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Abstract

Chronic heart failure (HF) is a condition that affects more than 900,000 people in the UK
[1]. Mortality rates associated with the condition are high, with nearly 20% of patients
dying within one year of diagnosis [2]. Continuous monitoring and risk stratification can
help identify patients at risk of deterioration and may consequently improve patients’
likelihood of survival [3]. Current repeated-measure risk stratification techniques for
HF patients often rely on subjective perception of symptoms, such as breathlessness,
and markers of fluid retention in the body (e.g. weight) [4]. Despite the common use
of such markers, studies have shown that they offer limited effectiveness in predicting
HF-related events [5].

This thesis set out to identify and evaluate new markers for repeated-measure risk
stratification of HF patients. It started with an exploration of traditional HF measure-
ments, including weight, blood pressure, heart rate and symptom scores, and aimed to
improve the performance of these measurements using a data-driven approach. A multi-
variate model was developed from data acquired during a randomised controlled trial
of remotely-monitored HF patients. The rare occurrence of HF-related adverse events
during the trial required the developement of a careful methodology. This methodology
helped identify the markers with most predictive ability, which achieved moderate perfor-
mance at identifying patients at risk of HF-related adverse events, clearly outperforming
commonly-used thresholds.

Subsequently, this thesis explored the potential value of additional, accelerometer-
derived physical activity (PA) and sleep markers. For this purpose, the ability of
accelerometer-derived markers to differentiate between individuals with and without HF
was evaluated. It was found that markers that summarise the frequency and duration
of different PA intensities performed best at differentiating between the two groups and
may therefore be most suitable for future use in repeated-measure applications.

As part of the analysis of accelerometer-derived HF markers, a gap in the method-
ology of automated accelerometer processing was identified, namely the need for self-
reported sleep-onset and wake-up information. As a result, Chapter 5 of this thesis
describes the development and evaluation of a data-driven solution for this problem.

In summary, this thesis explored both traditional and new, accelerometer-derived
markers for the early detection of HF deterioration. It utilised sound methodology to
overcome limitations faced by sparse and unbalanced datasets and filled a methodological
gap in the processing of signals from wrist-worn accelerometers.
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Chapter 1

Background

1.1 Heart Failure

Heart failure (HF) is a common and debilitating condition with rising prevalence due to

an ageing population [1][6]. It is believed to affect more than 900,000 individuals living

in the UK [1] and consume up to 2% of the National Health Service’s budget [3][7].

Between 2002 and 2014 the number of new HF diagnoses in the UK grew by 12% from

an estimated total of 170,727 to 190,798. This rise is believed to be largely driven by

an increase in population size and age [1]. Figure 1.1, based on a recent study on HF

patients in the UK, illustrates the age distribution of HF incidence in the UK. Most HF

cases occur in individuals over the age of 60, with a mean HF population age of 77 years

[1]. As life expectancy increases, the incidence of HF continues to rise. Other factors

leading to the rise in HