the entire range of symptoms is captured by a few, meaningful individual symptoms.
The most relevant symptoms from the symptom groups that we identified in our study are:
decreased resilience, waking up at night, shortness of breath, palpitations, swelling of the
legs or feet and nervousness/restlessness. These symptoms were identified as predictors of
impending decompensation.

The majority of the study population are users of the ProHerz app. These patients are
trained through the use of telemonitoring with disease knowledge units. Almost all study

participants stated that they were able to assess symptoms well. The results from the evaluation
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of the patient questionnaire are therefore reliable. However, the significance of the study
is limited by the small number of participants. In contrast to the statement of the study
participants that they can perceive and recognize symptoms well, other findings can be found
in the literature. It is reported that patients with heart failure have difficulties recognizing a
worsening of symptoms, interpreting and managing them [Leel8]|[Riel8]]. The importance
of symptom perception in heart failure has been described in the literature. It combines a
functioning self-sufficiency with an adapted self-sufficiency management [San21].

The prospective community study by Fabbri et al. describes that higher health literacy
among heart failure patients is associated with a lower risk of hospitalization and death [Fab18].
95.9 % of participants reported that their disease-specific knowledge improved as a result of
using the ProHerz app or informative talks with their doctor. If one relates this statement of
the study participants to the study results of Fabbri et al. it can be assumed that the number
of hospital admissions and mortality will decrease.

It can be difficult for patients to keep track of the multiple symptoms, recognize dete-
rioration, interpret it correctly and act accordingly. With advancing age, co-morbidities
and the slow or gradual progression of symptoms, deterioration is difficult for patients to
perceive. Positive influences on symptom recognition include living with other people, a
higher level of education, a sudden worsening of symptoms, a longer history of illness and a
higher number of hospitalizations [Leel8]. When heart failure patients are poor at perceiving
and interpreting their symptoms, there may be a delay in choosing the right treatment and
therapeutic interventions [MosO8|][Jur09]. Lee et al. describe in their study that inadequate
symptom management leads to increased hospital admissions and mortality [Leel8|]. Analy-
sis of the survey showed that over 40 Y% of study participants did not record and document
symptoms of heart failure. However, over 80 % of respondents said they believed a symptom
diary could help them assess their health. The literature describes the benefits of symptom
diaries for heart failure patients. Symptom diaries are intended to be used specifically to
support self-monitoring and to engage in exchange with caring health care professionals. In
symptom diaries, symptom patterns of deterioration can be made visible over time. The use

of a symptom diary can reduce mortality, hospitalization and medical costs [Leel8].
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5.2 Expert Interviews

The aim of the qualitative interviews is to collect, bundle and qualitatively classify the
knowledge and empirical values from the clinical practice of the experts in conversation.
The findings from the expert interviews should help to understand clinical algorithms for
the assessment of the health status of heart failure patients and to work out the relevance.
Particular emphasis will be placed on the early detection of decompensation and preceding
patterns. The findings will then be adapted and made usable for telemonitoring.

The interviews are semi-structured guided interviews. This ensures that all relevant
aspects are asked and answered in the course of the interview. The interview guidelines for the
present expert interviews were drawn up on the basis of the literature research. The interview
guide is divided into four parts, information on the background of the experts, questions on
relevant symptoms and signs of chronic and acute heart failure, questions on patients’ health

literacy, questions on telemonitoring. The complete interview guide can be found in the
Appendix [C]|

5.2.1 Data Acquisition

The five interviews took place between July and August 2022. The length of each interview
was approximately 30 minutes. The interviews took place online via a licensed, secure, video
conferencing software. With the consent of the interview participants, a video with audio
track was digitally recorded. A test run of the interview was conducted in advance with a
Heart Failure Nurse from ProCarement’s CareCenter to check the length of the interview, the
comprehensibility and meaningfulness of the questions and their order. Contact was made
with selected experts via ProCarement GmbH. In addition, one expert was interviewed who

is not associated with ProCarement GmbH.

5.2.2 Study Population

Table [5.5| contains information and data on the five experts. Four of the experts are familiar
with telemonitoring systems in heart failure. These experts have experience through exchanges

with patients who use a telemonitoring system.
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Table 5.5: Characteristics of the expert interview participants.

Cardiology
work experience

Professional qualification

Current field of activity

11 years

Health care and nursing
assistant, Heart Failure Nurse

Care manager, care of patients of a
telemonitoring app

12 years Specialist in cardiology Staft Senior Physician for cardiology
and angiology and angiology at the hospital
22 years Specialist in internal Specialist in internal medicine in a
medicine and cardiology cardiology and sports medicine
practice
22 years Specialist in cardiology Senior physician for general and
and intensive care medicine  interventional cardiology/angiology
in the clinic
32 years Specialist in internal Specialist in cardiology in

medicine and cardiology

a joint internal medicine practice
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5.2.3 Thematic Analysis

Based on the literature, the guiding questions for the interviews were formulated. The
interviews were transcribed. For the evaluation of the expert interviews, a thematic analysis
for qualitative data was carried out following Braun and Clarke [BraO6|]. According to the
two authors, “thematic analysis is a method for identifying, analyzing and presenting patterns
(themes) in data” [Bra06]. This allows large amounts of data to be meaningfully summarized
and important features to be extracted. Similarities and differences in the responses are
recognized and classified thematically. In Table |5.6|the phases of the thematic data analysis
are shown. According to these six phases, the data analysis was carried out with the help of

Excel and a color-differentiated structuring and filtering.

Table 5.6: Phases of thematic analysis adapted from Braun and Clarke [Bra06].

Phase Description oft he process

1 Transcription Writing of the spoken word, familiarization with data

2 Coding Generating initial codes, coding interesting features
in a systematic fashion across the entire data set

3 Searching for themes Sorting and compilation of the codes on potential
themes

4 Reviewing themes Checking and adapting the found themes, generating

a thematic map of the analysis

5 Defining und naming themes Finding meaningful themes, Identify important
aspects within the themes

6 Producing the report Relating back of the analysis to the research question
and literature, producing a scholarly report of the
analysis

5.2.4 Results

The three themes, Progress diagnostics, Acute decompensation, and Telemonitoring, and their
subthemes were identified. The overall result is presented as a thematic map by showing the
relationships between the themes and how they are linked to each other, see Figure The

themes and their subthemes are presented in detail below.
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Progression Diagnostic

The aim of progress diagnostics is to regularly check and document the progression of the
confirmed, diagnosed chronic heart failure in order to adjust the therapy according to the
state of health. The theme Progress diagnostics is divided into the six subthemes, Anamnesis,
Queried symptoms during the routine examination, Physical examination, Basic diagnostics,
Further diagnostics and Cause research for therapy decisions (see Figure[5.5).

The experts described that the progression diagnostic procedure is similar to that recom-

mended by the heart failure guidelines.

Expert: “Der Patient kommt ja letztlich zu mir und klagt tiber gewisse Symptome.
Sprich, er kommt zu mir und klagt tiber Kurzatmigkeit oder geschwollene Beine
oder Schmerzen auf der Brust, rasche Erschopfbarkeit, solche Dinge. Also neben
den ganz banalen anamnestischen Daten wird man lege artis dann korperliche
Untersuchungen durchfiihren. Sprich, ich wiirde ihn abhoren, guck ihn insgesamt
an, hat er dicke Beine, was machen die Lippen. Wenn ich ihn abhore, was hore ich
fiir Herzgerausche, hore ich was an der Lunge. Das Néchste sind dann langsam
die ersten technischen Untersuchungen, sprich EKG, Herzultraschall, und last but
not least Laborwerte.” (The patient ultimately comes to me and complains about
certain symptoms. In other words, he comes to me complaining of shortness
of breath or swollen legs or chest pain, rapid exhaustion, things like that. So
in addition to the very banal anamnestic data, one will then perform lege artis
physical examinations. I would listen to him, look at him overall, does he have
thick legs, how are his lips. When I listen to him, what heart sounds do I hear,
do I hear anything in the lungs. The next step is the first technical examinations,

i.e. ECG, heart ultrasound, and last but not least laboratory values.)

A large number of symptoms were mentioned by the experts. In Figure [5.5|under Queried
symptoms during routine examination these are listed and sorted by frequency of mention

from top to bottom. Breathlessness as a symptom was mentioned by all experts.

Expert: “Atemnot ist natiirlich das Hauptsymptom.” (Breathlessness is of course

the main symptom.)

Expert: “Wichtig ist bei Herzinsuffizienz ist die Luftnot, erstmal. Das Haupt-

symptom ist, dass die Patienten schlecht Luft bekommen und sie sich schlecht
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belasten konnen.” (The important thing in heart failure is shortness of breath,
first of all. The main symptom is that the patient has difficulty breathing and
straining.)

Oedema as a significant symptom of heart failure was also listed by all experts.

Expert: “Was aber natiirlich auch noch dazu gehort ist, den Odemstatus zu
erheben. Also sprich, ich wiirde dem auf die Fiile gucken, in erster Linie mal
schauen, ob der Patient eben geschwollene Fiie hat. Und ich wiirde ihn auch
aktiv natiirlich befragen, ob das schlimmer geworden ist. Ob ihm die Hausschuhe
besser passen oder schlechter passen.” (But of course, it is also necessary to
determine the oedema status. In other words, I would look at the patient’s feet,
first to see whether he has swollen feet. And I would also actively ask him, of

course, if it has gotten worse. Whether the slippers fit better or worse.)

After the symptom query, the patient can be assigned to an [NYHA] class. The physical
examination for simple diagnostics includes listening to the heart and lungs to detect the
occurrence of e.g. a third heart sound or fluid retention in the lungs. Experts agree that the
parameters body weight, blood pressure, heart rhythm and rate, oxygen saturation and the
ECG should be recorded, checked and documented at every follow-up. Further diagnostics

help to differentiate heart failure from other diseases if the symptoms are similar.

Expert: “Das haben wir natiirlich auch héufig, dass die Patienten gleichzeitig
eine chronische, obstruktive Lungenerkrankung haben. Dann kann man schwer
unterscheiden, wo kommt die Atemnot her, ist es jetzt eher die Lunge oder ist es
eher das Herz. Da hilft uns dann wieder der BNP-Wert.” (Of course, we often
have patients with chronic obstructive pulmonary disease at the same time. Then
it is difficult to distinguish where the shortness of breath comes from, whether it
is the lungs or the heart. The BNP value then helps us again.)

In addition, further examinations such as laboratory tests, echocardiography, heart ultrasound
and/or a chest X-ray can be performed for more precise clarification. In order to be able to make
the right therapeutic decisions, it is crucial to clarify the causes of the heart failure. Causes
frequently mentioned by experts included coronary heart disease, hypertension, arrhythmias,

valve disease, alcohol and nicotine abuse.



Medical history

. Recording of the symptoms and complaints

. Inquiry of the subjective feeling

. Recording of comorbidities and differentiation

from other diseases

. Experience-based assessment of the state of
health on the basis of the overall clinical
impression

Physical examination
. Listening to the heart
. Listening to the lungs

ﬂasic diagnostics

. Weight
Pulse (heart rate)
Blood pressure

~

-

. Oxygen saturation

. ECG (resting and exercise ECG)

. Relevant ECG values:
. Cardiac rhythm and atrial fibrillation
. Position type, left or right bundle

branch block

Width of the QRS complex

ﬂmher diagnostics

. Cardiac ultrasound
. Echocardiography
. Chest X-ray

. Laboratory values:

. Blood count (leukocytes, platelets, HB
value, C-reactive protein (CRP), creatine,
cardiac troponin)

. BNP and NT-pro-BNP

. S-test: serum electrolytes (sodium and

potassium)
Urinalysis

_/

~

J

Queried symptoms during routine examination

Shortness of breath

Edema (swollen feet and legs)

Low exercise/performance capacity -> over
walking distance, climbing stairs

Nocturia

Orthopnea (number of pillows when sleeping)
Sleep quality (falling asleep and staying asleep,
obstructive sleep apnea)

Chest pain

Tiredness/fatigue

Psychological problems, depression, anxiety
disorders

Indigestion and nausea (often not perceived by
patients as HF specific)

Dizziness

~

J

Causal research for therapy
decisions

Coronary heart disease
Hypertension

Arrhythmias (tachycardia,
bradycardia, atrial fibrillation)
Valve diseases

Alcohol and nicotine abuse

Figure 5.5: Thematic map of the expert interview results on the theme Progress diagnostics and related subthemes.
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Acute Decompensation

The theme Acute decompensation is divided into three subthemes, Symptoms and signs of
acute decompensation, Causes of rapid decompensation and Predictability of decompensation
(see Figure[5.6).

The experts described that when the symptoms and signs of heart failure worsen signif-
icantly, it is called acute decompensation of the heart. In Figure [5.6/under Symptoms and
signs of acute decompensation the typical features are listed and ordered by importance from
top to bottom. The occurrence of several symptoms at the same time, increased frequency,
increased intensity and increased stress, is a pattern that can be found and indicates acute
decompensation.

As causes of rapid decompensation the interview participants named non-adherence to
drug therapy, arrhythmias, blood pressure increase and infections. The experts described that
a small impulse can quickly turn chronic heart failure into acute decompensation, as patients

already have a poor baseline health status.

Expert: “Dann hat der Patient vielleicht vergessen die Medikamente einzunehmen.
Dann geht es ruckzuck. [...] Oder bei einer Tachyarrhythmie. Wenn die zu schnell
werden von der Herzfrequenz. Dann kann das auch relativ rasch gehen. Wenn die
Herzleistung eh schon eingeschrinkt ist und er wird plotzlich tachyarrhythmisch,
dann kann das auch innerhalb von Stunden gehen, dass er dekompensiert.” (Then
the patient may have forgotten to take the medication. Then it goes in a rush.
[...] Or with a tachyarrhythmia. When the heart rate becomes too fast. Then
it can happen relatively quickly. If the cardiac output is already limited and he
suddenly becomes tachyarrhythmic, then it can also happen within hours that he

decompensates.)

For heart failure patients, a specialist cardiological follow-up examination is conducted
approximately once every six months, depending on the severity and state of health.

The subtheme Predictability of decompensation can be divided into three areas. In order
to detect decompensation early, it is important that symptoms are noticed by the patient.
Experts said that patients are good at recognizing symptoms themselves, such as decreased
exercise capacity, oedema and shortness of breath. In Figure|5.6|under Well self-perceived
symptoms and values, further symptoms and values mentioned by the experts are listed, which,

according to their assessment, patients can perceive well.
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As a problem of early recognition of decompensation, the interviewees described that
patients can perceive and interpret symptoms differently. The patients’ health literacy is
partly poor. The temporal development of decompensation depends on the cause. A latent

deterioration over a longer period of time is sometimes poorly registered by the patients.

Expert: “Wenn es halt so ein schleichender Prozess ist, ist es auch schwierig
zu erkennen. [...] Dann wird es halt jeden Tag ein bisschen schlechter und die
Atmung wird ein bisschen schlechter. Eine Verschlechterung kann aber auch
so plotzlich und ohne vorherige Warnsignale eintreten, dass eine rechtzeitige
Therapieanpassung nicht moglich ist.” (If it is such a gradual process, it is also
difficult to recognize. [...] Then it just gets a little worse every day and the
breathing gets a little worse. But a deterioration can also occur so suddenly and

without prior warning signals that a timely adjustment of therapy is not possible.)

Expert: “Und beim Vorhofflimmern pumpt der Vorhof nicht mehr, weil er so
schnell schligt, dass es keine Pumpe mehr ist und dann werden die Patienten
plotzlich schlechter.” (And in atrial fibrillation, the atrium stops pumping because
it’s beating so fast that it’s not a pump anymore, and then patients suddenly get

worse.)

Help is then sought too late. In addition, the symptoms of heart failure are so complex
or overlaid with comorbidities that patients sometimes misinterpret them. Symptoms are

attributed to other diseases or suppressed.

Expert: “Es wir natiirlich auch viel negiert. Also die Atemnot wird halt auf
andere Sachen geschoben.” (Of course, a lot of things are negated. The shortness

of breath is simply blamed on other things.)

The long interval between follow-up visits means that a deterioration in health is only noticed
by the doctor in charge with a time delay.

The experts described that there are ways to detect deterioration. The B-type natriuretic
peptide (BNP) and NT-pro-BNP provide information about the presence of cardiac decom-
pensation. More important for early detection is deterioration in the course of vital signs.
Oedema, especially in the feet and legs, were cited by experts as a significant and easily

recognizable symptom.
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Figure 5.6: Thematic map of the expert interview results on the theme Acute decompensation and related subthemes.
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Telemonitoring

The Telemonitoring theme follows on from the two previous themes (see Figure [5.7).

In order to identify the symptoms and signs of heart failure relevant for telemonitoring,
the experts were given the task of designing their own system for the daily, home-based
monitoring of heart failure patients. Figure[5.§]lists the parameters mentioned and the number
of mentions and thus the importance. All experts considered the daily control of weight,

blood pressure and heart rate as relevant parameters.

Expert: “Also was jeden Tag gemacht werden sollte, meiner Ansicht nach, ist
Blutdruck, Puls und das Gewicht.” (So what should be done every day, in my

opinion, is blood pressure, pulse and the weight.)

In addition to recording the objective values, some experts also mentioned the importance
of asking about the subjectively perceived symptoms. These are to be recorded via simple
questions and asked in adapted time periods. The symptom questionnaire is intended to
supplement the values and the course of the values and to make it easier to assess the state of
health.

Expert: “Ist die Belastbarkeit schlechter geworden? Ist die Gehstrecke weniger
geworden? Haben die Unterschenkel von der Dicke zugenommen? Haben Sie
das Gefiihl, dass Sie mehr atmen?” (Has the resilience become worse? Has the
walking distance become less? Have your lower legs increased in thickness? Do

you feel that you breathe more?)

The experts particularly emphasized the importance of telephone support for telemoni-
toring in addition to the recording of values. Through personal contact, symptoms can be
recorded and medically assessed by asking specific questions. During the conversation with
the patient, the psychological situation and the condition of the respiration can often also be
determined. Special medical events can be asked about during the conversation and may have

to be included in the therapy recommendations.

Expert: “Ein wichtiger Punkt ist auch die menschliche Komponente. Dass es
nicht alleine auf Telemonitoring ankommt, auf diese Messwerte—Uberwachung,
sondern auch auf den menschlichen Part. Dass die Leute einfach froh sind, dass

sie, wenn sie nicht in der Klinik sind, trotzdem so einen menschlichen Kontakt
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zu medizinischem Fachpersonal haben und dariiber sind sowohl die Patienten
dankbar, als auch, das hitte ich anfangs gar nicht gedacht, die Angehorigen.” (An
important point is also the human component. That it’s not just telemonitoring
that matters, this monitoring of measured values, but also the human part. That
people are simply happy that, when they’re not in the hospital, they still have such
human contact with medical professionals, and both the patients and, I wouldn’t

have thought at first, the relatives are grateful for that.)

Some experts mentioned that invasive monitoring to record pulmonary arterial pressure by
means of an implantable sensor or monitoring via implanted pacemaker systems or implantable
cardioverter defibrillators are also well suited. Transthoracic impedance measurement,
which describes the patient’s state of compensation, is also conceivable.

The experts described the advantage of telemonitoring as the possibility of early detection
of deterioration through the recording and evaluation of progress values. Based on daily
measurements, patterns and trends can be identified and provide information about the patient’s
state of health. Hospital admissions could thus be prevented. In addition, it seems possible
to the experts to increase the intervals of the follow-up checks. According to the experts,
the improvement of the patients’ state of health can be promoted by telemonitoring. The
experts reported from their experiences that patients and relatives experience security through
telemonitoring and feel cared for and looked after. Another advantage mentioned is that
patients receive support in scheduling doctor’s visits and motivation and support for the right
choice of doctor and therapy. The experts considered the disadvantage of telemonitoring to be
that the assessment of symptoms is done by the patients themselves and not by trained medical
staff. Thus, the lack of on-site contact could lead to misjudgments. The interviewees saw
problems with adherence, the daily time required and the difficulty in operating the technical

devices, especially for older people.
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Figure 5.8: Relevant parameters and values in telemonitoring for heart failure mentioned by
the five experts.

5.2.5 Discussion

The aim of the interviews is to qualitatively record experience-based expert knowledge
on the topic of heart failure and the recognition of cardiac decompensation. The experts’
statements provide knowledge and empirical values from clinical practice and should help to
correctly assess the health status of heart failure patients. The diagnostic procedure in routine
examinations and in acute decompensation is shown, and the relevant symptoms and signs
are identified in both cases. The aim of the discussion is how the knowledge gained can be
used for telemonitoring.

The results of the expert interviews are limited by the small number of participants.
Nevertheless, the experts represent a broad spectrum of this medical field due to their years of
professional experience and work in different cardiological fields of activity. The interviewees
were motivated and contributed with high professional competence to an informative exchange.

The theme Progress diagnostics is about recording the current state of health of patients
suffering from chronic heart failure. The experts’ statements showed that a holistic view of the
patient is particularly important for assessing the patient’s state of health. The visual diagnosis
is supported by physical examinations, the questioning of symptoms, and the determination

of vital signs. If the findings are unclear, further diagnostics are initiated, and the causes and
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comorbidities are determined. The procedure described by the experts shows that follow-up
checks are implemented according to the guidelines [AMK19]. Experts described being
able to assess and evaluate the complex clinical picture of heart failure well through years
of practical and clinical experience. Often, the patient’s state of health can already be well
assessed by “simply looking”, listening, and asking about important symptoms. The recording

of vital signs supports and secures the classification of the state of health.

Because a classical anamnesis is not possible with telemonitoring, the assessment of the
stage of the disease must be made by means of easily detectable signs and symptoms. By daily
transmission of the relevant values recorded at home, the patient’s condition can be assessed,
evaluated and the therapy adjusted. Both Senarath et al., and Kohler et al. describe the
importance of daily recording of vital signs [Sen21][K6h19]. Experts reported that patients
come to the practice about once every six months for a specialist cardiological follow-up
examination. The recording of values by the doctor, therefore, takes place only rarely. The
course of values over an interval of half a year is not very meaningful and does not capture
rapid changes in the syndrome. The experts explicitly emphasized that a deterioration can
be assessed promptly and specifically through the changes in the relevant vital parameters
and symptoms. Values recorded every six months, on the other hand, have little significance.
Decompensation can occur suddenly or over a period of several weeks and can take place
outside the follow-up intervals. Routine examinations are important, but they only help to
identify decompensation early in rare cases. The cardiology professionals described that
patients often find it challenging to interpret heart failure-specific symptoms correctly and to
act accordingly. This difficulty is also presented in the literature by Lee et al. and Riegel et
al. [Leel8[][Riel8]]. The experts noted that patients sometimes recognize symptoms too late
and thus have to seek intensive care. Telemedicine offers the possibility to record and assess
relevant vital parameters on a daily basis. This means that therapy can be adjusted at an early
stage. Cardiac decompensation requiring hospitalization can thus be prevented, the experts
described. All experts emphasized the importance of observing the vital signs of the patients

in the course of their treatment. This can also be proven from the literature [Koh19][Sen21].

The experts described typical patterns before decompensation in general terms, see
Figure [5.6| under Symptoms and signs of acute decompensation. They did not address the
types of decompensation classes as defined in the guidelines. The guidelines distinguish the
types of decompensation by the presence or absence of signs of congestion and hypoperfusion.

2 ¢

Acute decompensations are divided into the clinical profiles: “warm-wet”, “cold-wet” and
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“cold-dry”. Each decompensation type shows different specific symptoms and signs [Pon16].
The extent to which signs of congestion and hypoperfusion can also provide information
for early recognition of decompensation in the values recorded by telemonitoring must be
examined.

The first two themes, Progress diagnostics and Acute decompensation describe the algo-
rithms used in clinical practice to classify the health status of heart failure patients and to
recognize decompensation based on the most important symptoms and signs. The experts
wished to have the same parameters for a telemonitoring system that they had previously
defined as relevant, see Figure With the help of telemonitoring, the requirement to record
vital signs and symptoms daily and to document the course in the home environment can
be fulfilled. The experts agreed that a telemonitoring system could improve the quality of
care for heart failure patients. The results of the expert interviews on improved quality of
care through telemonitoring are in line with the guidelines [AMKI19]|[McD21][Hei22]], the
presented studies from the fundamentals [Koel8[|[Ang21][Sto22], the presented telemedicine
platforms in the related work [[Gmbd][Gmbb||[Gmbe|], and the statements of Senerath et
al. [Sen21].

Furthermore, the experts explained that the use of artificial intelligence could be helpful for
the early detection of deterioration. Decision support systems and early warning systems are
applications that hold great potential according to the experts. Complex evaluations of large
data sets are possible quickly and precisely. With the help of artificial intelligence, resources
and costs could be saved in the care of heart failure patients, the experts assumed. This
expert statement can be confirmed by already implemented predictive models, see Chapter4.2]
[Pre]][Gon21]].



Chapter 6
Telemonitoring Data Analysis

Telemonitoring can be used to document and analyze the progressive health status of heart
failure patients [Koe18]. Machine learning will be used to investigate and evaluate correlations
between health status, measured vital signs, and questionnaire data. The goal is to analyze
the telemonitoring data for decompensation patterns in order to detect deterioration in health
status at an early stage. The data set used for analysis is described below. In addition, the
preprocessing steps, statistical techniques and machine learning algorithms, are described.
Different approaches to analyze the health status of heart failure patients are presented,
compared and discussed. The first approach evaluates the relationship between vital signs
and questionnaire results. The second approach analyzes the association between vital signs
and health data from the CARNA data set. The third approach examines the progression of
vital signs over the CARNA study period. In each of the subsections, the methods used, the
evaluations, and the results of the different approaches are described. Finally, the results are

discussed.

6.1 Data Set

The data set used in this work was provided by ProCarement GmbH. It includes telemonitoring
data from users of the ProHerz app and data from the CARNA study. The two data sets
include the same patients. All patients have diagnosed chronic heart failure. The content of

the two data sets is described below.
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6.1.1 ProHerz Data Set

The ProHerz data set includes telemonitoring data of heart failure patients, as already described
in Section The telemonitoring data set contains measurement points of daily measured
vital signs, regularly queried validated questionnaires, information on medication intake as
well as demographic and medical data of the patients. Data collection took place from April
2021 to March 2022.

The ProHerz data set is a patient self-recorded telemonitoring data set. Patients were
educated at the beginning of the study about the correct use of the sensors and how to
answer the questionnaires responsibly. Data recording took place in the home environment
without professional or medical supervision. Patients were asked to perform daily vital sign
measurements and to document medication intake. The regular and conscientious transmission
of the data and the completed questionnaires was not equally successful for all patients, which

is why some of the patient data records are incomplete.

Vital Parameter Data

The ProHerz telemonitoring data set contains daily measurements of blood pressure, heart rate,
blood oxygen saturation, body weight and temperature (see Section[3.2.2)). The measurements
were collected with CE certified devices from Beurer GmbH. The corresponding devices were
provided to the patients by ProCarement GmbH. Values of blood pressure, weight, heart rate,
and oxygen saturation were transmitted directly to the ProHerz app via Bluetooth-enabled
measuring devices. Only body temperature was measured using an analog thermometer. The
temperature values had to be entered manually into the ProHerz app. The measuring devices
from Beurer GmbH used to collect the vital signs were:

* Blood pressure monitor BM 54 Bluetooth®, Article number: 65512

* Diagnostic scale BF 720, Article number: 74938

* Pulsoxymeter PO 60, Article number: 45420
e Thermometer FT 09, Article number: 79109

Questionnaire Data

The evaluation of the vital signs data is supplemented by responses to several standardized
questionnaires that provide information about the patient’s general state of health, daytime

sleepiness, general quality of life, and depressive symptomatology. Patients were regularly
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prompted to complete questionnaires via the app. The data from the questionnaires are part
of the ProHerz data set provided. The five questionnaires queried in the ProHerz app are
presented below, along with a general description of their analysis.

The Kansas City Cardiomyopathy Questionnaire is a standardized procedure
that uses twelve questions to assess the quality of life of patients with chronic heart failure
[FalOS]]. The questions are divided into four categories related to physical performance
(questions 1-3), frequency of symptoms (questions 4-7), quality of life (questions 8-9), and
social limitations (questions 10-12) over the previous two weeks. Responses are entered on a
Likert scale. The average score for each category is calculated. The total score is summarized
as the average of all four categories. The questionnaire score ranges from O to 100, with a
low score indicating poor health.

The questionnaire on the health status of the EuroQol Group (5-level EQ-5D version)
EQ-5D-51) can be used to obtain information on the general quality of life on the day of the
query via the standardized procedure. In the first part, the questionnaire describes the state of
health based on the five dimensions, mobility, self-care, activities of daily living, pain/dis-
comfort, and anxiety/depression. Each dimension is scored on a scale with five response
options ranging from 'no problems” to “extreme problems.” Each dimension is assigned a
value. For the evaluation of the questionnaire, the numerical values of the dimensions can
be combined to a five-digit number. By combining the answer options, 3125 (55) different
health states can be mapped. The health states are transformed into a one-dimensional quality
of life index between 0 and 1 using a special algorithm. Here, an index value of O describes a
very poor health state and an index value of 1 describes the best possible health state. Another
evaluation method of the questionnaire is the Level Sum Score (ILSS). Here, the answers of
the five questions are summed. The score 5 is the best possible result and describes the best
possible state of health. The worst possible result is the summed score of 25, which indicates
the worst health status.

In the second part of the the patient estimates his or her current health status
on a visual analog scale (VAS). Here, a value of 0 indicates the worst possible health status,
while a value of 100 describes the best possible health status [Foul9][Dev20)].

The Epworth Sleepiness Scale (ESS) is a questionnaire used as a standardized method to
assess the risk of daytime sleepiness. The questionnaire uses eight questions to determine
patients’ subjective assessment of their likelihood of dozing off or falling asleep in given

situations. The questions refer to a normal life in the recent past. The rating is done in an
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ascending scale with values from 0 to 3. For evaluation, the results are added to a value. The
higher the total value determined, the higher the daytime sleepiness of the respondent or
average tendency to sleep in daily life. For example, a value of 16 or above indicates a severe
sleep disorder with a high health risk [Joh91]][Sau07].

The Whooley Questions for Depression Screening Questionnaire (ZET), consisting of two
questions, is a standardized procedure to assess the risk of a mental/psychological illness
within the previous month. If both questions are answered “yes”, this is a serious indication
of a mental health problem [Who97].

To better assess mental health symptomatology, a positive response to one or both of the
Whooley Questions is followed by the Mental Health Questionnaire II-Becks Depression
Inventory 2 (IBDI). It is a standardized procedure to assess the severity of depression. In
the questionnaire, four statements are given for each of 21 symptoms of depression. From
these, the patient selects the statement that is most true for him or her in the past two weeks.
The statements are coded with numbers from O to 3. The degree of impairment increases
from unimpaired at a value of 0 to maximum impairment at a value of 3. For evaluation,
the individual values are summed across the symptom areas to form an overall value. A
maximum of 63 points can be achieved. A high total score of 29 points or more indicates
severely depressive symptoms, whereas a low total score of up to 8 points provides no

indication of depression [HerO8][Win10].

Medication Intake Data

In the digital medication plan, patients entered the information on taking medication in the
ProHerz app. Daily medication intake was documented with the time, medication name,
active ingredient, dose, and type of intake, and additional patient comments were stored. The
data on medication intake included heart failure-specific medications as well as medications

for the treatment of other diseases and dietary supplements.

6.1.2 CARNA Data Set

The CARNA study data set includes data used to evaluate the effectiveness of the ProHerz
smartphone application [Rei21]]. The data set includes data on health status, quality of life,
health literacy, self-care behaviors, and patient participation in medical decision-making. The

mentioned evaluation criteria were collected at the beginning and end of the CARNA study
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period. The interval between each of the two assessments was three months. Enrollment of

patients in the study began in April 2021.

6.2 Methods and Evaluation

This section presents the preprocessing of the data, the statistical methods used, the ML-based

regression and their evaluations.

6.2.1 Data Preparation

In a first step, the data exported from the ProHerz app and from the CARNA study were
made accessible and transformed into a suitable file format for the following data analysis.
The raw data set is inconsistent because, for example, measurements are not available for
every day, medication intakes were not documented, or patients do not fill out questionnaires.
The data set additionally contains data from test subjects that cannot be used for the analysis.
Only valid participants were used in the data analysis. Valid participants are patients who
participated in both examinations as part of the CARNA study and regularly collected data
using the ProHerz app.

Telemonitoring data were not collected in a medically controlled setting. They were
self-recorded and transmitted data from patients in the home environment. During prepro-
cessing, false measurements were detected and removed. Outlier detection was performed.
Measurements greater than three times the standard deviation were considered spurious and
excluded from the data set.

The methodological steps of preprocessing the vital signs and questionnaire data for further
analysis are presented below. A z-score normalization of the vital signs was performed. The
normalized feature distributions have a mean of zero and a standard deviation of one [[Vir20].

The telemonitoring data set provided contains the answers to the individual questions of
the five questionnaires. For the analysis of the data set, the scores of the questionnaires were
calculated from the individual responses as described in the literature (see Section[6.1)). The
specific algorithm used to calculate the quality of life index in the questionnaire is
a proprietary algorithm of EuroQol Group, which is not published. Therefore, to evaluate the
questionnaire, the one-dimensional level sum score was calculated across the five

dimensions. Likewise, the value of the scale is used. In order to combine the two parts
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of the questionnaire, the values of the Level Sum Score and the Score were averaged
and summed up to one value in this paper. The calculated total score lies in a range between
0 and 100, with a value of 0 denoting the best possible health status, while a value of 100
describes the worst possible health status.

In order to use the medication intake data for further analysis, some preprocessing steps
had to be performed. Medication information had been written down independently by the
patients. The information on drug name, active ingredients and dosage noted in free text
fields had to be corrected, sorted and standardized. Heart failure-specific medications were
identified and filtered out.

Final Data Set

The final data set includes the data of the 64 valid patients. 21 (32.8 %) of the participants
were female and 43 (67.2 %) male. The mean age was 61.8 years at the baseline examination,
and the mean body mass index (BMI) was 30.4kg/m?. Most patients were assigned to
intermediate heart failure severity (NYHAIII or IIT). Table[6.1] provides an overview of the

patients’ demographic and medical data.

Table 6.1: Demographic and medical data of the final data set, which includes 64 patients.
SD : standard deviation, n : absolute number.

Data Mf(:)z:‘n[oﬂ;) ]SD n [Min, Max]
Age [years] 61.8 + 10.7 [32.0, 78.0]
[kg/m?] 304 +5.5 [18.6, 46.0]
Male 67.2 % 43

Smoker 21.9% 14

Class I 1.6 % 1

II 40.6 %o 26
I 54.7 % 35
v 3.1% 2

In addition to chronic heart failure, the patients suffered from an average of six other diag-
nosed diseases. With 68.8 % hypertension 110) was the most frequently mentioned
further diagnosis of the patients. Other frequently mentioned diagnoses were atrial flutter
and fibrillation (ICD-10} 148) with 56.2 %, diabetes mellitus (ICD-10t E11) with 34.4 % and
disorder of lipid metabolism (ICD-10: E78) with 31.3 %.
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ProHerz telemonitoring data include patients’ records during the CARNA study period
and additional data beyond the study period. The duration of telemonitoring recordings
averaged 172 days per patient. Among these, the longest recording period for a patient was
307 days and the shortest was 51 days. In total, the data set includes 59650 documented
measurement points. On average, 916 vital sign measurements were taken and recorded
by a patient. In addition, the data set includes 1017 completed questionnaires. During the
recording period, an average of 17 questionnaires were answered per patient. The data set
also includes information on medication intake. In total, the intake of 94908 medications was
documented. On average, 1517 medication intake events were recorded per patient using the
ProHerz app.

Figure 6.1/ shows the course of the measured vital signs and the calculated questionnaire

scores on the days of recording for one patient of the data set.
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Figure 6.1: Course of the measured vital signs and the calculated questionnaire scores over
the recording period for one patient of the data set and date of the CARNA start and end

examination.
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6.2.2 Statistical Methods

The statistical methods for evaluating correlations between two or more variables are described
below. The significance level of o = 0.05 was set for all tests. Because of the exploratory data
analysis, no multicomparison correction of the significance level was applied [Gell12[][Arm14]].
The following notation is used to indicate statistical significance in graphs and tables: ns:
not significant, *p < 0.05, **p < 0.01, ***p < 0.001.

Linear Regression

Linear regression is a statistical method that describes the relationship between two vari-
ables [KutO5]]. It represents the bivariate linear relationship between an independent variable
and a dependent variable. The independent variable is also called the regressor or predictor.
The dependence of the two variables is described by a straight line. The method is used under
the assumption that there is a linear relationship between the variables. Linear regression
can be applied to predict trends in the data. Multiple linear regression, compared to bivariate
linear regression, is used to examine the dependence of a dependent variable on several
independent variables. Both simple and multiple linear regression calculate the regression
equation with the regression coefficient 5. The slope [ of the regression line describes the
trend of the characteristic relationship, an upward trend for 5 > 0, a downward trend for
f < 0, or no trend for 3 = 0. The coefficient of determination 72 of the linear regression
describes how well the variance of the dependent variable can be explained by the predictor. In
addition, the adjusted r* value describes as modified version of the r? value. This describes
the model accuracy, adjusted for the number of terms in the model. Since the r? value tends
to estimate the result of the regression too well, the adjusted r? value is additionally used for
the evaluation. The r2 and the adjusted r* can take values in the range between 0 and 1. With
an r2 of 0, the model does not describe the variation in the mean of the dependent variable. A
higher r? value indicates a better fit of the model to the data being predicted. At a value of 1,
all variation in the dependent variable is described by the mean. The p-value of the regression
analysis describes the test of the null hypothesis. The null hypothesis makes the assumption
that the coeflicient is zero. The p-value indicates the significance of the relationship [KutOS5].

The analysis is performed using the Python package pingouin [Val18§].
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Stepwise Backward Multiple Linear Regression

To find the best combination of multiple predictors for optimal prediction of multiple linear
regression, a stepwise backward multiple linear regression was performed. This
regression builds a predictive model in which the predictor variables are selected in an
automatic, iterative process. Initially, all independent variables are z-normalized and put into
backward elimination. Step by step, the least significant regressor is removed from the model
until all variables have a p-value below the significance level & = 0.05. This analysis finds
the best-fitting model for predicting a dependent variable by multiple, selected regressors.
Just as in the linear regression method, the regression coeflicients /3, the p-value, the r? value,

and the adjusted r? value are output and can be used for evaluation [Hoc76].

Correlation Analysis

Before the statistical analysis of the correlations, the Shapiro-Wilk test is used to test the
individual features for the assumption of a normal distribution. If the two features are normally
distributed, Pearson correlation is used for the analysis. If the features are not normally
distributed, the correlation is calculated using Spearman. The correlation coefficients r of
the two methods are in the range of [-1, 1]. A positive sign of the coefficient describes
a positive correlation. A correlation coeflicient of » > 0.5 or r < —0.5 defines a high
correlation between the data. Smaller values of the coefficient indicate weak to non-existent
correlation of the feature data [Muk12]]. The Scipy package was used to implement the
statistical tests [[Vir20].

6.2.3 MUL-Based Regression

Machine learning models can identify patterns and correlations in large data sets. The
algorithms are trained so that the models make the best decisions and predictions. A distinction
is made between classification, which assigns features to a discrete class, and regression,
which predicts continuous values [Bis06].
For the analysis of the machine learning based regression, a standard machine learning
pipeline was used. The pipeline is composed of a scaling step, feature selection, and regression.
For prediction, three different machine learning based regression models were trained

on different feature data: k-nearest neighbors regressor, DecisionTreeRegressor, Support-
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VectorRegressor. The different regression models were evaluated using outer five fold cross
validation (CV]). Within each fold of cross-validation, hyperparameters were optimized using
an inner fivefold [CV] with grid search. The coefficient of determination r? was chosen as the
target parameter optimization parameter. For each regressor and outer fold, the hyper-
parameter combination that yielded the highest 72 value was selected. The model was then
trained on the entire training data of the respective fold. For evaluation, the model was trained
on the test data to calculate the ? metric. All machine learning algorithms were implemented
and evaluated using the BioPsyKit [Ric21] and scikit-learn [Ped]1] libraries.

The feature scaling method is chosen within the hyperparameter tuning. The options are the
standard scaler or the MinMaxScaler. The features have a mean of 0 and a standard deviation
of 1 after scaling with the StandardScaler. Features transformed with the MinMaxScaler are
mapped to the range between 0 and 1. In addition, feature selection is performed to reduce the
dimensionality of the feature space. In the context of this work, SelectKBest and recursive
feature elimination (RFE)) are used. SelectKBest selects the features according to the & highest
F-values of the regression task. In[RFE] the importance of each feature, using an external
estimator, is determined. Recursively, the least important feature is removed until the feature

space reaches the predefined size [Ped11].

Nearest Neighbors Regression

For the prediction of continuous data points, neighbour-based regression can be used. In
comparison to discrete variables the label is calculated based on the means of the nearest
neighbors. The scikit-learn implementation that was used for this thesis prediction is based
on the k nearest neighbors of the data point. & is, hereby, defined as an integer value which
can be freely chosen. In the basic implementation all £ nearest neighbors use uniform weights
and thus contribute equally to the prediction. This is implemented into the coding pipeline by
using the parameter weights = 'uniform’. Because it might be advantageous to weight data
points in close distance more than faraway points, a calculation of weights proportional to
the inverse of the distance can be applied. Therefore the parameter weights = 'distance’ is
used [Ped11[][[Cov67][Bral6].
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Decision Tree Regression

Decision Trees are non-parametric supervised methods which can be used for both clas-
sification and regression problems. Its goal is the creation of a learning model which is
able to predict target variables. Decision trees follow the divide-and-conquer principle by
learning simple decision rules. Each tree is composed of nodes which encode the binary
decisions. The top node of a tree is called root. It represents the input. The bottom nodes are
the leaves, which predict the labels or values. During the classification process an instance
follows a unique path downwards corresponding to the decision rules until it reaches a leaf
of the tree. For implementation the scikit-learn class DecisionTreeRegressor was used. The
parameters were set per default as defined in the DecisionTreeRegressor class. The maximum
depth of the tree was defined as two or four, which was optimized in the hyperparameter
tuning [Ped11]][Brel7].

Support Vector Regression

For classification and regression problems a support vector machine can be used. It constructs
the optimal linear decision boundaries into a high dimensional space. This best linear decision
boundary separates two different classes optimally and also receives good prediction results for
unseen data by maximizing the margin. The margin is hereby defined as the distance between
the linear decision boundary and its nearest points of each class. The parameter C'is the penalty
value which can be adapted in the scikit-learn implementation of the SupportVectorRegressor.
A large value for C' leads to a small margin and overfitting of the data. A small value for C
leads to a larger margin. In the hyperparameter tuning the optimal value for C is chosen. The

kernel was set to linear or radial basis function [[Ped11]][Gun98]].
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6.3 Analysis of Health Status Data

The data set used does not include information on heart failure-related events that provide
information on the current health status of patients. Heart failure-related events refer to
acute cardiac decompensations, therapy adjustments, hospitalizations, or deaths. Therefore,
it is not possible to analyze the telemonitoring data for heart failure-related events or to
develop models to predict an event. The data set contains other parameters that can provide
information about patient health status.

Data on patient health status can be derived from the five validated questionnaires. How-
ever, the questionnaires were answered at irregular intervals and not by all patients to the same
extent. Additional data on the health status of all patients were collected at the beginning and
end of the 3-month CARNA study period. The status of the patients was classified by
cardiologists. The 6-minute walk test, which is a meaningful measure of physical health, was
used to assess patients’ exercise capacity below the anaerobic threshold. Medication intake
data could also have provided information about the patients’ health status. Because the data
were not clearly and consistently recorded and the data set did not contain robust records of
treatment adjustments, they could not be used for analysis. The following sections describe
the various approaches to analyzing the telemonitoring data set. Three research approaches

are presented. These are examined using different health status data and adapted methods

6.3.1 Relationship between Vital Parameters and Questionnaire Results

Standardized questionnaires were used to record various dimensions of the health status of
the study participants. In this part of the data analysis, the calculated questionnaire scores
were used as a quantitative value for health status. The analysis was intended to show whether
a relationship between the recorded vital signs and the questionnaire scores could be detected.
To find this out, different methods were applied, which should show correlations of the
different parameters. In each case, the calculated questionnaire scores were assigned the daily
vital signs. If no questionnaire scores were available, the measured vital signs for that day
were not used for the analysis.

Since all available scores were described by more than 30 vital sign data, a normal distri-
bution according to the central limit theorem was assumed in the further analysis [Kwal7/].

To describe the dependence of questionnaire scores on vital signs, linear regression
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was calculated across all patients for each combination. The linear regression gives the
relationship in terms of the p-value, the 72 value, and the adjusted 2 value. Another approach
to determine the correlation between the two parameters is the Pearson correlation. The
correlation coeflicient and the significance level provide information about the relationship.

Since the methods described so far only show a direct and simple correlation between indi-
vidual vital parameters and the individual questionnaire results, multiple regression methods
were used for further analysis. This makes it possible to describe complex correlations. The
correlation analysis of the questionnaire results should be extended by combinations of the
vital signs. By using stepwise backward multiple linear regression, a suitable combination of
vital signs was identified. This combination of regressors should best predict the questionnaire
outcome. Initially, all measured vital signs in the served as predictors. Successively,
the least significant vital signs were removed. The SBMLRIresults provide information on
the optimal composition of predictors. The p-value, r? value, and adjusted r* value were
used for the assessment.

In addition, the prediction of the questionnaire results was investigated using machine
learning methods. [ML}based regression was applied to estimate the continuous questionnaire
results. The six vital signs served as features here. The cross-validation aimed to find the
model that best represented and predicted the questionnaire results. The 72 value provides
information about the accuracy of the model. In the cross-validation, the train-test split was
performed using the patient identification. This ensures that vital signs of a patient are present
in either the training or test data set.

The questionnaires map health status over a defined period of time, as described in Sec-
tion For further analysis, vital sign measurements from each day were averaged over the
questionnaire-specific time period. The mean values of the vital signs were calculated for
each patient. The four approaches described above were performed again with the calculated
mean values. This approach maps the correlation over the questionnaire period. This method-
ology of averaging was chosen to be able to assign a vital sign result to each questionnaire
result. Different numbers of vital sign measurements over the questionnaire interval were
compensated for by calculating the mean. Since no exact time specifications are defined for
the a 14-day period was chosen in the analysis. The questionnaire refers
only to the current day of processing. Therefore, it does not appear in the analysis of the mean

values.
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6.3.2 Relationship between Vital Signs and Health Data from the CARNA
Data Set

In this part of the analysis, data from the CARNA data set were used to classify patients’
health status. NYHAI class and distance of the 6-minute walk test were used as quantitative
values of health status. These values were collected at the beginning and at the end of the
CARNA study. Both values were included in the analysis. The purpose of the analysis was to
see if there was a relationship between the recorded vital signs and the health data. To find
out, different correlation analysis methods were used.

For the analysis of status, patients were divided into two classes, Low NYHA
(corresponding to NYHA I and II) and High NYHA (corresponding to III and IV).
This allowed the differences in the number of patients in each class to be equalized
(see Figure[6.2). Grouping allowed meaningful statistical analysis to be performed. The Low
NYHA group included 74 patients. The High NYHA group included 54 patients. Vital signs
were averaged over a 14-day period and assigned to the NYHAI group. The averaged value of
the vital signs represented the health status better than the one-time recorded value of that
day. To examine the differences in the groups, a t-test was performed for each averaged vital
sign for analysis.

80

Patient count
Patient count

1] ] v Low High
NYHA class NYHA group

(a) Number of patients grouped by [NYHAlclass  (b) Number of patients grouped by Low NYHA and
High NYHA

Figure 6.2: Distribution of patients according to the NYHAI classification.

To analyze the distance of the 6-minute walk test in correlation with the measured vital
parameters, linear regression, Pearson correlation, and stepwise backward multiple linear
regression were performed as in the first part of the data analysis (see Section [6.3.1)). Vital

signs obtained for the day were assigned to the 6-minute walk test. If vital signs were not
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available for the day of testing, the data were not included in the analysis. The daily vital signs
of all patients were used as predictors to estimate the dependent variable, distance. The range
of values of the distance of the 6-minute walk test was from 15.0 to 822.5 meters. Figure [6.3]

shows the distribution of distances of all patients.
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Figure 6.3: Histogram for the distribution of the distance of the 6-minute walk test with
number of patients (in meters).

6.3.3 Course of Vital Signs over the CARNA Study Period

The positive effect of the ProHerz app was already described in the report of the CARNA
study. The positive effects were shown on the basis of the parameters health status, quality of
life, patient self-care and health literacy. The question is whether an improvement can also be
determined on the basis of the vital signs recorded in telemonitoring. In this context, the vital
signs of the entire study population will be analyzed during the CARNA study period.

Two different approaches were used to examine the data. The first approach used a linear
regression over the course of the vital signs. A linear regression line was fitted between the
vital signs and the study period for each patient. In each case, the straight lines describe
the trend of the vital signs. The regression coefficient 5 was analyzed for the evaluation.
A negative coefficient describes a decrease of the value over time. For the evaluation, the
mean value of the regression coefficient 5 was calculated over all patients. This mean value
describes the trend of the vital signs of all patients. Furthermore, the number of positive and
negative regression coefficients 5 was analyzed for the evaluation.

The second approach compared vital signs at the beginning and end of the CARNA study
period using a paired t-test. For each patient, the mean of each vital sign was calculated over

a 14-day period.
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In addition, we aimed to investigate how the progression of vital signs correlated with the
change in class. 32 patients improved their health status, as determined by
class, during the CARNA study period. They could be classified into a lower NYHAIclass.
For 32 patients, the class remained the same.

The two approaches to analyze the progression of vital signs were performed for both

groups of patients and the results were compared.

6.4 Results

This chapter presents the results of the approaches described in Section [6.3]

6.4.1 Relationship between Vital Signs and Questionnaire Results

The main results of the analysis of the relationship between vital parameters and questionnaire
results are presented below. In the appendix the whole results of the analysis are shown in
detail, see Appendix

The significant results of the linear regression and Pearson correlation are shown in Table
In addition, the number of data points is provided in the table. The two methods, linear
regression and Pearson correlation, use the same vital sign data for the analysis. Accordingly,
the number of data points does not differ. Significant predictors of the score are
oxygen saturation and diastolic blood pressure. A significant relationship was found between
the [EQ-5D-5LJILSS] score and the vital signs oxygen saturation and diastolic blood pressure.
The overall score and the Score showed a linear relationship with oxygen
saturation. Heart rate and diastolic blood pressure could be found as significant predictors for
the score. The most data points available for analysis are for the ZFT] score with over
335 data points. No significant p-values are found for the 2ET] score. This shows that there is
no linear relationship between the individual vital signs on the day of the questionnaire and
the 2EFT] score.

The stepwise backward multiple linear regression identifies the appropriate
combination of vital signs to predict the different questionnaires. The remaining predictors
are correspondingly significant. Because only questionnaire results in which all six vital signs
were collected on the recording day were considered, the number of data available for analysis
was reduced. SBMLRIresults for all questionnaires are summarized in Table [6.3]
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Table 6.2: Results of linear regression and Pearson correlation with vital signs as the predictor
and questionnaire scores as the dependent variable.
dep.var.: dependent variable, 3: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson Data
Predictor Dep. var. Jé] adj. r? r p size
Oxygen saturation [KCCQI12)] 2.293 0.059 0.253  0.000#** 191
Diastolic [BPI KCCQI12] 0.263 0.019 0.156  0.031* 190

Oxygen saturation -0.300  0.034 -0.199  0.012* 159
Diastolic [BP] 0061 0034  -0200 0013* 154

Oxygen saturation [EQ-3D-5L|Overall -1.358  0.026 -0.181  0.023* 159
Oxygen saturation [ESS] -0.302 0.024 -0.173  0.031* 156
Heart rate [BDI 0.262 0.137 0.392  0.004%** 53
Diastolic BPI 0.279 0.132 0.386  0.006** 50

Table 6.3: Results of stepwise backward multiple linear regression with vital signs as the
predictors and questionnaire scores as the dependent variable.
dep.var.: dependent variable, (3: regression coefficient, adj.: adjusted, p: p-value

Predictors Dep. Var. B adj. r? p Data size
Oxygen saturation 2.189 0.089 0.002%** 162
Systolic blood pressure  [KCCQI12] 0.318 0.089 0.016* 162
Oxygen saturation -0.288  0.055 0.027* 134
Diastolic blood pressure -0.054 0.055 0.033* 134
Heart rate 0.266  0.294 0.003** 45
Systolic blood pressure 0.224 0.294 0.021%* 45

The combination of two of the initial six vital signs is significant for the score.
With the two vital signs oxygen saturation and diastolic blood pressure, an adjusted r* value
of 0.089 was obtained. For the [EQ-5D-5L]ILSS]score, the number of predictors reduced to
two. Again, the combination of the two vital signs oxygen saturation and diastolic blood
pressure resulted in a significant association with an adjusted r? value of 0.055. For the
evaluation of the score, the number of data points decreased to 45. With the
combination of heart rate and diastolic blood pressure remained as a significant combination.
The adjusted r? value was 0.294. No combination of vital signs allowed significant results
to be obtained for the evaluation of the ZET] and scores.

In the following, the results of the correlation analysis of the vital signs averaged over the
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questionnaire interval are presented (see Table[6.4). Here, the results and significant vital
signs of the individual questionnaires differ only slightly from the results of the individual
days. Also for the the two averaged vital signs oxygen saturation and diastolic
blood pressure are significant. In contrast to the analysis of the daily data, no significant
correlations were found for the averaged parameters for the score. The opposite is true
for the correlation analysis of the 2FT] score. Whereas no significant correlations were found
in the daily updated data, the mean heart rate significantly describes the score (p = 0.041,
adj. r* = 0.009, and r = 0.108). The averaged heart rate and averaged diastolic blood
pressure significantly describe the score with p = 0.012 and p = 0.041, respectively.

Table 6.4: Results of linear regression and Pearson correlation with mean vital signs as the
predictor and questionnaire scores as the dependent variable.
dep.var.: dependent variable, (: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson Data
Predictor Dep. var. B adj. r? r p size
Mean oxygen saturation |[KCCQI12] 2.321 0.046 0.224  0.001*%* 204
Mean diastolic [BP 0.361 0.030 0.186  0.007** 205
Mean heart rate RET] 0.007 0.009 0.108  0.041* 359
Mean heart rate 0.314 0.095 0.333  0.012* 56
Mean diastolic [BPI 0.255 0.058 0274  0.041* 56

The[SBMLRIresults of the vital signs averaged over the questionnaire interval are presented
below (see Table[6.5). As with the diurnal data, the same combination of vital signs from the
averaged values of oxygen saturation and diastolic blood pressure reach significant results
for[RCCQ12| (adj. r* = 0.084). For the of the 2FT] the combination of the averaged
values of oxygen saturation and temperature is significant and reaches adj. r* = 0.021. For
the other scores, there are either only significant results from individual parameters or no
significant results.

[MI}based regression using the six vital signs as predictors and the questionnaire results
as dependent variables performed very poorly, with consistently negative 2 values. Table
shows the results of [MIL}based regression, the best-performing pipeline, and the size of the
feature vector for all questionnaires. A negative r? value indicates that the prediction of the
model is worse than random guessing. The negative r? values describe the very low explained

variance of the questionnaire results.
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Also for the MLlbased regression with the vital signs averaged over the questionnaire
period, no model was found that provided a satisfactory result. The mean 2 values across the

five folds were negative for all questionnaires, see Table

Table 6.5: Results of stepwise backward multiple linear regression with mean vital signs as
the predictors and questionnaire scores as the dependent variable.
dep.var.: dependent variable, (: regression coefficient, adj.: adjusted, p: p-value

Predictors Dep. Var. B adj. r? p Data size
Mean oxygen saturation KCCQI2[ 2.353 0.084 0.001** 196
Mean diastolic blood pressure |[KCCQ12] 0.357 0.084 0.008** 196
Mean oxygen saturation 2FT -0.052 0.021 0.015% 351
Mean temperature 2FT 0.173  0.021 0.023* 351

Table 6.6: Results of the[MLIbased regression of the questionnaire scores with vital parameters
as feature vectors.

Prediction Meanr? Stdr? Datasize Best performing pipeline
KCCQI12] -0,097 0,083 162 StandardScaler, SelectKBest, SVR
-0,137 0,047 134 StandardScaler, RFEL, SVR
-0,096 0,054 134 StandardScaler, SelectKBest, SVR

EQ-5D-5L|Overall  -0,135 0,052 134 StandardScaler, SelectKBest, SVR
[ESS| -0,056 0,019 139 MinMaxScaler, RFE, SVR

RFT -0,019 0,018 307 MinMaxScaler, SelectKBest, SVR
BDI| -0,489 0,159 45 StandardScaler, SelectKBest, SVR

Table 6.7: Results of the ML}Ibased regression of the questionnaire scores with mean vital
parameters as feature vectors.

Prediction Meanr? Stdr? Datasize Best performing pipeline
[KCCQI2 -0,125 0,114 196 StandardScaler, SelectKBest, SVR
ESS| -0,093 0,056 158 StandardScaler, SelectKBest, SVR
RETI -0,016 0,042 351 StandardScaler, RFE, SVR
-0,480 0,381 56 MinMaxScaler, REFE, SVR
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6.4.2 Relationship between Vital Signs and Health Data from the CARNA
Data Set

The results of the association between the group and vital signs averaged over 14
days can be summarized as follows. Only mean blood oxygen saturation showed a significant
difference within Low NYHA and High NYHA (p = 0.001, Hedges' g = 0.687). All other
vital signs showed no significant differences. Figure [6.4] shows the mean vital signs grouped
by NYHAI group. Patients in the High NYHA group were older on average than patients in
the Low NYHA group (p = 0.014, Hedges' g = —0.433).
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Figure 6.4: Vital parameter differences between the Low NYHA and High NYHA patient
group.

For the linear correlation analysis of the 6-minute walk test distance, between 102 - 119
different vital sign data of all patients were considered. Table[6.8]shows the results of linear
regression, Pearson correlation, and number of measurements. Only oxygen saturation and
heart rate are significant predictors of correlation with distance. For oxygen saturation, the
p-value, Pearson coefficient, and adjusted r? value are p = 0.010, adjusted r*> = 0.047, and
r = 0.235, respectively. For heart rate, the calculated values are p = 0.021, adjusted r* =
0.036, and r = —0.212.
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Using a combination of four vital signs was found to predict distance with an
adjusted r? value of 0.224, see Table The combination of the best predictors is oxygen
saturation, heart rate, systolic blood pressure, and diastolic blood pressure.

In addition, age, BMIl and height were shown to be significant predictors of walking
distance. Further walking distance was associated with lower age, lower BMI| and greater
height.

Table 6.8: Results of linear regression and Pearson correlation with vital signs as the predictor
and 6-minute walk test distance as the dependent variable.
B: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson

Predictor B adj. r? r p Data size
Oxygen saturation 15.447 0.047 0.235  0.010% 119
Weight -0.294  -0.008 -0.044  0.657 102
Heart rate -2.571 0.037 -0.212  0.021* 117
Diastolic blood pressure  1.379 0.005 0.117  0.217 114
Systolic blood pressure  -1.428 0.015 -0.154  0.101 115

Table 6.9: Results of stepwise backward multiple linear regression with mean vital signs as
the predictors and [emWTl distance as the dependent variable.
[: regression coefficient, adj.: adjusted, p: p-value

Predictors B adj. r? p Data size
Oxygen saturation 17.339 0.224  0.005** 87
Heart rate -2.887 0.224  0.013* 87
Diastolic blood pressure  3.293  0.224  0.021* 87

Systolic blood pressure ~ -4.706  0.224  0.000%** 87

6.4.3 Course of Vital Signs over the CARNA Study Period

Linear regression coeflicient analysis shows the trend of vital signs over time. The results are
summarized in Table[6.10] Here, the value Mean coefficient describes the mean value of the
regression coeflicients over all patients. The value Mean of sign of coefficient describes the
number of positive and negative regression coefficients 3 and presents it as the mean of the

sign of the regression coefficient over all patients.
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Table 6.10: Results of linear regression over the course of vital signs. mean coefficient: mean
of regression coefficients 3 over all patients, mean of sign of coefficient: mean distribution of
sign of regression coefficient 5 over all patients (Mean =+ standard deviation)

Vital parameter Mean Mean of sign

coefficient 3 of coefficient
Oxygen saturation 0.007 £0.016  0.531 +0.854
Temperature 0.001 £0.006 0.016 % 1.008
Weight -0.008 + 0.024 -0.094 £+ 1.003
Heart rate 0.026 £0.108 0.250 £+ 0.976

Diastolic blood pressure -0.038 4+ 0.088 -0.469 4 0.890
Systolic blood pressure  -0.035 £0.117 -0.344 + 0.946

It can be seen from the linear regression coefficients that both systolic and diastolic blood
pressure and body weight decreased over the CARNA study period. Heart rate and blood
oxygen saturation increased, while body temperature remained nearly the same.

The paired t-test can also be used to read and evaluate the trend in vital signs. Figure
shows the results of the statistical evaluation procedure.
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Over the study period, blood pressure values fell strongly significant. The mean sys-
tolic blood pressure value dropped from 120.7 to 116.4mmHg| (p = 0.003, Hedges' g =
—0.350). Mean diastolic blood pressure value decreased from 79.5 to 75.2mmHg| (p =
0.000, Hedges' g = —0.489). A significant reduction was also seen in body weight. The
mean weight at the beginning was 91.1 kg, whereas it was 90.5 kg at the end (p = 0.020,
Hedges' g = —0.029). Mean blood oxygen saturation increased significantly from 95.6 % to
95.9% (p = 0.018, Hedges' g = 0.191). No significant changes were recorded in the heart
rate and body temperature variables.

Analysis of the linear regression coefficients grouped by patients with and without change
in class showed that the patients with improved class had a greater change in
vital signs. Vital signs changed in the group of patients with improved class in the
same way as in the analysis of the whole population, as described above. However, a much

stronger trend is seen in the coeflicients of the regression line. All results grouped by patient
group are shown in Table

Table 6.11: Results of linear regression over the course of vital signs grouped by patients with
and without change in class. mean coefficient: mean of regression coeflicients 5 over
all patients, mean of sign of coefficient: mean distribution of sign of regression coefficient 3
over all patients (Mean =+ standard deviation)

NYHA no change NYHA change

Vital parameter Mean Mean Mean Mean

Coefficient 3 of sign Coefficient 3 of sign
Oxygen saturation | 0.007 £0.016 0.500 £ 0.880 | 0.007 £0.016 0.562 £ 0.840
Temperature 0.000 £ 0.007  0.097 £1.012 | 0.001 £0.005 -0.062 +1.014
Weight 0.000 +0.020 0.188 £0.998 | -0.015 +0.025 -0.375 +0.942
Heart rate 0.037 £0.127 0.375 £0.942 | 0.016 £0.085 0.125 4+ 1.008
Systolic [BP| -0.007 £0.107 -0.188 £0.998 | -0.064 +0.121 -0.500 +£ 0.880
Diastolic -0.011 £0.097 -0.188 £0.998 | -0.065 £ 0.070 -0.750 £ 0.672

Also with the second approach to compare vital signs at the beginning and at the end of

the study period, a difference between the patient groups can be seen. While no significant
changes were seen in the patients with [NYHA] class remaining the same, significant changes
in vital signs were seen in the patient group with improved class (see Figure [6.0)).

Mean blood pressures improved from 122.5/80.2mmHg|to 115.8/74.6mmHg|(p = 0.002,
Hedges' g = —0.477 (systolic) / p = 0.000, Hedges' g = —0.612 (diastolic)). Weight
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decreased significantly by the mean value of 1.2 kg (p = 0.010, Hedges' g = —0.055).
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6.5 Discussion

The aim of the analysis of the telemonitoring data set was to find correlations between health
status, the measured vital signs, and questionnaire data. In this section, the presented results
of the three approaches are evaluated and discussed. Subsequently, additional parameters for
the assessment of health status and the development of an early warning system are presented

and discussed.

6.5.1 Relationship between Vital Signs and Questionnaire Results

To show a correlation between the recorded vital signs and the questionnaire results, a corre-
lation analysis was performed. With the correlation analysis some significant dependencies
could be found. These correlations are discussed and evaluated below.

In the analysis of the general quality of life questionnaire for heart failure patients
(KCCQTI2)), the significant results showed that with higher oxygen saturation and higher
diastolic blood pressure, the score is higher and thus can be described by a lin-
ear relationship. The higher the score, the higher the quality of life is classified.
However, only 5.9 % and 1.9 % of the variability of the score in the data set can
be explained. With multiple predictors and the combination of the two vital signs, 8.9 % of
the variability can be described. Analysis of the vital sign mean scores also yields similar
correlation coeflicients and variabilities for the two parameters.

Similar results are obtained from the analysis of the score, general quality
of life questionnaire. Again, similar correlations are shown. A decreased value of oxygen
saturation and a lower diastolic blood pressure indicate a worse quality of life index. The
adjusted r? value and Pearson coefficient, however, show only a weak correlation. The
correlation between oxygen saturation and questionnaire scores can be explained logically.
High values of blood oxygen saturation are generally associated with normal performance in
medicine. Low blood pressure values are generally an indicator of a healthy heart. However,
according to the results listed, an elevated diastolic blood pressure value indicates a better
quality of life. Medically, this cannot be explained.

Although most of the data points for the mental health questionnaire consisting
of two questions were available, no correlations between the questionnaire scores and vital

parameters could be found in the analysis. Thus, the outcome of the 2FT score cannot be
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described or predicted by the vital signs.

The correlation analysis of the to the mental health of the patients, showed the best
results. The heart rate and diastolic blood pressure indicate a moderate linear relationship
with the score. The Pearson coeflicient considered is 0.392 and 0.386. Vital signs can
explain 13.7 % and 13.2 % of the variability of the score in the data set.

From a medical point of view, the elevation of both parameters indicate increased stress
and mental strain and thus decreased cardiac health [Tae09]]. By increasing the parameters,
higher and thus poorer mental health status can be predicted based on the analysis. The
results with the highest correlation were obtained by the smallest number of data points.
Only 53 data points were available for analysis of the score. In addition to the moderate
correlations, the results have little significance due to the small number of measurement
points.

The significance of the results as a whole is limited by various influencing factors. For
example, the number of questionnaires answered varied from patient to patient. In the
analysis performed, all available questionnaire results were included. Patients who answered
questionnaires more frequently were consequently weighted more heavily in the analysis,
which can lead to a bias in the results. Patient body weight as a dependent variable never
correlates with questionnaire results. Neither heavier nor lighter patient weight indicates a
better quality of life index. The absolute values of weight used are not suitable for prediction. It
can be assumed that the change in body weight could influence the results of the questionnaires.
Severe deterioration in health status is often accompanied by rapid weight gain in heart failure
patients [BAK19].

No temporal changes in vital signs of individual patients were considered in the analysis.
These could provide information about improvement or deterioration in health status and
changes in questionnaire scores. The five questionnaires ask questions about many symptoms,
different life domains, performance impairments, and physical and psychological dispositions.
The questionnaire scores thus represent health status in a complex manner. The vital signs
recorded cannot describe this complexity.

In conclusion, the discrete vital signs are not suitable for describing and predicting a

relationship to health status derived from the questionnaires.
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6.5.2 Relationship between Vital Signs and Health Data from the CARNA
Data Set

Vital signs were expected to differ in their expression according to NYHAI class. In order to
predict the health status of heart failure patients, which is represented in this model by the
groupings, Low NYHA and High NYHA, the collected averaged vital signs are not
sufficient. Only oxygen saturation showed a significant association with grouping.
Higher blood oxygen saturation was associated with the Low NYHA group. Individual
vital signs are an insufficient predictor of classification. The lack of association
may be explained by the fact that classes are defined on the basis of heart failure
symptomatology. The assumption that [NYHAI classification and vital signs correlate could
not be confirmed. Limiting factors for the inconclusive results could be, on the one hand,
the small study population and, on the other hand, the uneven distribution of classes
within the groups, see Figure The High NYHA group contained mainly NYHAI class
IIT patients, whereas the Low NYHA group was composed of classes I and II patients.

Physical performance assessed by the walking distance of the 6-minute walk test showed
a linear relationship to oxygen saturation and heart rate. Multiple linear regression of the four
vital signs, oxygen saturation, heart rate, systolic and diastolic blood pressure can predict
walking distance. These results show that with the collection of vital signs, prediction of
6-minute walk distance is possible to some extent. As described in the literature, walking
distance can be used as a predictor of the health status of heart failure patients [Gial9]. Thus,
the above vital signs could also be sufficient predictors of the health status of heart failure

patients.

6.5.3 Course of Vital Signs over the CARNA Study Period

The analysis of the vital signs over the course shows that both approaches reflect the trends of
the vital sign changes to the same extent. However, the first approach with the analysis of
the regression coefficients can only show the trends. By using the second approach with the
pairwise t-test, it is also possible to describe the significance of the differences.

A decrease in systolic and diastolic blood pressure over the CARNA study period can
be considered a positive effect of telemonitoring on health status. The load on the heart is

thus reduced and the risk of secondary diseases triggered by hypertension decreases [[Org21]].
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The proven reduction in body weight by an average of 0.6 kg over the CARNA study period
also has a positive effect on the patients’ state of health. Increasing blood oxygen saturation
indicates improved functional capacity of the heart and lungs, indicating greater exercise
capacity and resilience. That no significant improvement is seen in the mean heart rate cannot
be related to the results already listed. That body temperature showed no change on average
over the study period was to be assumed.

The results grouped by patients and their changes in class over the study period
showed that patients with improved NYHAI class had significantly greater changes in vital
signs. In particular, body weight dropped significantly over the course of the study. Blood
pressure levels also decreased significantly compared to the patient group without
class change. That the patient group without NYHA|class change did not show significant
improvements in vital signs was to be assumed and was confirmed by the analysis.

All of the vital sign changes shown contribute to the improvement in health status. The
risk for cardiac decompensation is thus reduced. In the report of the CARNA study, the
improvement in health status, quality of life, patient self-care, and health literacy was demon-
strated [Rei21]]. This positive effect of the ProHerz app was additionally proven by the

evaluation of the vital signs.






Chapter 7
Discussion

The aim of this work was to analyze the progressive health status of heart failure patients in
order to detect cardiac decompensation at an early stage using machine learning techniques.
In the following, the results of the patient survey and expert interviews and the results of the
telemonitoring data analysis are combined and discussed. The synthesis of the three parts of
the paper highlights additional parameters for health status assessment and may enable the

development of a reliable early warning system.

Recommendations and ideas are presented to make future prediction of decompensations
possible within the ProHerz app. These suggestions for improvement emerged from the work.
In answering the research questions, other important parameters were identified that are not
yet part of the ProHerz telemonitoring application. Suggestions are made for future data

collection within the ProHerz app that may help improve health status analysis.

During the patient survey, expert interviews, and literature review, in addition to the
values recorded by the ProHerz app, important characteristics were identified that can improve
the assessment of health status, see Table [5.4] and Figures [5.5] [5.6 and The complex
syndrome of heart failure can only be assessed based on a large number of symptoms and
signs [AMKI19][McD21]][Hei22][Sen21].

The following are examples of relevant parameters that can be recorded telemedically
and that could expand the health application. All examples have evolved from the research
topics and have been found to be relevant. Equivalent approaches can be found in the
literature, reinforcing the importance and significance. With the help of a symptom diary,

changes in symptomatology can be detected and recorded in a simple, targeted and patient-



86 CHAPTER 7. DISCUSSION

specific manner, see also [Leel8]. The identified symptom groups, see Table map
the symptomatology holistically and provide information about worsening as frequency,
severity, and distress increase. In addition, regular records of voice and breathing can detect
water accumulation in the lungs and analyze breathing rate, see also [Ami22]]. Recording
an electrocardiogram allows changes in cardiac activity to be detected. Interesting values
that can be read from the [ECGl are, for example, the detection of atrial fibrillation or cardiac
arrhythmias [AMK19]]. Records of daily activities and exercise can motivate and lead to an
improvement in resilience in everyday life. In addition, daily records can identify worsening
as activity decreases, see also [Wal97|]. Analysis of sleep, with values for sleep quality, sleep
length, and nocturnal urination, can also provide other important parameters, see also [RedO35].
Smartwatches provide an easy way to record ECGs, daily activities, and sleep in the domestic
setting. Data from smartwatch recordings provide medically meaningful results [Hav19].
Consistent and complete documentation of medication intake can be used to assess adherence
and therapy adjustments, see also [Boy14]. It is relatively easy to record all these values in
the home environment. Analysis of these other values can help detect deterioration in health
further in advance and act as an early warning system.

More advanced results developed from data analysis of the ProHerz telemonitoring data
set are presented below. The more data available, the more accurately models can learn
information from telemonitoring data. The models can thus lead to better predictability of
decompensations. More data can be obtained over a larger number of patients and over a longer
admission period. The quality of the data can be increased with more regular recordings. A
larger data set is more likely to include data on patient deteriorations and acute cardiac events,
such as decompensations, hospitalizations, or deaths. This information must be noted in the
form of labels in the data set. Important information that should be included in the data set to

implement an early warning system is:

* Cardiac decompensation

* Hospitalizations as a result of heart failure

* Deaths

» Reference values after hospital discharge

* Regular classification by a physician

* Transmission of clinical data from follow-up controls
* Therapy adjustments
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Conclusion and Outlook

The aim of this work was to analyze the health status of heart failure patients based on tele-
monitoring data using machine learning algorithms. Deterioration in health status indicates
impending cardiac decompensation. Early detection of cardiac decompensation should help
reduce mortality in patients with chronic heart failure, prevent hospitalizations, and reduce
medical costs. Several predictive models for early warning systems have been described
in the literature. Koehler et al., Larburu et al., and Gontarska et al. presented models that
successfully predict heart failure-specific events based on noninvasive telemonitoring data,
thereby reducing rehospitalizations [Koel8|][Lar18][Gon21].

Since heart failure is a very complex clinical syndrome, the research topic of reliably
assessing health status and thus predicting decompensation at an early stage was considered
from different angles. To identify relevant parameters, heart failure patients were surveyed

and expert interviews were conducted with cardiologists.

Through the patient survey, it became clear that subjectively perceived symptoms serve as
a distinction between stable chronic heart failure and acute heart failure. The symptom groups
decreased performance, dizziness, sleep problems, breathing problems, heart problems, water
retention, psychological problems and digestive problems were identified. These represent
the symptomatology of heart failure in a holistic and descriptive way. The most relevant
symptoms of the symptom groups serve as predictors of health status. The most relevant
symptoms identified were: decreased resilience, dizziness, waking up at night, shortness of

breath, palpitations, swelling of legs or feet, nervousness/restlessness, digestive problems.
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When these symptoms increase in frequency, severity, and distress, they provide information
about a deterioration in health. Thus, the progression of symptoms is a meaningful indicator
of the progression of heart failure. The main outcome of the patient survey is that recording
and evaluating symptoms in a symptom diary can improve the assessment of health status and
make deterioration visible at an early stage. Implementing a symptom diary in the ProHerz
app is beneficial.

To identify relevant parameters, heart failure patients were questioned and expert inter-
views were conducted with cardiologists. Patient surveys allowed subjectively perceived
symptoms to be included in the analysis to distinguish stable chronic heart failure from acute
heart failure. Symptom groups were defined to capture the symptomatology of heart failure
in a holistic and descriptive manner. The most relevant symptoms in the symptom groups
serve as predictors of health status. As these symptoms increase in frequency, severity and
distress, they provide information about deterioration.

The expert interviews allowed valuable evidence- and experience-based knowledge to be
included in the analysis for assessing the health status of heart failure patients. The experts
emphasized the importance of recording the progression of the disease through regularly
recorded values. Telemonitoring is an important tool for early detection of deterioration.
With the relevant data regularly recorded in telemonitoring, the state of health can be assessed
more holistically than is possible with a six-monthly follow-up check. The experts made
it clear that no universally valid patterns for imminent decompensation can be described,
since acute deterioration in heart failure can vary greatly from patient to patient. The two
methods produced complementary results. It became clear that only by using a variety of
parameters and symptoms can the health status be reliably and meaningfully assessed. Only
by linking qualitative characteristics and quantitative values can the complexity of heart
failure be captured. Only the progression of vital signs in combination with the progression
of symptoms can predict deterioration early and with certainty.

Telemonitoring data were analyzed using statistical methods and machine learning tech-
niques for the research topic, early detection of decompensation. The data set used in the work,
the ProHerz app from ProCarement GmbH, did not contain information on decompensations,
hospitalizations, or deaths. Because the data set contained information on patients’ health
status in the form of questionnaire results, classifications, and the walking distance of

the 6-minute walk test, the research objective was related to this health information.
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Only weak or no correlations were found between the discrete vital signs data and the
recorded questionnaire scores using correlation analysis. The analysis showed that vital signs
did not differ among NYHA classes. Vital signs cannot be used to predict NYHA class. The
walking distance determined in the 6-minute walk test can be estimated by using the vital
signs as predictors. The improvement of the health status could be shown over the course
of the vital parameters. Relevant parameters and their trends were lower blood pressure,
decreased body weight, and increased blood oxygen saturation. Although it was shown that
trends in the vital signs recorded by telemedicine can provide information about the state of

health, this correlation is not sufficient to reliably predict the state of health.

The results of the patient survey, the expert interviews, and the exploratory data analysis
make it clear that time series analysis could provide important information for assessing health
status. A combination of multiple vital signs values could reveal progressive deterioration
over time. Single values or the combination of values at single, specific time points do not
serve as predictors of health status. In clinical practice, many different symptoms and signs
are recorded diagnostically to assess the progressive health status of chronic heart failure.
Diagnostic methods include laboratory tests, cardiac ultrasound, chest radiograph, and
echocardiography. The five vital signs recorded in the home setting, heart rate, blood pressure,
oxygen saturation, body weight, and body temperature, have limited value. Nevertheless,
analysis of noninvasive telemonitoring data, as previously described, is a promising approach
to reliably assess the health status of patients with chronic heart failure. The findings of this
work could help to implement an early warning system for deteriorating health status in the
ProHerz app after further research. In the future, personalized thresholds that are also adjusted
over time and progression could provide better predictions. In addition, time series analyses
could provide accurate and personalized health status predictions. Decompensations could
thus be detected and assessed far in advance using machine learning techniques. Alarms for

risk assessment and recommendations for therapy adjustments could thus be automated.






Appendix A

Patents

System and Method for Heart Failure Prediction

Publication Number US20110119078A1

Date of Publication
Inventors
Assignee

Abstract

May 19, 2011
Gadi Cotter, Chapel Hill, Beth Davison Weatherley
Momentum Research, Inc., Durham, NC (US)

A method for monitoring a health status of a human subject includes
the capturing of medical data concerning the health of the subject at
defined intervals using a questionnaire. The questionnaire provides a
standard script for data capture. Part of the captured data is constrained to
a Likert scale while other data is on a visual analog scale. The captured
data further includes an assessment by a physician of health symptoms
of the subject. The captured data is input into a computer, provided to
an algorithm that is configured to assess a risk of acute heart failure.
The risk of acute heart failure is computed using the algorithm and the
captured data from a plurality of the defined intervals. In one method,
the health status of the subject as being either improved or worsening is
output to the physician as a function of a value of the computed risk. In
another method, a survival function outcome for the subject is predicted
using the output of the algorithm.
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APPENDIX A. PATENTS

Method and System for Treating Cardiovascular Disease

Publication Number
Date of Publication

Inventors

Assignee

Abstract

US20140330143A1
November 6, 2014

Jason Kroh, Erik Moore, Tamara Scholz, Adriane Durey, Jason White,
Khin Khin Lay-Khan

CardioMEMS, INC., Atlanta, GA (US)

A system and method for treating congestive heart failure in a patient,
including: implanting at least one pressure sensor in a desired location
within the patient; providing an ex-vivo interrogation system and moni-
toring system that can be configured to optionally affect at least one of:
selectively energizing the at one pressure sensor, receiving a return or
output signal from the at one pressure sensor, processing the return sig-
nal, and displaying processed data derived from the at least one pressure
sensor to a physician. The system and method also includes deriving di-
agnostic and treatment information from the processed data and sending
diagnostic and treatment information to the patient.
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Patient Questionnaire - Heart Failure

Symptoms

A. Prominent Symptoms Prior to Decompensation

1. How do you notice that your heart failure health is deteriorating? What is the first/most

noticeable symptom you observe when heart failure worsens?

B. Symptom Query

The symptom query is divided into two time periods.

 Period 1: symptoms in acute heart failure (i.e., before your last hospitalization, before
decompensation, before severe deterioration).
* Period 2: Symptoms in stable chronic heart failure (i.e. everyday symptoms)

Please rate the following symptoms during the indicated time period.

The complete symptom list and query can be seen in Figure |B.1
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IF YES. IF YES. IF YES.
How often did the How severe did the How distressing was the
symptom occur? symptom occur? symptom?

Did you have the following
symptoms during the
specified period?

1 did not have this
symptom.
hardly

rarely

more often
very often
slightly
moderately
strongly
very strongly
not at all

a little
moderately

strong

Physical Symptom
Shortness of breath 1 2 3
Difficulty breathing while
lying down

Difficulty breathing during
the night

(Nocturnal) cough 1
Breathlessness 1
Rattling, bubbling sounds
when breathing

Decreased performance
Fatigue/ drowsiness
Difficulty sleeping
Waking up at night
Decreased resilience
Increased recovery time
after physical activity
Chest pain or pressure
Palpitations

Swelling of legs or feet
Increase in abdominal girth
Problems with sexual
interest or activity
Dizziness 1
Increased cold sweat 1
Brief loss of consciousness
(syncope)

Feeling of fullness
Flatulence (meteorism)
Digestive problems
Weight gain

Weight loss

Nausea or vomiting

Loss of appetite

Nighttime urination
(nocturia)
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Psychological Symptoms
3 4

Sadness
Nervousness/restlessness
Depressed mood
Forgetfulness
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Figure B.1: Query of heart failure-specific symptoms by occurrence, frequency, severity, and
burden.
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C. Future - Symptom Diary

1.

Can you imagine an app-based symptom diary helping you assess your health?
A symptom diary could use an app to record symptoms that occur daily and ask about

frequency, severity, and burden.

How do you currently keep track of your daily symptoms?

3. Do you have difficulty recognizing disease-specific symptoms?

For ProHerz app users: Has your ability to recognize symptoms improved as a result
of using the ProHerz app?
For other patients: Has your ability to recognize symptoms improved through

educational discussions (e.g., with your doctor)?






Appendix C

Interview Guide - Expert Interviews

Questionnaire for a qualitative interview to identify relevant symptoms and signs of heart

failure through evidence- and experience-based expert knowledge

A. Expert Background Information

1. How many years have you worked in the field of cardiology?
2. What degree, title, rank do you have?
3. Where is your current area of practice?

4. Do you have any continuing education in heart failure?

B. Symptoms and Signs of Chronic Heart Failure

1. Which and how many values do you look at when a patient comes to you for a routine
checkup?

2. In addition to the standardized characteristics, do you see other relevant values that
can provide information about the health status of a heart failure patient, such as

out-of-hospital parameters (related to exercise, sleep, ...).

The following questions refer to acute decompensation of heart failure, meaning rapid deteri-
oration of cardiac output.

3. Are there any characteristics by which you can reliably assess the health status of acute
decompensated heart failure? If so, which ones?
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Do you see any typical patterns by which you can determine impending

decompensation?

5. How much in advance can you predict an impending acute decompensation?

. How often does a patient with heart failure visit your practice? At what interval do you

see your patients?

C. Physician-Patient Relationship

. Who normally recognizes worsening heart failure first - patient or physician?

. How would you rate your patients’ ability to recognize symptoms independently and

early? Which?

3. Which symptoms are patients unable to assess at all or very poorly?

Which symptoms can patients recognize particularly well in return?

D. Telemonitoring

Thought experiment - telemonitoring for heart failure patients: Imagine a system that helps

heart failure patients in their daily lives. The system records key patient vital signs on a

daily basis and could detect early deterioration in health. Such an app could be used to track

symptoms and possibly transmit readings directly via Bluetooth-connected devices.

1.

What values/parameters do you think are useful and relevant to include/collect in such

telemonitoring to reliably assess patients’ health status?

. What symptoms do you think would be possible to include/assess via a telemonitoring

system?

3. To assess which symptoms is it necessary to see the patient on site?

To what extent and at what point can telemonitoring systems facilitate/support regular
physician visits?

. Where do you see the potential for Al in the care of heart failure patients? Where can

Al enrich the care of heart failure patients? Where can Al enrich you in your care of

heart failure patients?



Appendix D

Additional Tables

Results - Telemonitoring Data Analysis - Relationship between Vital Signs and Ques-
tionnaire Results

Table D.1: Results of linear regression and Pearson correlation with vital signs as the predictor
and KCCQ12]score as the dependent variable.
[ regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson

Predictor G adj. r? r p Data size
Oxygen saturation 2.293 0.059 0.253  0.000%** 191
Temperature -2.624 0.000 -0.073  0.305 199
Weight 0.005 -0.005 0.005 0943 200
Heart rate -0.008 -0.005 -0.005 0.941 193
Diastolic blood pressure  0.263 0.019 0.156  0.031* 190

Systolic blood pressure  0.046 -0.004 0.037  0.610 191
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Table D.2: Results of linear regression and Pearson correlation with vital signs as the predictor

and [EQ-5D-5Lscores as the dependent variable.

dep.var.: dependent variable, J3: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson Data
Predictor Dep. var. G adj. r? r p size
Oxygen saturation [LSS] -0.300 0.034 -0.199  0.012* 159
Temperature LSS 0.334 -0.003 0.060  0.459 155
Weight [LSSI 0.008 -0.004 0.049 0.544 158
Heart rate LSS 0.003 -0.006 0.010  0.896 157
Diastolic blood pressure LSS -0.061 0.034 -0.200  0.013* 154
Systolic blood pressure -0.020 0.001 -0.088  0.276 154

Oxygen saturation 1.207 0.013 0.139  0.081 159

Temperature -1.056 -0.005 -0.033  0.683 155
Weight 0.021 -0.006 0.023  0.779 158
Heart rate 0.035 -0.006 0.022  0.788 157

Diastolic blood pressure -0.069 -0.005 -0.041  0.615 154

Systolic blood pressure  [VASI -0.075 -0.003 -0.059  0.467 154
Oxygen saturation Overall -1.358 0.026 -0.181  0.023* 159
Temperature Overall 1.363 -0.004 0.049  0.543 155
Weight Overall 0.008 -0.006 0.010  0.902 158
Heart rate Overall -0.012 -0.006 -0.009 0.911 157

Diastolic blood pressure  Overall -0.118 -0.000 -0.080 0.324 154
Systolic blood pressure ~ Overall -0.013 -0.006 -0.011  0.888 154
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Table D.3: Results of linear regression and Pearson correlation with vital signs as the predictor
and [ESS| score as the dependent variable.
[ regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson

Predictor G adj. r? r p Data size
Oxygen saturation -0.302 0.024 -0.173  0.031* 156
Temperature -0.022 -0.006 -0.004  0.963 164
Weight 0.010 -0.003 0.058 0.461 162
Heart rate -0.017 -0.003 -0.058 0.464 161
Diastolic blood pressure  0.003 -0.006 0.008  0.921 160
Systolic blood pressure  -0.002 -0.006 -0.009 0913 160

Table D.4: Results of linear regression and Pearson correlation with vital signs as the predictor
and RFT] score as the dependent variable.
[: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson

Predictor B adj. r? r p Data size
Oxygen saturation -0.014 -0.001 -0.044  0.419 346
Temperature 0.068 0.000 0.057  0.287 348
Weight 0.002 0.001 0.066  0.223 348
Heart rate 0.004 0.002 0.067  0.210 350

Diastolic blood pressure -0.001 -0.003 -0.008  0.881 335
Systolic blood pressure  -0.003 -0.001 -0.049  0.371 339

Table D.5: Results of linear regression and Pearson correlation with vital signs as the predictor
and score as the dependent variable.
[: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson

Predictor B adj. r? r p Data size
Oxygen saturation 0.719 0.034 0.230  0.100 52
Temperature 4.415 0.051 0.265  0.062 50
Weight -0.055 -0.009 -0.102  0.467 53
Heart rate 0.262 0.137 0.392  0.004** 53

Diastolic blood pressure  0.279 0.132 0.386  0.006** 50
Systolic blood pressure ~ 0.137 0.014 0.184  0.197 51
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Table D.6: Results of linear regression and Pearson correlation with mean vital signs as the
predictor and questionnaire scores as the dependent variable.
dep.var.: dependent variable, J3: regression coefficient, adj.: adjusted, p: p-value

Linear Regression Pearson Data
Predictor Dep. var. B adj. r? r p size
Mean oxygen saturation 2.321 0.046 0.224  0.001** 204
Mean temperature KCCQI2| -3.977 0.006 -0.104  0.137 205
Mean weight KCCQI2] 0.011 -0.005 0.012  0.865 209
Mean heart rate -0.093 -0.002 -0.052  0.459 207
Mean diastolic 0.361 0.030 0.186  0.007** 205
Mean systolic BP] 0.014 -0.005 0.011  0.881 205

-0.218 0.006 -0.112  0.154 164
-0.487 -0.001 -0.069  0.377 166

Mean oxygen saturation
Mean temperature

Mean weight 0.010 -0.003 0.058  0.457 166
Mean heart rate -0.035 0.005 -0.103  0.183 167
Mean diastolic BPI -0.005 -0.006 -0.013  0.868 166
Mean systolic BP] -0.000 -0.006 -0.001  0.987 166

-0.040 0.007 -0.101  0.057 356
0.143 0.008 0.103  0.051 358

Mean oxygen saturation
Mean temperature

Mean weight 0.002 0.001 0.058 0.270 360
Mean heart rate 0.007 0.009 0.108  0.041%* 359
Mean diastolic BPI 0.003 -0.001 0.042  0.430 360
Mean systolic -0.004 0.002 -0.071  0.180 360

0.750 0.031 0.220 0.104 56
3.105 0.008 0.163  0.231 56
-0.076 0.001 -0.138  0.309 56
0.314 0.095 0.333  0.012%* 56
0.255 0.058 0.274  0.041* 56
-0.087 -0.006 -0.109  0.423 56

Mean oxygen saturation
Mean temperature
Mean weight

Mean heart rate

Mean diastolic [BP]
Mean systolic
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Acronyms

2T [Whooley Questions for Depression Screening Questionnaire

6mW1 6-minute walk test

ACC] [American College of Cardiology|

[AHAI [American Heart Associatonl

AUCRO(] [area under the receiver operating characteristic curve|

BDI Mental Health Questionnaire II-Becks Depression Inventory 2|

BMI [body mass index]

[B-type natriuretic peptide]

[blood pressure]

[bpm| [beats per minute]

[CVI [cross validationl

ECG] [electrocardiogram|

[EF [ejection fraction]|

[EQ-5D-51 |health status of the EuroQol Group (5-Ievel EQ-5D version)|
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ESC| [European Society of Cardiology]

ESS| [Epworth Sleepiness Scale

[HF heart failure]

HFmrEF fheart failure with midrange ejection fraction|

[HFpEF]| [heart failure with preserved ejection fraction|

[HFTEF [heart failure with reduced ejection fraction|

fimplantable cardioverter defibrillators|

ICD-10 International Classification of Diseases

[KCCQ12| [Kansas City Cardiomyopathy Questionnaire

LSS [Level Sum Scorel

ML [machine Iearning]

mmHg| [millimeter of mercury|

[NT-proBNP| [N-terminal pro-B-type natriuretic peptide]

INYHAJ INew York Heart Association|

[pulmonary artery]|

RFE | e T Tiinaton

SBMLR] |stepwise backward multiple linear regression|

Telemedical Interventional Management in Heart Failure 11]

TMC itelemedicine center

VAN |visual analog scalef




List of Figures

[2.1 'Typical progression of acute heart failure{. . . . . . .. ... ... ... .. 10
[2.2  Clinical profiles of patients with acute heart failure based on the presence/ [
| absence of congestion and/or hypoperfusion| . . . . . . ... ... ... .. 11
[3.1 Telemedicine center concept for heart failure patients| . . . . .. ... ... 17
[3.2  User view of the ProHerzapp|. . . . . . ... ... ... ... ....... 19
[5.1 Incidence of symptoms in acute heart failure and chronic heart failure| . . . 32
[5.2  Increase in symptom occurrence from the stable phase to the acute phase of |
| heart failure in percent| . . . . . .. .. ... ... ... . ... ... 32
[5.3  Incidence of symptoms in acute heart failure difterentiated by gender{ . . . . 33
[5.4  Final thematic map of the expert interview results, showing the three main [
[ themes (colored filled ovals) and subthemes (non-filled ovals) and their |
[ relationships|. . . . . . . ... 42
[5.5 Thematic map of the expert interview results on the theme Progress diagnos- [
[ tics and related subthemes| . . . . . ... ... oL o oL 45
[5.6 Thematic map of the expert interview results on the theme Acute decompen- [
[ sation and related subthemes| . . . . . . ... ... oo oL 48
[5.7  "Thematic map of the expert interview results on the theme Telemonitoring |
[ and related subthemes|. . . . . . . . ... ... oL 51
[5.8  Relevant parameters and values in telemonitoring for heart failure mentioned [
| by the fiveexperts| . . . . . . . . . ... 52




106 LIST OF FIGURES
[6.1 Course of the measured vital signs and the calculated questionnaire scores [
over the recording period for one patient of the data set and date of the CARNA [

[ startand end examinationl . . . . . . . . ... L 62
[6.2  Distribution of patients according to the NYHAlclassification|. . . . . . . . 69
[6.3  Histogram for the distribution of the distance of the 6-minute walk test with [
number of patients (in meters)| . . . . . . . . .. ..o 70

[6.4  Vital parameter differences between the Low NYHA and High NYHA patient [
GIOUD| + v v v o e e e e e e e e e e e e e e e e e e e e 75

[6.5 Vital parameter differences between the start and the end of the CARNA |
study period| . . . . . ... 77

[6.6  Vital parameter differences between the start and the end of the CARNA [
study period, grouped by patients with no change (no change) and patients [

with change in the NYHAIlclass over the CARNA study period (change) . . 79

[B.1 Query of heart failure-specific symptoms by occurrence, frequency, severity, [

[ andburden| . . . ... ... 94



List of Tables

[2.2  ABCD classification system for heart failure| . . . . . . .. ... ... ... 9
[3.1 Threshold values of vital signs for color code in the ProHerz app| . . . . . . 20
[5.1 Demographic and anthropometric data of the participants| . . . . . . . . .. 31
[5.2  Medical data of the participants|. . . . . . . .. .. ... ... ....... 31
[5.3  Definition of the symptom groups with the associated symptoms| . . . . . . 35
[5.4 Results summarized by symptom groups| . . . . . .. ... ... ... ... 36
[5.5  Characteristics of the expert interview participants| . . . . . . .. .. ... 40
[5.6  Phases of thematic analysis adapted from Braun and Clarke] . . . . . . . . . 41
[6.1 Demographic and medical data of the final datasetf . . . ... .. .. ... 60
[6.2  Results of linear regression and Pearson correlation with vital signs as the [

predictor and questionnaire scores as the dependent variablef . . . . . . .. 72
[6.3  Results of stepwise backward multiple linear regression with vital signs as [

the predictors and questionnaire scores as the dependent variable| . . . . . . 72
[6.4  Results of linear regression and Pearson correlation with mean vital signs as [

the predictor and questionnaire scores as the dependent variable| . . . . . . 73
[6.5  Results of stepwise backward multiple linear regression with mean vital signs [

as the predictors and questionnaire scores as the dependent variable| 74
[6.6 Results of the IMLI-based regression of the questionnaire scores with vital [

parameters as feature vectors| . . . . . . . . ... ..o 74
[6.7 Results of theMItbased regression of the questionnaire scores with mean [

vital parameters as feature vectors| . . . . . . ... ... L. 74




108 LIST OF TABLES
[6.8  Results of linear regression and Pearson correlation with vital signs as the [
predictor and [bm W l1distance as the dependent variable| . . . . . . . . . .. 76

[6.9  Results of stepwise backward multiple linear regression with mean vital signs [
as the predictors and lbmW 1l distance as the dependent variable| . . . . . . . 76

[6.10 Results of linear regression over the course of vital signs| . . . . ... ... 77
[6.11 Results of linear regression over the course of vital signs grouped by patients [
with and without change inINYHAlclass| . . . . . . ... ... ... .... 78

[D.T Results of Tinear regression and Pearson correlation with vital signs as the [
predictor and [KCCQ12]score as the dependent variable| . . . . . . ... .. 99

[D.2" Results of Tinear regression and Pearson correlation with vital signs as the [
predictor and[EQ-5D-51]scores as the dependent variable] . . . . . . . . .. 100

[D.3 Results of Tinear regression and Pearson correlation with vital signs as the [
predictor and[ESS[score as the dependent variable| . . . . . . ... ... .. 101

[D.4 Results of Tinear regression and Pearson correlation with vital signs as the [
predictor and 2F11 score as the dependent variable{ . . . . . . .. ... ... 101

[D.5 Results of Tinear regression and Pearson correlation with vital signs as the [
predictor and [BDI|score as the dependent variable] . . . . . . ... ... .. 101

[D.6 Results of linear regression and Pearson correlation with mean vital signs as |
the predictor and questionnaire scores as the dependent variable] . . . . . . 102




Bibliography

[Abr20]

[A1107]

[Ami22]

[AMK19]

Jacob Abraham, Patrick J. McCann, Maya E. Guglin, Arvind Bhimaraj, Terrie-
Ann S. Benjamin, Monique R. Robinson, Orvar T. Jonsson, Scott C. Feitell,
Kunjan A. Bhatt, Mosi K. Bennett, J.T. Heywood, and on behalf of Hemodynamic
Frontiers in Heart Failure (HF2) Investigators. “Management of the Patient with
Heart Failure and an Implantable Pulmonary Artery Hemodynamic Sensor”. In:
Current Cardiovascular Risk Reports 14.9 (July 14,2020), p. 12. 1ssn: 1932-9563.
por: 10.1007 /s12170-020-00646-4. urL: https://doi.org/10.1007 /s12170-
020-00646-4 (visited on 10/07/2022).

Larry A. Allen and Christopher M. O’ Connor. “Management of acute decompen-
sated heart failure”. In: CMAJ: Canadian Medical Association journal = journal
de l’Association medicale canadienne 176.6 (Mar. 13, 2007), pp. 797-805. 1ssN:
1488-2329. por: 10.1503 /cmaj.051620.

Offer Amir, William T. Abraham, Zaher S. Azzam, Gidon Berger, Stefan D.
Anker, Sean P. Pinney, Daniel Burkhoff, Ilan D. Shallom, Chaim Lotan, and
Elazer R. Edelman. “Remote Speech Analysis in the Evaluation of Hospitalized
Patients With Acute Decompensated Heart Failure”. In: JACC: Heart Failure
10.1 (Jan. 2022). Publisher: American College of Cardiology Foundation, pp. 41—
49. por: |10.1016/j.jchf.2021.08.008. urL: https: //www.jacc.org/doi/ 10|
1016/j.jchf.2021.08.008 (visited on 11/13/2022).

Arzneimittelkommission Der Deutschen Apotheker (AMK), Arzneimittelkom-
mission Der Deutschen Arzteschaft (AkdA), Bundesarbeits gemeinschaft Selb-
sthilfe (BAG Selbsthilfe), Deutsche Diabetes Gesellschaft (DDG), Deutsche
Gesellschaft Fiir Allgemeinmedizin Und Familienmedizin (DEGAM), Deutsche
Gesellschaft Fiir Geriatrie (DGG), Deutsche Gesellschaft Fiir Innere Medi-


https://doi.org/10.1007/s12170-020-00646-4
https://doi.org/10.1007/s12170-020-00646-4
https://doi.org/10.1007/s12170-020-00646-4
https://doi.org/10.1503/cmaj.051620
https://doi.org/10.1016/j.jchf.2021.08.008
https://www.jacc.org/doi/10.1016/j.jchf.2021.08.008
https://www.jacc.org/doi/10.1016/j.jchf.2021.08.008

110

[Ang20]

[Ang21]

BIBLIOGRAPHY

zin (DGIM), Deutsche Gesellschaft Fiir Internistische Intensivmedizin Und
Notfallmedizin (DGIIN), Deutsche Gesellschaft Fiir Kardiologie-Herz- Und
Kreislaufforschung (DGK), Deutsche Gesellschaft Fiir Nephrologie (DGFN),
Deutsche Gesellschaft Fiir Palliativmedizin (DGP), Deutsche Gesellschaft Fiir
Pflegewissenschaft (DGP), Deutsche Gesellschaft Fiir Pneumologie Und Beat-
mungsmedizin (DGP), Deutsche Gesellschaft Fiir Pravention Und Rehabilitation
Von Herz-Kreislauferkrankungen (DGPR), Deutsche Gesellschaft Fiir Psychoso-
matische Medizin Und Arztliche Psychotherapie (DGPM), Deutsche Gesellschaft
Fiir Rehabilitationswissenschaften (DGRW), Deutsche Gesellschaft Fiir Schlaf-
forschung Und Schlafmedizin (DGSM), Deutsche Gesellschaft Fiir Thorax- Herz-
Und Gefalichirurgie (DGTHG), Deutsches Kollegium Fiir Psychosomatische
Medizin (DKPM), and Arztliches Zentrum Fiir Qualitit In Der Medizin (AZQ).
NVL Chronische Herzinsuffizienz — Langfassung, 3. Auflage. Medium: appli-
cation/pdf Version Number: 3. Bundesirztekammer (BAK); Kassenirztliche
Bundesvereinigung (KBV); Arbeitsgemeinschaft der Wissenschaftlichen Medi-
zinischen Fachgesellschaften (AWMEF), 2019. por: 10.6101/AZQ/000482. UrL:
https: / /www.leitlinien.de /themen /herzinsuffizienz / pdf / herzinsuffizienz-
3aufl-vers3.pdf (visited on 03/01/2022).

Christiane E. Angermann, Birgit Assmus, Stefan D. Anker, Folkert W. Assel-
bergs, Johannes Brachmann, Marie-Elena Brett, Jasper J. Brugts, Georg Ertl,
Greg Ginn, Lutz Hilker, Friedrich Koehler, Stephan Rosenkranz, Qian Zhou,
Philip B. Adamson, Michael Bohm, and for the MEMS-HF Investigators. “Pul-
monary artery pressure-guided therapy in ambulatory patients with symptomatic
heart failure: the CardioMEMS European Monitoring Study for Heart Failure
(MEMS-HF)”. In: European Journal of Heart Failure 22.10 (2020). _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/ejhf.1943, pp. 1891-1901. 1ssN:
1879-0844. por: 10.1002 /ejhf.1943. urL: https:/ /onlinelibrary.wiley.com /
doi/abs/10.1002/ejhf.1943| (visited on 10/07/2022).

Christiane E. Angermann. “Telemedizin bei Herzinsuflizienz”. In: Telemedizin:
Grundlagen und praktische Anwendung in stationdren und ambulanten Einrich-
tungen. Ed. by Gernot Marx, Rolf Rossaint, and Nikolaus Marx. Berlin, Heidel-
berg: Springer, 2021, pp. 281-298. 1sBN: 978-3-662-60611-7. por: 10.1007 /978~


https://doi.org/10.6101/AZQ/000482
https://www.leitlinien.de/themen/herzinsuffizienz/pdf/herzinsuffizienz-3aufl-vers3.pdf
https://www.leitlinien.de/themen/herzinsuffizienz/pdf/herzinsuffizienz-3aufl-vers3.pdf
https://doi.org/10.1002/ejhf.1943
https://onlinelibrary.wiley.com/doi/abs/10.1002/ejhf.1943
https://onlinelibrary.wiley.com/doi/abs/10.1002/ejhf.1943
https://doi.org/10.1007/978-3-662-60611-7_25
https://doi.org/10.1007/978-3-662-60611-7_25

BIBLIOGRAPHY 111

[Arm14]

[Ave22]

[BAK19]

[Ben14]

[Bis06]

[Boel7]

3-662-60611-7_25. urL: https://doi.org/10.1007/978-3-662-60611-7_ 25
(visited on 09/10/2022).

Richard A. Armstrong. “When to use the Bonferroni correction”. In: Ophthalmic
& Physiological Optics: The Journal of the British College of Ophthalmic Op-
ticians (Optometrists) 34.5 (Sept. 2014), pp. 502-508. 1ssn: 1475-1313. por:
10.1111/opo.12131.

Tauben Averbuch, Kristen Sullivan, Andrew Sauer, Mamas A Mamas, Adriaan A
Voors, Chris P Gale, Marco Metra, Neal Ravindra, and Harriette G C Van Spall.
“Applications of artificial intelligence and machine learning in heart failure”.
In: European Heart Journal - Digital Health 3.2 (June 22, 2022), pp. 311-322.
1SSN: 2634-3916. por: 10.1093 /ehjdh /ztac025. urL: https: //doi.org/10.1093/
ehjdh/ztac025 (visited on 10/07/2022).

Bundesirztekammer (BAK), Kassenirztliche Bundesvereinigung (KBV), and
Arbeitsgemeinschaft der Wissenschaftlichen Medizinischen Fachgesellschaften
(AWMF). Nationale Versorgungs Leitlinie Chronische Herzinsuffizienz—Lang-
fassung. 3rd ed. 3. 2019. por: 10.6101/AZQ/000482.. urL: www.leitlinien.de/

themen /herzinsuffizienz.

H. Bendelac, A. Pathak, L. Molinier, J. -B. Ruidavets, A. Mayere, M. Berry, C.
Delmas, J. Roncalli, and M. Galinier. “Optimization of ambulatory monitoring
of patients with heart failure using telecardiology (OSICAT)”. In: European Re-
search in Telemedicine / La Recherche Européenne en Télémédecine 3.4 (Dec. 1,
2014), pp. 161-167. 1ssn: 2212-764X. por: 10.1016/j.eurtel.2014.10.003. urL:
https: / /www.sciencedirect.com /science /article / pii /S2212764X 14000752
(visited on 10/07/2022).

Christopher M. Bishop and M. Nasrabadi Nasser. Pattern recognition and ma-
chine learning. Vol. 4. 4. New York: Springer, 2006.

John P. Boehmer, Ramesh Hariharan, Fausto G. Devecchi, Andrew L. Smith,
Giulio Molon, Alessandro Capucci, Qi An, Viktoria Averina, Craig M. Stolen,
Pramodsingh H. Thakur, Julie A. Thompson, Ramesh Wariar, Yi Zhang, and
Jagmeet P. Singh. “A Multisensor Algorithm Predicts Heart Failure Events in
Patients With Implanted Devices: Results From the MultiSENSE Study”. In:


https://doi.org/10.1007/978-3-662-60611-7_25
https://doi.org/10.1007/978-3-662-60611-7_25
https://doi.org/10.1007/978-3-662-60611-7_25
https://doi.org/10.1007/978-3-662-60611-7_25
https://doi.org/10.1007/978-3-662-60611-7_25
https://doi.org/10.1111/opo.12131
https://doi.org/10.1093/ehjdh/ztac025
https://doi.org/10.1093/ehjdh/ztac025
https://doi.org/10.1093/ehjdh/ztac025
https://doi.org/10.6101/AZQ/000482.
www.leitlinien.de/themen/herzinsuffizienz
www.leitlinien.de/themen/herzinsuffizienz
https://doi.org/10.1016/j.eurtel.2014.10.003
https://www.sciencedirect.com/science/article/pii/S2212764X14000752

112

[Boh14]

[Bou21]

[Boy14]

[Bra06]

[Bral6]

[Brel7]

BIBLIOGRAPHY

JACC: Heart Failure 5.3 (Mar. 1, 2017), pp. 216-225. 1ssn: 2213-1779. por:
10.1016/j.jchf.2016.12.011. urL: https://www.sciencedirect.com /science/
article/pii/S2213177917300483 (visited on 10/07/2022).

A.D. Bohmer. “Was ist fortgeschrittene Herzinsuffizienz, was ist terminale Herzin-
suffizienz?” In: Journal fiir Kardiologie-Austrian Journal of Cardiology 21.7
(2014), pp. 200-207.

Habiboulaye Amadou Boubacar, Mehdi Rahim, Gisele Al-Hamoud, Spyridon
Montesantos, Cecile Delval, Sylvie Bothorel, and Juan Fernando Ramirez-Gil.
“HeartPredict algorithm: Machine intelligence for the early detection of heart
failure”. In: Intelligence-Based Medicine 5 (Jan. 1, 2021), p. 100044. 1ssN: 2666-
5212. por: 10.1016 /j.ibmed.2021.100044. urL: https: / /www.sciencedirect |
com/science/article/pii/S266652122100020X (visited on 10/07/2022).

Josiane J. J. Boyne, Hubertus J. M. Vrijhoef, Marieke Spreeuwenberg, Ger-
jan De Weerd, Johannes Kragten, Anton P. M. Gorgels, and on behalf of the
TEHAF investigators. “Effects of tailored telemonitoring on heart failure pa-
tients’ knowledge, self-care, self-efficacy and adherence: A randomized con-
trolled trial”. In: European Journal of Cardiovascular Nursing 13.3 (June 1,
2014), pp. 243-252. 1ssn: 1474-5151. por: |10.1177/1474515113487464. URL:
https://doi.org/10.1177/1474515113487464 (visited on 11/13/2022).

Virginia Braun and Victoria Clarke. “Using thematic analysis in psychology”.

In: Qualitative Research in Psychology 3.2 (Jan. 1, 2006). Publisher: Routledge
_eprint: https://www.tandfonline.com/doi/pdf/10.1191/1478088706qp0630a, pp. 77—
101. 1ssn: 1478-0887. por: 10. 1191 / 1478088706¢p0630a. URL: https: / /
www . tandfonline.com /doi/abs /10.1191 / 1478088706qp0630a (visited on
07/13/2022).

Max Bramer. Principles of Data Mining. 2nd ed. London: Springer London,
2016. 1sBN: 978-1-4471-7306-9.

Leo Breiman. Classification and Regression Trees. New York: Routledge, Oct. 25,
2017. 368 pp. 1sBN: 978-1-315-13947-0. por: 10.1201/9781315139470.


https://doi.org/10.1016/j.jchf.2016.12.011
https://www.sciencedirect.com/science/article/pii/S2213177917300483
https://www.sciencedirect.com/science/article/pii/S2213177917300483
https://doi.org/10.1016/j.ibmed.2021.100044
https://www.sciencedirect.com/science/article/pii/S266652122100020X
https://www.sciencedirect.com/science/article/pii/S266652122100020X
https://doi.org/10.1177/1474515113487464
https://doi.org/10.1177/1474515113487464
https://doi.org/10.1191/1478088706qp063oa
https://www.tandfonline.com/doi/abs/10.1191/1478088706qp063oa
https://www.tandfonline.com/doi/abs/10.1191/1478088706qp063oa
https://doi.org/10.1201/9781315139470

BIBLIOGRAPHY 113

[Brol8] Maaike Brons, Stefan Koudstaal, and Folkert W Asselbergs. “Algorithms used
in telemonitoring programmes for patients with chronic heart failure: A sys-
tematic review”. In: European Journal of Cardiovascular Nursing 17.7 (Oct. 1,
2018). Publisher: SAGE Publications, pp. 580-588. 1ssn: 1474-5151. por: 10,
1177/1474515118786838. URL: https://doi.org/10.1177/1474515118786838
(visited on 09/30/2022).

[Bunl6] Statistisches Bundesamt. Gesundheit - Diagnosedaten der Patienten und Pati-
entinnen in Krankenhdusern (einschl. Sterbe- und Stundenfille). Fachserie 12
Reihe 6.2.1. 2016, p. 29.

[Bun20] Statistisches Bundesamt. Todesursachenstatistik 2020: Zahl der Todesfdlle um
4,9 % gestiegen. Statistisches Bundesamt. 2020. urL: https://www.destatis.de/
DE /Presse/Pressemitteilungen/2021/11/PD21 505 _23211.html (visited
on 09/14/2022).

[Bun22] Statistisches Bundesamt. Herzinsuffizienz - Krankheitskosten nach Alter, Geschlecht
ICD-10, ab 2015. Gesundheitsberichterstattung des Bundes. Oct. 27, 2022. URL:
https://www.gbe-bund.de /gbe /pkg isgbe5.prc_ menu_olap?p_uid=
gast&p aid=41199773&p_sprache=D&p help=3&p indnr=63&p_
indsp=&p_ ityp=H&p_ fid= (visited on 09/15/2022).

[Cov67]  T. Cover and P. Hart. “Nearest neighbor pattern classification”. In: IEEE Trans-
actions on Information Theory 13.1 (Jan. 1967). Conference Name: IEEE Trans-
actions on Information Theory, pp. 21-27. 1ssn: 1557-9654. por: [10.1109/TIT)|
1967.1053964.

[Cowl4] Martin R. Cowie, Stefan D. Anker, John G. F. Cleland, G. Michael Felker, Gerasi-
mos Filippatos, Tiny Jaarsma, Patrick Jourdain, Eve Knight, Barry Massie, Piotr
Ponikowski, and José Lopez-Sendon. “Improving care for patients with acute
heart failure: before, during and after hospitalization”. In: ESC Heart Failure
1.2 (2014). _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/ehf2.12021,
pp. 110-145. 1ssn: 2055-5822. por: 10.1002 / ehf2. 12021. urL: https: / /
onlinelibrary.wiley.com/doi/abs/10.1002/ehf2.12021 (visited on 09/17/2022).

[Dev20] Nancy Devlin, David Parkin, and Bas Janssen. Methods for Analysing and Re-
porting EQ-5D Data. Cham: Springer International Publishing, 2020. 1sBN:


https://doi.org/10.1177/1474515118786838
https://doi.org/10.1177/1474515118786838
https://doi.org/10.1177/1474515118786838
https://www.destatis.de/DE/Presse/Pressemitteilungen/2021/11/PD21_505_23211.html
https://www.destatis.de/DE/Presse/Pressemitteilungen/2021/11/PD21_505_23211.html
https://www.gbe-bund.de/gbe/pkg_isgbe5.prc_menu_olap?p_uid=gast&p_aid=41199773&p_sprache=D&p_help=3&p_indnr=63&p_indsp=&p_ityp=H&p_fid=
https://www.gbe-bund.de/gbe/pkg_isgbe5.prc_menu_olap?p_uid=gast&p_aid=41199773&p_sprache=D&p_help=3&p_indnr=63&p_indsp=&p_ityp=H&p_fid=
https://www.gbe-bund.de/gbe/pkg_isgbe5.prc_menu_olap?p_uid=gast&p_aid=41199773&p_sprache=D&p_help=3&p_indnr=63&p_indsp=&p_ityp=H&p_fid=
https://doi.org/10.1109/TIT.1967.1053964
https://doi.org/10.1109/TIT.1967.1053964
https://doi.org/10.1002/ehf2.12021
https://onlinelibrary.wiley.com/doi/abs/10.1002/ehf2.12021
https://onlinelibrary.wiley.com/doi/abs/10.1002/ehf2.12021

114

[Ebn09]

[Fab18]

[FalO5]

[Far16]

[Foul9]

[Gell2]

BIBLIOGRAPHY

978-3-030-47621-2 978-3-030-47622-9. por: 10.1007 /978-3-030-47622-9.
UrL: http:/ /link.springer.com /10.1007 /978-3-030-47622-9 (visited on
09/27/2022).

C. Ebner, P. Kastner, and G. Schreier. Telemonitoring bei Herzschwdche Patienten
- Von der Wissenschaft zur Anwendung. May 7, 2009. urL: https: / /www.dhealth,
at /wp-content /uploads /scientific-papers /2009 /ebner_paper.pdf (visited
on 01/31/2022).

Matteo Fabbri, Kathleen Yost, Lila J. Finney Rutten, Sheila M. Manemann, Cyn-
thia M. Boyd, Daniel Jensen, Susan A. Weston, Ruoxiang Jiang, and Véronique L.
Roger. “Health Literacy and Outcomes in Patients With Heart Failure: A Prospec-
tive Community Study”. In: Mayo Clinic proceedings 93.1 (Jan. 2018), pp. 9-15.
1ssN: 0025-6196. por: [10.1016 /j.mayocp.2017.09.018. urL: https://www/|
ncbi.nlm.nih.gov/pmec/articles/PMC5756510/ (visited on 09/11/2022).

Hermann Faller, Thomas Steinbiichel, Marion Schowalter, John A. Spertus,
Stefan Stork, and Christiane E. Angermann. “Der Kansas City Cardiomyopathy
Questionnaire (KCCQ) - ein neues krankheitsspezifisches Messinstrument zur
Erfassung der Lebensqualitit bei chronischer Herzinsuffizienz”. In: PPmP -
Psychotherapie - Psychosomatik - Medizinische Psychologie 55.3 (Mar. 2005).
Publisher: © Georg Thieme Verlag KG Stuttgart - New York, pp. 200-208.
1ssN: 0937-2032, 1439-1058. por: 10. 1055 /s-2004-834597. urL: http:/ /
www . thieme-connect.de /DOI/DOI?710.1055 /s-2004-834597 (visited on
09/27/2022).

Rajaa F Faris, Marcus Flather, Henry Purcell, Philip A Poole-Wilson, and Andrew
JS Coats. “Diuretics for heart failure”. In: The Cochrane Database of Systematic
Reviews 2016.4 (Apr. 4, 2016), p. CD003838. 1ssn: 1469-493X. por: 10.1002/
14651858 . CD003838 . pub4. urL: https:/ /www.ncbi.nlm.nih.gov /pmc /
articles/PMC6413766/ (visited on 10/07/2022).

EuroQol Research Foundation. EQ-5D-5L User Guide. 2019. urL: https://

euroqol.org/publications/user-guides.

Andrew Gelman, Jennifer Hill, and Masanao Yajima. “Why We (Usually) Don’t

Have to Worry About Multiple Comparisons”. In: Journal of Research on


https://doi.org/10.1007/978-3-030-47622-9
http://link.springer.com/10.1007/978-3-030-47622-9
https://www.dhealth.at/wp-content/uploads/scientific-papers/2009/ebner_paper.pdf
https://www.dhealth.at/wp-content/uploads/scientific-papers/2009/ebner_paper.pdf
https://doi.org/10.1016/j.mayocp.2017.09.018
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5756510/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5756510/
https://doi.org/10.1055/s-2004-834597
http://www.thieme-connect.de/DOI/DOI?10.1055/s-2004-834597
http://www.thieme-connect.de/DOI/DOI?10.1055/s-2004-834597
https://doi.org/10.1002/14651858.CD003838.pub4
https://doi.org/10.1002/14651858.CD003838.pub4
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6413766/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6413766/
https://euroqol.org/publications/user-guides
https://euroqol.org/publications/user-guides

BIBLIOGRAPHY 115

Educational Effectiveness 5.2 (Apr. 1, 2012). Publisher: Routledge _eprint:
https://doi.org/10.1080/19345747.2011.618213, pp. 189-211. 1ssn: 1934-5747.
por: 10. 1080 /19345747 .2011.618213. urL: https: / /doi.org/10. 1080 /
19345747.2011.618213 (visited on 11/15/2022).

[Genl7] Gian Franco Gensini. “Value of Telemonitoring and Telemedicine in Heart
Failure Management”. In: Cardiac failure review 3.2 (July 4, 2017), p. 116.
UrL: https: / /www . cfrjournal . com / articles / value - telemonitoring - and -

telemedicine-heart-failure-management (visited on 10/07/2022).

[Gial9] Sophia Giannitsi, Mara Bougiakli, Aris Bechlioulis, Anna Kotsia, Lampros K.
Michalis, and Katerina K. Naka. “6-minute walking test: a useful tool in the man-
agement of heart failure patients”. In: Therapeutic Advances in Cardiovascular
Disease 13 (Jan. 1, 2019). Publisher: SAGE Publications, p. 1753944719870084.
1ssN: 1753-9447. por: 10.1177/1753944719870084. urL: https://doi.org/10|
1177/1753944719870084, (visited on 10/25/2022).

[Gmba] Boston Scientific Medizintechnik GmbH. HeartLogic Heart Failure Diagnos-
tic—-Heart FailureManagement—Boston Scientific. www.bostonscientific.com.
urL: https: / / www . bostonscientific . com / DE - Deutsch / medizinische -
fachrichtungen /electrophysiology / heartlogic-heart-failure-diagnostic-hfc|
html (visited on 10/07/2022).

[Gmbb]  iATROS GmbH. Das Digitale Herzzentrum. urL: https://www.i-atros.com/
(visited on 10/03/2022).

[Gmbc] ProCarement GmbH. ProHerz: App von ProCarement. urL: https: / /procarement.
com (visited on 10/01/2022).

[Gmbd]  Zana Technologies GmbH. Tidda Care. urL: https:/ /tidda.care /tidda-herz
(visited on 10/03/2022).

[Gmbe]  ZTM Bad Kissingen GmbH. sekTOR. UrL: https://www.sektor-hf.de/ (visited
on 10/03/2022).

[Gon21] Kordian Gontarska, Weronika Wrazen, Jossekin Beilharz, Robert Schmid, Lauritz
Thamsen, and Andreas Polze. “Predicting Medical Interventions from Vital

Parameters: Towards a Decision Support System for Remote Patient Monitoring”.


https://doi.org/10.1080/19345747.2011.618213
https://doi.org/10.1080/19345747.2011.618213
https://doi.org/10.1080/19345747.2011.618213
https://www.cfrjournal.com/articles/value-telemonitoring-and-telemedicine-heart-failure-management
https://www.cfrjournal.com/articles/value-telemonitoring-and-telemedicine-heart-failure-management
https://doi.org/10.1177/1753944719870084
https://doi.org/10.1177/1753944719870084
https://doi.org/10.1177/1753944719870084
https://www.bostonscientific.com/DE-Deutsch/medizinische-fachrichtungen/electrophysiology/heartlogic-heart-failure-diagnostic-hfc.html
https://www.bostonscientific.com/DE-Deutsch/medizinische-fachrichtungen/electrophysiology/heartlogic-heart-failure-diagnostic-hfc.html
https://www.bostonscientific.com/DE-Deutsch/medizinische-fachrichtungen/electrophysiology/heartlogic-heart-failure-diagnostic-hfc.html
https://www.i-atros.com/
https://procarement.com
https://procarement.com
https://tidda.care/tidda-herz
https://www.sektor-hf.de/

116

[Glid20]

[Gun98]
[Hael9]

[Haf22]

[Hav19]

[Hei22]

BIBLIOGRAPHY

In: International Conference on Artificial Intelligence in Medicine. Springer

(2021), pp. 293-297.

Giilmisal Giider, Christiane Angermann, and Georg Ertl. “Terminale Herzinsuf-
fizienz: Neue Ansitze der ambulanten Therapie”. In: MMW - Fortschritte der
Medizin 162.18 (Oct. 1,2020), pp. 38-42. 1ssn: 1613-3560. por: 10.1007 /s15006-
020-4417-5. urL: https://doi.org/10.1007 /s15006-020-4417-5/ (visited on
09/10/2022).

Steve R. Gunn. Support Vector Machines for classification and regression. 1998.

Christine A. Haedtke, Debra K. Moser, Susan J. Pressler, Misook L. Chung,
Sue Wingate, and Sarah J. Goodlin. “Influence of Depression and Gender on
Symptom Burden among Patients with Advanced Heart Failure: Insight from
the Pain Assessment, Incidence & Nature in Heart Failure study”. In: Heart &
lung: the journal of critical care 48.3 (2019), pp. 201-207. 1ssn: 0147-9563. por:
10.1016/j.hrtlng.2019.02.002. urL: https: //www.ncbi.nlm.nih.gov/pmc/
articles/PMC7582916/ (visited on 09/09/2022).

Brant B. Hafen and Sandeep Sharma. “Oxygen Saturation”. In: StatPearls. Trea-
sure Island (FL): StatPearls Publishing, 2022. urL: http://www.ncbi.nlm.nih|
gov/books/NBK525974/ (visited on 10/07/2022).

Haakon Tillmann Haverkamp, Stig Ove Fosse, and Peter Schuster. “Accuracy and
usability of single-lead ECG from smartphones - A clinical study”. In: Indian
Pacing and Electrophysiology Journal 19.4 (July 1, 2019), pp. 145-149. 1ssN:
0972-6292. por: 10.1016/j.ipej.2019.02.006. urL: https://www.sciencedirect|
com/science/article/pii/S0972629219300336/ (visited on 11/13/2022).

Paul A. Heidenreich, Biykem Bozkurt, David Aguilar, Larry A. Allen, Joni J.
Byun, Monica M. Colvin, Anita Deswal, Mark H. Drazner, Shannon M. Dunlay,
Linda R. Evers, James C. Fang, Savitri E. Fedson, Gregg C. Fonarow, Salim S.
Hayek, Adrian F. Hernandez, Prateeti Khazanie, Michelle M. Kittleson, Christo-
pher S. Lee, Mark S. Link, Carmelo A. Milano, Lorraine C. Nnacheta, Alexan-
der T. Sandhu, Lynne Warner Stevenson, Orly Vardeny, Amanda R. Vest, and
Clyde W. Yancy. “2022 AHA/ACC/HFSA Guideline for the Management of
Heart Failure: A Report of the American College of Cardiology/American Heart


https://doi.org/10.1007/s15006-020-4417-5
https://doi.org/10.1007/s15006-020-4417-5
https://doi.org/10.1007/s15006-020-4417-5
https://doi.org/10.1016/j.hrtlng.2019.02.002
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7582916/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7582916/
http://www.ncbi.nlm.nih.gov/books/NBK525974/
http://www.ncbi.nlm.nih.gov/books/NBK525974/
https://doi.org/10.1016/j.ipej.2019.02.006
https://www.sciencedirect.com/science/article/pii/S0972629219300336
https://www.sciencedirect.com/science/article/pii/S0972629219300336

BIBLIOGRAPHY 117

[Hel22]

[Her08]

[Her20]

[Hoc76]

[Hol18]

[Hopll]

Association Joint Committee on Clinical Practice Guidelines™. In: Circulation
145.18 (May 3, 2022). Publisher: American Heart Association, e895—-e1032. por:
10.1161/CIR.0000000000001063. urL: https: //www.ahajournals.org/doi/
10.1161/CIR.0000000000001063 (visited on 06/15/2022).

T. M. Helms, C. A. Perings, P. Sommer, F. Kohler, N. Frey, S. von Haehling,
C. Tiefenbacher, K. Rybak, S. Sack, and M. Stockburger. “Positionspapier zur
Zertifizierung von Telemedizinzentren”. In: Kardiologe 16 (2022), pp. 6—20.
por: https://doi.org/10.1007/s12181-021-00522-4. urL: https: //leitlinien|
dgk.org /2021 /positionspapier-zur-zertifizierung-von-telemedizinzentren /
(visited on 09/10/2022).

P. Y. Herzberg, S. Goldschmidt, and N. Heinrichs. “Beck Depressions-Inventar
(BDI-II). Revision.” In: Report Psychologie 33.6 (2008), pp. 301-302.

Gerd Herold. Innere Medizin 2020. Publication Title: Innere Medizin 2020. De
Gruyter, May 5, 2020. 1sBN: 978-3-11-068848-1. por: 10.1515/9783110688481.
URL: https://www.degruyter.com/document/doi/10.1515/9783110688481 /
html (visited on 09/10/2022).

R. R. Hocking. “A Biometrics Invited Paper. The Analysis and Selection of Vari-
ables in Linear Regression”. In: Biometrics 32.1 (1976). Publisher: [Wiley, Inter-
national Biometric Society], pp. 1-49. 1ssnx: 0006-341X. por: 10.2307/2529336.
UrL: https://www.jstor.org/stable/2529336 (visited on 10/30/2022).

Jakob Holstiege, Manas K. Akmatov, Annika Steffen, and Jorg Bétzing. Prd-
valenz der Herzinsuffizienz — bundesweite Trends, regionale Variationen und
héiufige Komorbiditdten. Zentralinstitut fiir die kassenéarztliche Versorgung in
Deutschland (Zi), Dec. 20, 2018. por: [10.20364/VA-18.09. urL: https://www/
versorgungsatlas.de/themen /alle-analysen-nach-datum-sortiert / 7tab=6&
uid=97| (visited on 04/12/2022).

U.C. Hoppe and E. Erdmann. “Chronische Herzinsuffizienz”. In: Klinische Kar-
diologie: Krankheiten des Herzens, des Kreislaufs und der herznahen Gefdpfle.
Ed. by Erland Erdmann. Berlin, Heidelberg: Springer, 2011, pp. 123-179. 1sBN:
978-3-642-16481-1. por: 10.1007/978-3-642-16481-1 5. urL: https://doi
org/10.1007/978-3-642-16481-1_ 5| (visited on 02/01/2022).


https://doi.org/10.1161/CIR.0000000000001063
https://www.ahajournals.org/doi/10.1161/CIR.0000000000001063
https://www.ahajournals.org/doi/10.1161/CIR.0000000000001063
https://doi.org/https://doi.org/10.1007/s12181-021-00522-4
https://leitlinien.dgk.org/2021/positionspapier-zur-zertifizierung-von-telemedizinzentren/
https://leitlinien.dgk.org/2021/positionspapier-zur-zertifizierung-von-telemedizinzentren/
https://doi.org/10.1515/9783110688481
https://www.degruyter.com/document/doi/10.1515/9783110688481/html
https://www.degruyter.com/document/doi/10.1515/9783110688481/html
https://doi.org/10.2307/2529336
https://www.jstor.org/stable/2529336
https://doi.org/10.20364/VA-18.09
https://www.versorgungsatlas.de/themen/alle-analysen-nach-datum-sortiert/?tab=6&uid=97
https://www.versorgungsatlas.de/themen/alle-analysen-nach-datum-sortiert/?tab=6&uid=97
https://www.versorgungsatlas.de/themen/alle-analysen-nach-datum-sortiert/?tab=6&uid=97
https://doi.org/10.1007/978-3-642-16481-1_5
https://doi.org/10.1007/978-3-642-16481-1_5
https://doi.org/10.1007/978-3-642-16481-1_5

118

[Jam18]

[Joh91]

[Jos09]

[Jur09]

[Kad14]

[Kahl1]

[Kob20]

BIBLIOGRAPHY

J. Larry Jameson, Anthony S. Fauci, Dennis L. Kasper, Stephen L. Hauser, Dan
L. Longo, and Joseph Loscalzo. Harrison’s Principles Of Internal Medicine.
20th ed. McGraw Hill, 2018. urc: https://www.lehmanns.de/shop /medizin-
pharmazie / 40311157 - 9781259644030 - harrison - s - principles- of - internal 4
medicine (visited on 09/10/2022).

M. W. Johns. “A new method for measuring daytime sleepiness: the Epworth
sleepiness scale”. In: Sleep 14.6 (Dec. 1991), pp. 540-545. 1ssn: 0161-8105. por:
10.1093/sleep/14.6.540.

Susan M. Joseph, Ari M. Cedars, Gregory A. Ewald, Edward M. Geltman,
and Douglas L. Mann. “Acute Decompensated Heart Failure”. In: Texas Heart
Institute Journal 36.6 (2009), pp. 510-520. 1ssn: 0730-2347. urL: https: //www|
ncbi.nlm.nih.gov/pmec/articles/PMC2801958/ (visited on 10/07/2022).

Corrine Y. Jurgens, Linda Hoke, Janet Byrnes, and Barbara Riegel. “Why
Do Elders Delay Responding to Heart Failure Symptoms?” In: Nursing Re-
search 58.4 (Aug. 2009), pp. 274-282. 1ssn: 0029-6562. por: 10.1097 /NNR/|
0b013e3181ac1581. urL: https://journals.lww.com /nursingresearchonline /
Abstract /2009/07000/Why Do Elders Delay Responding to Heart |
Failure.7.aspx (visited on 09/11/2022).

H. Kaduszkiewicz, B. Gerste, M. Eisele, 1. Schifer, and M. Scherer. “Herzinsuf-
fizienz: Epidemiologie und Versorgung”. In: Versorgungs-Report Schwerpunkt.
Stuttgart: Schattauer, 2014, pp. 209-229.

Rami Kahwash, Donald Kikta, and Rami Khayat. “Recognition and Management
of Sleep-Disordered Breathing in Chronic Heart Failure”. In: Current heart
failure reports 8.1 (Mar. 2011), pp. 72-79. 1ssN: 1546-9530. por: 10.1007 /
s11897-010-0037-1. urL: https: / /www.ncbi.nlm.nih.gov /pmc /articles /
PMC3696518/| (visited on 09/15/2022).

Semaan Kobrossi, Michelle Myers, and Gabriela Orasanu. “Correlation Be-
tween CardioMEMS and HeartLogic in Predicting Heart Failure Events”. In:
JACC: Case Reports. Special Issue: Valvular Heart Disease 2.14 (Nov. 18, 2020),
pp. 2270-2274. 1ssN: 2666-0849. por: 10.1016 /j.jaccas.2020.09.028. UrL:


https://www.lehmanns.de/shop/medizin-pharmazie/40311157-9781259644030-harrison-s-principles-of-internal-medicine
https://www.lehmanns.de/shop/medizin-pharmazie/40311157-9781259644030-harrison-s-principles-of-internal-medicine
https://www.lehmanns.de/shop/medizin-pharmazie/40311157-9781259644030-harrison-s-principles-of-internal-medicine
https://doi.org/10.1093/sleep/14.6.540
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2801958/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2801958/
https://doi.org/10.1097/NNR.0b013e3181ac1581
https://doi.org/10.1097/NNR.0b013e3181ac1581
https://journals.lww.com/nursingresearchonline/Abstract/2009/07000/Why_Do_Elders_Delay_Responding_to_Heart_Failure.7.aspx
https://journals.lww.com/nursingresearchonline/Abstract/2009/07000/Why_Do_Elders_Delay_Responding_to_Heart_Failure.7.aspx
https://journals.lww.com/nursingresearchonline/Abstract/2009/07000/Why_Do_Elders_Delay_Responding_to_Heart_Failure.7.aspx
https://doi.org/10.1007/s11897-010-0037-1
https://doi.org/10.1007/s11897-010-0037-1
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3696518/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3696518/
https://doi.org/10.1016/j.jaccas.2020.09.028

BIBLIOGRAPHY 119

[Koel8]

[K&h]

[Koh19]

[Kru09]

[Kut05]

https://www.sciencedirect.com /science /article / pii / S2666084920311797
(visited on 10/07/2022).

Friedrich Koehler, Kerstin Koehler, Oliver Deckwart, Sandra Prescher, Karl
Wegscheider, Bridget-Anne Kirwan, Sebastian Winkler, Eik Vettorazzi, Leon-
hard Bruch, Michael Oeff, Christian Zugck, Gesine Doerr, Herbert Naegele,
Stefan Stork, Christian Butter, Udo Sechtem, Christiane Angermann, Guntram
Gola, Roland Prondzinsky, Frank Edelmann, Sebastian Spethmann, Sebastian M.
Schellong, P. Christian Schulze, Johann Bauersachs, Brunhilde Wellge, Christoph
Schoebel, Milos Tajsic, Henryk Dreger, Stefan D. Anker, and Karl Stangl. “Ef-
ficacy of telemedical interventional management in patients with heart failure
(TIM-HF2): arandomised, controlled, parallel-group, unmasked trial”. In: Lancet
(London, England) 392.10152 (Sept. 22, 2018), pp. 1047-1057. 1ssn: 1474-547X.
por: 10.1016/50140-6736(18)31880-4.

Prof. Dr. Friedrich Kohler. Telemed5000 - Entwicklung eines intelligenten Systems
zur telemedizinischen Mitbetreuung von grofien Kollektiven kardiologischer
Risikopatienten. Charité - Universitdtsmedizin Berlin. urL: https:// www |
digitale-technologien.de / DT / Redaktion / DE / Standardartikel / Smarte-
Datenwirtschaft-Projekte/SDW __telemed5000.html (visited on 09/10/2022).

F. Kohler, S. Prescher, and K. Kohler. “Telemedizin bei Herzinsuffizienz”. In:
Der Internist 60.4 (Apr. 1, 2019), pp. 331-338. 1ssn: 1432-1289. por: 10.1007/
s00108-019-0570-2. urc: https://doi.org/10.1007 /s00108-019-0570-2
(visited on 09/10/2022).

Harlan M. Krumholz, Angela R. Merrill, Eric M. Schone, Geoffrey C. Schreiner,
Jersey Chen, Elizabeth H. Bradley, Yun Wang, Yongfei Wang, Zhenqiu Lin,
Barry M. Straube, Michael T. Rapp, Sharon-Lise T. Normand, and Elizabeth
E. Drye. “Patterns of hospital performance in acute myocardial infarction and
heart failure 30-day mortality and readmission”. In: Circulation. Cardiovascular
Quality and Outcomes 2.5 (Sept. 2009), pp. 407—413. 1ssn: 1941-7705. por:
10.1161/CIRCOUTCOMES.109.883256.

Michael H. Kutner, ed. Applied linear statistical models. 5th ed. The McGraw-

Hill/Irwin series operations and decision sciences. Boston: McGraw-Hill Irwin,
2005. 1396 pp. 1sBN: 978-0-07-238688-2.


https://www.sciencedirect.com/science/article/pii/S2666084920311797
https://doi.org/10.1016/S0140-6736(18)31880-4
https://www.digitale-technologien.de/DT/Redaktion/DE/Standardartikel/Smarte-Datenwirtschaft-Projekte/SDW_telemed5000.html
https://www.digitale-technologien.de/DT/Redaktion/DE/Standardartikel/Smarte-Datenwirtschaft-Projekte/SDW_telemed5000.html
https://www.digitale-technologien.de/DT/Redaktion/DE/Standardartikel/Smarte-Datenwirtschaft-Projekte/SDW_telemed5000.html
https://doi.org/10.1007/s00108-019-0570-2
https://doi.org/10.1007/s00108-019-0570-2
https://doi.org/10.1007/s00108-019-0570-2
https://doi.org/10.1161/CIRCOUTCOMES.109.883256

120

[Kwal7]

[Larl8]

[Led10]

[Lee09]

[Leel8]

[Lev06]

[Loe08]

BIBLIOGRAPHY

Sang Gyu Kwak and Jong Hae Kim. “Central limit theorem: the cornerstone
of modern statistics”. In: Korean Journal of Anesthesiology 70.2 (Apr. 2017),
pp. 144-156. 1ssn: 2005-6419. por: 10.4097 /kjae.2017.70.2.144. urL: https://
www.ncbi.nlm.nih.gov/pme/articles/PMC5370305/ (visited on 10/21/2022).

Nekane Larburu, Arkaitz Artetxe, and Vanessa Escolar. “Artificial Intelligence to
Prevent Mobile Heart Failure Patients Decompensation in Real Time: Monitoring-
Based Predictive Model”. In: Mobile Information Systems (2018).

Hans Christian Lederhuber, Veronika Sagmeister, Isabel Valentine Deisenhofer,
and Veronika Lange. BASICS Kardiologie. 2., iberarb. Aufl. Basics. Miinchen:
Elsevier, Urban & Fischer, 2010. 165 pp. 1sBN: 978-3-437-42187-7.

Douglas S. Lee, Philimon Gona, Ramachandran S. Vasan, Martin G. Larson,
Emelia J. Benjamin, Thomas J. Wang, Jack V. Tu, and Daniel Levy. “Relation of
disease pathogenesis and risk factors to heart failure with preserved or reduced
ejection fraction: insights from the framingham heart study of the national heart,
lung, and blood institute”. In: Circulation 119.24 (June 23, 2009), pp. 3070-3077.
1ssN: 1524-4539. por: 10.1161/CIRCULATIONAHA.108.815944.

Solim Lee and Barbara Riegel. “State of the science in heart failure symptom
perception research: an integrative review”. In: Journal of Cardiovascular Nurs-
ing 33.3 (2018), pp. 204-210. por: 10.1097 / JCN.0000000000000445. URL:
https: / /journals.lww.com /jenjournal / Abstract /2018 /05000 / State  of |
the Science in Heart Failure Symptom.5.aspx (visited on 09/09/2022).

Wayne C. Levy, Dariush Mozaffarian, David T. Linker, Santosh C. Sutradhar,
Stefan D. Anker, Anne B. Cropp, Inder Anand, Aldo Maggioni, Paul Burton,
Mark D. Sullivan, Bertram Pitt, Philip A. Poole-Wilson, Douglas L. Mann, and
Milton Packer. “The Seattle Heart Failure Model: prediction of survival in heart
failure”. In: Circulation 113.11 (2006), pp. 1424-1433.

Laura R. Loehr, Wayne D. Rosamond, Patricia P. Chang, Aaron R. Folsom, and
Lloyd E. Chambless. “Heart failure incidence and survival (from the Atheroscle-
rosis Risk in Communities study)”. In: The American Journal of Cardiology
101.7 (Apr. 1, 2008), pp. 1016-1022. 1ssn: 0002-9149. por: 10.1016/j.amjcard,
2007.11.061.


https://doi.org/10.4097/kjae.2017.70.2.144
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5370305/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5370305/
https://doi.org/10.1161/CIRCULATIONAHA.108.815944
https://doi.org/10.1097/JCN.0000000000000445
https://journals.lww.com/jcnjournal/Abstract/2018/05000/State_of_the_Science_in_Heart_Failure_Symptom.5.aspx
https://journals.lww.com/jcnjournal/Abstract/2018/05000/State_of_the_Science_in_Heart_Failure_Symptom.5.aspx
https://doi.org/10.1016/j.amjcard.2007.11.061
https://doi.org/10.1016/j.amjcard.2007.11.061

BIBLIOGRAPHY 121

[McD21]

[McM12]

[Mos08]

Theresa A McDonagh et al. “2021 ESC Guidelines for the diagnosis and treatment
of acute and chronic heart failure”. In: European Heart Journal 42.36 (Sept. 21,
2021), pp. 3599-3726. 1ssn: 0195-668X, 1522-9645. por: 10.1093 /eurheart;]/
ehab368. urL: https://academic.oup.com /eurheartj/article /42 /36 /3599 /
6358045 (visited on 02/13/2022).

John J. V. McMurray, Stamatis Adamopoulos, Stefan D. Anker, Angelo Auric-
chio, Michael Bohm, Kenneth Dickstein, Volkmar Falk, Gerasimos Filippatos,
Candida Fonseca, Miguel Angel Gomez-Sanchez, Tiny Jaarsma, Lars Kgber,
Gregory Y. H. Lip, Aldo Pietro Maggioni, Alexander Parkhomenko, Burkert M.
Pieske, Bogdan A. Popescu, Per K. Rgnnevik, Frans H. Rutten, Juerg Schwitter,
Petar Seferovic, Janina Stepinska, Pedro T. Trindade, Adriaan A. Voors, Faiez
Zannad, Andreas Zeiher, Task Force for the Diagnosis and Treatment of Acute
and Chronic Heart Failure 2012 of the European Society of Cardiology, Jeroen
J. Bax, Helmut Baumgartner, Claudio Ceconi, Veronica Dean, Christi Deaton,
Robert Fagard, Christian Funck-Brentano, David Hasdai, Arno Hoes, Paulus
Kirchhof, Juhani Knuuti, Philippe Kolh, Theresa McDonagh, Cyril Moulin, Bog-
dan A. Popescu, Zeljko Reiner, Udo Sechtem, Per Anton Sirnes, Michal Tendera,
Adam Torbicki, Alec Vahanian, Stephan Windecker, Theresa McDonagh, Udo
Sechtem, Luis Almenar Bonet, Panayiotis Avraamides, Hisham A. Ben Lamin,
Michele Brignole, Antonio Coca, Peter Cowburn, Henry Dargie, Perry Elliott,
Frank Arnold Flachskampf, Guido Francesco Guida, Suzanna Hardman, Bernard
Iung, Bela Merkely, Christian Mueller, John N. Nanas, Olav Wendelboe Nielsen,
Stein Orn, John T. Parissis, Piotr Ponikowski, and ESC Committee for Practice
Guidelines. “ESC guidelines for the diagnosis and treatment of acute and chronic
heart failure 2012: The Task Force for the Diagnosis and Treatment of Acute and
Chronic Heart Failure 2012 of the European Society of Cardiology. Developed
in collaboration with the Heart Failure Association (HFA) of the ESC”. In: Euro-
pean Journal of Heart Failure 14.8 (Aug. 2012), pp. 803—-869. 1ssn: 1879-0844.
por: 10.1093 /eurjhf/hfs105.

Debra K. Moser and John F. Watkins. “Conceptualizing self-care in heart failure:

a life course model of patient characteristics”. In: The Journal of Cardiovascular


https://doi.org/10.1093/eurheartj/ehab368
https://doi.org/10.1093/eurheartj/ehab368
https://academic.oup.com/eurheartj/article/42/36/3599/6358045
https://academic.oup.com/eurheartj/article/42/36/3599/6358045
https://doi.org/10.1093/eurjhf/hfs105

122

[Muk12]

[New94]

[Oh20]

[Org21]

[Ped11]

[Pol10]

[Pon16]

BIBLIOGRAPHY

Nursing 23.3 (June 2008), 205-218, quiz 219-220. 1ssn: 1550-5049. por: 10,
1097/01.JCN.0000305097.09710.a5.

Mavuto Mukaka. “Statistics corner: A guide to appropriate use of correlation
coefficient in medical research”. In: Malawi Med Journal 24.3 (2012), pp. 69-71.
1ssN: 1995-7262. urc: https: %20/ /europepmce.org/articles/PMC3576830.

The Criteria Committee of the New York Heart Association. Nomenclature and
Criteria for Diagnosis of Diseases of the Heart and Great Vessels. 9th ed. Boston:
Mass: Little, Brown & Co, 1994. 253-256.

Gyu Chul Oh and Hyun-Jai Cho. “Blood pressure and heart failure”. In: Clinical
Hypertension 26.1 (Jan. 2, 2020), p. 1. 1ssn: 2056-5909. por: |10.1186/s40885-
019-0132-x. urL: https://doi.org/10.1186 /s40885-019-0132-x (visited on
10/07/2022).

World Health Organization. Hypertension. Aug. 25, 2021. urr: https://www|
who.int /news-room/fact-sheets/detail /hypertension (visited on 10/07/2022).

Fabian Pedregosa, Gael Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand
Thirion, Olivier Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, Vincent
Dubourg, Jake Vanderplas, Alexandre Passos, and David Cournapeau. “Scikit-
learn: Machine Learning in Python”. In: Journal of Machine Learning Research
12.85 (2011), pp. 2825-2830.

Andreas Polze, Peter Troger, Uwe Hentschel, and Theodor Heinze. “A Scalable,
Self-Adaptive Architecture for Remote Patient Monitoring”. In: 2010 13th IEEE
International Symposium on Object/Component/Service-Oriented Real-Time
Distributed Computing Workshops. IEEE (2010), pp. 204-210.

Piotr Ponikowski, Adriaan A. Voors, Stefan D. Anker, Héctor Bueno, John G. F.
Cleland, Andrew J. S. Coats, Volkmar Falk, José Ram6n Gonzdlez-Juanatey,
Veli-Pekka Harjola, Ewa A. Jankowska, Mariell Jessup, Cecilia Linde, Petros
Nihoyannopoulos, John T. Parissis, Burkert Pieske, Jillian P. Riley, Giuseppe
M. C. Rosano, Luis M. Ruilope, Frank Ruschitzka, Frans H. Rutten, Peter van
der Meer, and ESC Scientific Document Group. “2016 ESC Guidelines for the
diagnosis and treatment of acute and chronic heart failure: The Task Force for the

diagnosis and treatment of acute and chronic heart failure of the European Society


https://doi.org/10.1097/01.JCN.0000305097.09710.a5
https://doi.org/10.1097/01.JCN.0000305097.09710.a5
https:%20//europepmc.org/articles/PMC3576830
https://doi.org/10.1186/s40885-019-0132-x
https://doi.org/10.1186/s40885-019-0132-x
https://doi.org/10.1186/s40885-019-0132-x
https://www.who.int/news-room/fact-sheets/detail/hypertension
https://www.who.int/news-room/fact-sheets/detail/hypertension

BIBLIOGRAPHY 123

of Cardiology (ESC)Developed with the special contribution of the Heart Failure
Association (HFA) of the ESC”. In: European Heart Journal 37.27 (July 14,
2016), pp. 2129-2200. 1ssN: 1522-9645. por: 10.1093 /eurheartj/ehw128.

[Pon19] Piotr Ponikowski, Ilaria Spoletini, Andrew J S Coats, Massimo F Piepoli, and
Giuseppe M C Rosano. “Heart rate and blood pressure monitoring in heart failure
| European Heart Journal Supplements | Oxford Academic”. In: European Heart
Journal Supplements 21 (2019), pp. M13-M16. urL: https: //academic.oup)|
com/eurheartjsupp/article/21/Supplement_ M/M13/5691315.

[Pre] Sandra Prescher. Telemed5000. Zentrum fiir kardiovaskulidre Telemedizin. URL:
https://telemedizin.charite.de/forschung/telemed5000 /| (visited on 10/28/2022).

[Pre20] Sandra Prescher, Johanna Koehler, and Friedrich Koehler. “e-Health in cardiol-
ogy: remote patient management of heart failure patients”. In: E-Journal of Cardi-
ology Practice 18.26 (July 1, 2020). urL: https://www.escardio.org/Journals/
E- Journal- of - Cardiology - Practice / Volume- 18 / e- health - in- cardiology -
remote-patient-management-of- heart-failure- patients, %20https: / / www|
escardio.org / Journals / E- Journal-of- Cardiology- Practice / Volume-18 / e~
health-in-cardiology-remote-patient-management-of-heart-failure-patients
(visited on 09/15/2022).

[Pro20] Gemeinsamer Bundesausschuss gemif3 § 91 SGB V Prof. Hecken. Bekannt-
machung eines Beschlusses des Gemeinsamen Bundesausschusses iiber eine
Anderung der Richtlinie Methoden vertragsdirztliche Versorgung: Telemonitoring

bei Herzinsuffizienz. Berlin: Bundesministerium fiir Gesundheit, Dec. 17, 2020.

[RedO5] Nancy S. Redeker and Robert Hilkert. “Sleep and Quality of Life in Stable
Heart Failure”. In: Journal of Cardiac Failure 11.9 (Dec. 1, 2005), pp. 700—
704. 1ssn: 1071-9164. por: 10.1016 /j. cardfail . 2005 .07 . 003. urL: https:
/ /www.sciencedirect.com /science/article /pii/S1071916405007001 (visited
on 11/13/2022).

[Rei21] Simon Reif and Sabrina Schubert. CARNA Pilot Study Report. (Internal Report
by ProCarement GmbH) 1. ZEW Health Care Markets & Policy Group, Sept. 1,
2021.


https://doi.org/10.1093/eurheartj/ehw128
https://academic.oup.com/eurheartjsupp/article/21/Supplement_M/M13/5691315
https://academic.oup.com/eurheartjsupp/article/21/Supplement_M/M13/5691315
https://telemedizin.charite.de/forschung/telemed5000/
https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients,%20https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients
https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients,%20https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients
https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients,%20https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients
https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients,%20https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients
https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients,%20https://www.escardio.org/Journals/E-Journal-of-Cardiology-Practice/Volume-18/e-health-in-cardiology-remote-patient-management-of-heart-failure-patients
https://doi.org/10.1016/j.cardfail.2005.07.003
https://www.sciencedirect.com/science/article/pii/S1071916405007001
https://www.sciencedirect.com/science/article/pii/S1071916405007001

124

[Ric21]

[Riel8]

[San21]

[Sau07]

[Sen21]

[Setl2]

BIBLIOGRAPHY

Robert Richer, Arne Kiiderle, Martin Ullrich, Nicolas Rohleder, and Bjoern M.
Eskofier. “BioPsyKit: A Python package for the analysis of biopsychological
data”. In: Journal of Open Source Software 6.66 (Oct. 12, 2021), p. 3702. 1ssN:
2475-9066. por: 10.21105/j0ss.03702. urL: https://joss.theoj.org/papers/10|
21105/j0ss.03702 (visited on 10/21/2022).

Barbara Riegel, Victoria Vaughan Dickson, Christopher S. Lee, Marguerite Daus,
Julia Hill, Elliane Irani, Solim Lee, Joyce W. Wald, Stephen T. Moelter, Lisa
Rathman, Megan Streur, Foster Osei Baah, Linda Ruppert, Daniel R. Schwartz,
and Alfred Bove. “A mixed methods study of symptom perception in patients
with chronic heart failure”. In: Heart & Lung 47.2 (Mar. 1, 2018), pp. 107-
114. 1ssN: 0147-9563. por: 10.1016 /j.hrtlng.2017.11.002. urL: https://
www.sciencedirect.com /science/article/pii/S0147956317304582 (visited on
09/11/2022).

Gabrielle Cécile Santos, Maria Liljeroos, Andrew A. Dwyer, Cécile Jaques,
Josepha Girard, Anna Stromberg, Roger Hullin, and Petra Schifer-Keller. “Symp-
tom perception in heart failure — Interventions and outcomes: A scoping review”.
In: International Journal of Nursing Studies. Self-care in long term conditions
116 (Apr. 1, 2021), p. 103524. 1ssn: 0020-7489. por: 10.1016 /j.ijnurstu |
2020.103524. urL: https: / / www.sciencedirect.com /science / article / pii /
50020748920300092 (visited on 09/11/2022).

Cornelia Sauter, Roland Popp, Heidi Danker-Hopfe, Antje Biittner, Barbara
Wilhelm, Ralf Binder, Wilfried Bohning, Hans-Giinther Weel3, and and the
Vigilance Task Group of the German Sleep Research Society. “Normative values
of the German Epworth Sleepiness Scale”. In: Somnologie - Schlafforschung
und Schlafmedizin 11.4 (Dec. 1, 2007), pp. 272-278. 1ssNn: 1439-054X. por:
10.1007 /s11818-007-0322-8. urL: https://doi.org/10.1007 /s11818-007-
0322-8 (visited on 09/27/2022).

S. Senarath, G. Fernie, and A. Roshan Fekr. “Influential factors in remote moni-
toring of heart failure patients: A review of the literature and direction for future
research”. In: Sensors 21.11 (2021). 1ssn: 1424-8220. por: 10.3390/s21113575.

Emily Seto, Kevin J. Leonard, Joseph A. Cafazzo, Jan Barnsley, Caterina Masino,

and Heather J. Ross. “Developing healthcare rule-based expert systems: Case


https://doi.org/10.21105/joss.03702
https://joss.theoj.org/papers/10.21105/joss.03702
https://joss.theoj.org/papers/10.21105/joss.03702
https://doi.org/10.1016/j.hrtlng.2017.11.002
https://www.sciencedirect.com/science/article/pii/S0147956317304582
https://www.sciencedirect.com/science/article/pii/S0147956317304582
https://doi.org/10.1016/j.ijnurstu.2020.103524
https://doi.org/10.1016/j.ijnurstu.2020.103524
https://www.sciencedirect.com/science/article/pii/S0020748920300092
https://www.sciencedirect.com/science/article/pii/S0020748920300092
https://doi.org/10.1007/s11818-007-0322-8
https://doi.org/10.1007/s11818-007-0322-8
https://doi.org/10.1007/s11818-007-0322-8
https://doi.org/10.3390/s21113575

BIBLIOGRAPHY 125

[Setl4]

[Sha20]

[Sho75]

[Sim20]

[Spe22]

[Stel4]

[Sto21]

study of a heart failure telemonitoring system”. In: International Journal of
Medical Informatics 81.8 (Aug. 1, 2012), pp. 556-565. 1ssn: 1386-5056. por:
10.1016 /j.ijmedinf.2012.03.001. urL: https:/ /www.sciencedirect .com /
science/article/pii/S1386505612000561 (visited on 10/10/2022).

Kristen A. Sethares, Mary-Elizabeth Sosa, Paige Fisher, and Barbara Riegel.
“Factors associated with delay in seeking care for acute decompensated heart
failure”. In: The Journal of Cardiovascular Nursing 29.5 (Oct. 2014), pp. 429—
438. 1ssN: 1550-5049. por: [10.1097/JCN.0b013e3182a37789.

M. Shah, R. Zimmer, M. Kollefrath, and R. Khandwalla. “Digital Technologies
in Heart Failure Management”. In: Current Cardiovascular Risk Reports 14.8
(2020). 1ssN: 1932-9520. por: [10.1007/s12170-020-00643-7.

E. H. Shortliffe, R. Davis, S. G. Axline, B. G. Buchanan, C. C. Green, and
S. N. Cohen. “Computer-based consultations in clinical therapeutics: explanation
and rule acquisition capabilities of the MYCIN system”. In: Computers and
Biomedical Research, an International Journal 8.4 (Aug. 1975), pp. 303-320.
1ssn: 0010-4809. por: 10.1016,/0010-4809(75)90009-9.

Steven J. Simmonds, Ilona Cuijpers, Stephane Heymans, and Elizabeth A. V.
Jones. “Cellular and Molecular Differences between HFpEF and HFrEF: A Step
Ahead in an Improved Pathological Understanding”. In: Cells 9.1 (Jan. 18, 2020),
p. 242. 1ssn: 2073-4409. por: 10.3390/cells9010242. urr: https://www.ncbi,
nlm.nih.gov/pmc/articles/PMC7016826/ (visited on 09/09/2022).

Sebastian Spethmann and Friedrich Kohler. “Telemedizin bei chronischer Herzin-
suffizienz — von klinischen Studien zur Regelversorgung”. In: Der Internist 63.3
(Mar. 1, 2022), pp. 266-273. 1ssN: 1432-1289. por: 10.1007/s00108-022-01268-
1. urL: |https://doi.org/10.1007 /s00108-022-01268-1 (visited on 09/10/2022).

Jan Steffel and Thomas Luescher. Herz-Kreislauf. Springer-Verlag, Dec. 4, 2014.
213 pp. 1sBN: 978-3-642-55112-3.

Stefan Stork, Frank Peters-Klimm, Julian Bleek, Rajko Ninic, and Andreas
Kloss. “Sektoriibergreifende Versorgung bei Herzinsuffizienz”. In: Krankenhaus-
Report 2021: Versorgungsketten — Der Patient im Mittelpunkt. Ed. by Jiirgen

Klauber, Jiirgen Wasem, Andreas Beivers, and Carina Mostert. Berlin, Heidelberg:


https://doi.org/10.1016/j.ijmedinf.2012.03.001
https://www.sciencedirect.com/science/article/pii/S1386505612000561
https://www.sciencedirect.com/science/article/pii/S1386505612000561
https://doi.org/10.1097/JCN.0b013e3182a37789
https://doi.org/10.1007/s12170-020-00643-7
https://doi.org/10.1016/0010-4809(75)90009-9
https://doi.org/10.3390/cells9010242
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7016826/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7016826/
https://doi.org/10.1007/s00108-022-01268-1
https://doi.org/10.1007/s00108-022-01268-1
https://doi.org/10.1007/s00108-022-01268-1

126

[St622]

[Tae09]

[TEL]

[Tel]

[Vallg]

[Vir20]

BIBLIOGRAPHY

Springer, 2021, pp. 109-130. 1sBN: 978-3-662-62708-2. por: [10.1007 /978-3+
662-62708-2__7. urL: https://doi.org/10.1007/978-3-662-62708-2_ 7 (visited
on 02/01/2022).

Stefan Stork, Alexandra Bernhardt, Michael Bohm, Johannes Brachmann, Niko-
laos Dagres, Stefan Frantz, Gerd Hindricks, Friedrich Kohler, Uwe Zeymer,
Stephan Rosenkranz, Christiane Angermann, and Birgit ABmus. “Pulmonary
artery sensor system pressure monitoring to improve heart failure outcomes
(PASSPORT-HF): rationale and design of the PASSPORT-HF multicenter ran-
domized clinical trial”. In: Clinical Research in Cardiology: Official Journal
of the German Cardiac Society (Mar. 4, 2022). 1ssN: 1861-0692. por: |10.1007/
s00392-022-01987-3.

Joachim Taelman, S. Vandeput, A. Spaepen, and S. Van Huffel. “Influence of
Mental Stress on Heart Rate and Heart Rate Variability”. In: 4th European Con-
ference of the International Federation for Medical and Biological Engineering.
Ed. by Jos Vander Sloten, Pascal Verdonck, Marc Nyssen, and Jens Haueisen.
IFMBE Proceedings. Berlin, Heidelberg: Springer, 2009, pp. 1366—1369. 1sBN:
978-3-540-89208-3. por: 10.1007/978-3-540-89208-3 _324.

TELEMEDS000. TELEMEDS5000 — ,, Entwicklung eines intelligenten Systems
zur telemedizinischen Mitbetreuung von grofien Kollektiven kardiologischer
Risikopatienten*. urL: https: / /www.telemed5000.de/ (visited on 10/30/2022).

Zentrum fir Telemedizin e.V and ZTM Bad Kissingen GmbH. Curafida Hand-
buch. urL: https: / / handbuch . ztm . de / curafida - ueberblick (visited on
10/03/2022).

Raphael Vallat. “Pingouin: statistics in Python”. In: Journal of Open Source
Software 3.31 (Nov. 19, 2018), p. 1026. 1ssN: 2475-9066. port: [10.21105/joss|
01026. urL: http://joss.theoj.org/papers/10.21105 /joss.01026 (visited on
10/20/2022).

Pauli Virtanen, Ralf Gommers, Travis E. Oliphant, Matt Haberland, Tyler Reddy,
David Cournapeau, Evgeni Burovski, Pearu Peterson, Warren Weckesser, Jonathan
Bright, Stéfan J. van der Walt, Matthew Brett, Joshua Wilson, K. Jarrod Millman,
Nikolay Mayorov, Andrew R. J. Nelson, Eric Jones, Robert Kern, Eric Larson,


https://doi.org/10.1007/978-3-662-62708-2_7
https://doi.org/10.1007/978-3-662-62708-2_7
https://doi.org/10.1007/978-3-662-62708-2_7
https://doi.org/10.1007/s00392-022-01987-3
https://doi.org/10.1007/s00392-022-01987-3
https://doi.org/10.1007/978-3-540-89208-3_324
https://www.telemed5000.de/
https://handbuch.ztm.de/curafida-ueberblick
https://doi.org/10.21105/joss.01026
https://doi.org/10.21105/joss.01026
http://joss.theoj.org/papers/10.21105/joss.01026

BIBLIOGRAPHY 127

[Wal97]

[War(07]

[Who97]

[Win10]

[Wul0]

C. J. Carey, [lhan Polat, Yu Feng, Eric W. Moore, Jake VanderPlas, Denis Lax-
alde, Josef Perktold, Robert Cimrman, Ian Henriksen, E. A. Quintero, Charles R.
Harris, Anne M. Archibald, Antonio H. Ribeiro, Fabian Pedregosa, and Paul
van Mulbregt. “SciPy 1.0: fundamental algorithms for scientific computing in
Python”. In: Nature Methods 17.3 (Mar. 2020). Number: 3 Publisher: Nature Pub-
lishing Group, pp. 261-272. 1ssn: 1548-7105. por: 10.1038 /s41592-019-0686-2.
URL: https://www.nature.com /articles /s41592-019-0686-2 (visited on
10/27/2022).

John T. Walsh, Andrew Charlesworth, Richard Andrews, Maxine Hawkins,
and Alan J. Cowley. “Relation of daily activity levels in patients with chronic
heart failure to long-term prognosis”. In: The American Journal of Cardiology
79.10 (May 15, 1997), pp. 1364—1369. 1ssn: 0002-9149. por: 10.1016 /S0002-
9149(97)00141-0. urL: https://www.sciencedirect.com/science/article/pii/
50002914997001410 (visited on 11/13/2022).

Matthew Ward and Jeremy A. Langton. “Blood pressure measurement”. In:
Continuing Education in Anaesthesia, Critical Care and Pain 7.4 (Aug. 1, 2007).
Publisher: Elsevier, pp. 122—126. 1ssn: 1743-1816, 1743-1824. por: 10.1093/
bjaceaccp /mkm022. urL: https://www.bjaed.org/article/S1743-1816(17)
30352-9/fulltext#related Articles (visited on 10/07/2022).

M. A. Whooley, A. L. Avins, J. Miranda, and W. S. Browner. “Case-finding
instruments for depression. Two questions are as good as many”. In: Journal of
General Internal Medicine 12.7 (July 1997), pp. 439—445. 1ssn: 0884-8734. por:
10.1046/3.1525-1497.1997.00076.x.

Laura Wintjen and Franz Petermann. “Beck-Depressions-Inventar Revision
(BDI-II)”. In: Zeitschrift fiir Psychiatrie, Psychologie und Psychotherapie 58
(July 2010), pp. 243-245. por: 10.1024/1661-4747.a000033.

Jionglin Wu, Jason Roy, and Walter F. Stewart. “Prediction modeling using EHR
data: challenges, strategies, and a comparison of machine learning approaches”.
In: Medical Care 48.6 (June 2010), pp. 106—113. 1ssn: 1537-1948. por:|10.1097/
MLR.0b013e3181de9el7.


https://doi.org/10.1038/s41592-019-0686-2
https://www.nature.com/articles/s41592-019-0686-2
https://doi.org/10.1016/S0002-9149(97)00141-0
https://doi.org/10.1016/S0002-9149(97)00141-0
https://www.sciencedirect.com/science/article/pii/S0002914997001410
https://www.sciencedirect.com/science/article/pii/S0002914997001410
https://doi.org/10.1093/bjaceaccp/mkm022
https://doi.org/10.1093/bjaceaccp/mkm022
https://www.bjaed.org/article/S1743-1816(17)30352-9/fulltext#relatedArticles
https://www.bjaed.org/article/S1743-1816(17)30352-9/fulltext#relatedArticles
https://doi.org/10.1046/j.1525-1497.1997.00076.x
https://doi.org/10.1024/1661-4747.a000033
https://doi.org/10.1097/MLR.0b013e3181de9e17
https://doi.org/10.1097/MLR.0b013e3181de9e17

128 BIBLIOGRAPHY

[Zinl2] Christoph Zink. Pschyrembel klinisches Worterbuch: Mit klinischen Syndromen
und Nomina Anatomica. Walter de Gruyter, May 18, 2012. 1956 pp. 1sBN: 978-3-
11-150689-0.



	Introduction
	Medical Background
	Definition of Heart Failure
	Terminology of Heart Failure
	Classification by Severity of Chronic Heart Failure
	Disease Progression of Chronic Heart Failure
	Clinical Profiles of Acute Decompensation
	Causes and Risk Factors of Heart Failure

	Fundamentals
	Telemonitoring for Heart Failure
	ProCarement a Digital Health Start-Up
	ProHerz App a Telemonitoring System for Heart Failure
	Vital Parameters of the ProHerz App


	Related Work
	Relevance of Symptoms and Signs to Assess Health Status in Heart Failure
	Predictive Models for Heart Failure Early Warning Systems
	Research Goals

	Symptom and Parameter Analysis of Heart Failure
	Patient Questionnaire
	Data Acquisition
	Study Population
	Results
	Discussion

	Expert Interviews
	Data Acquisition
	Study Population
	Thematic Analysis
	Results
	Discussion


	Telemonitoring Data Analysis
	Data Set
	ProHerz Data Set
	CARNA Data Set

	Methods and Evaluation
	Data Preparation
	Statistical Methods
	ML-Based Regression

	Analysis of Health Status Data
	Relationship between Vital Parameters and Questionnaire Results
	Relationship between Vital Signs and Health Data from the CARNA Data Set
	Course of Vital Signs over the CARNA Study Period

	Results
	Relationship between Vital Signs and Questionnaire Results
	Relationship between Vital Signs and Health Data from the CARNA Data Set
	Course of Vital Signs over the CARNA Study Period

	Discussion
	Relationship between Vital Signs and Questionnaire Results
	Relationship between Vital Signs and Health Data from the CARNA Data Set
	Course of Vital Signs over the CARNA Study Period


	Discussion
	Conclusion and Outlook
	Patents
	Patient Questionnaire - Heart Failure Symptoms
	Interview Guide - Expert Interviews
	Additional Tables
	Acronyms
	List of Figures
	List of Tables
	Bibliography

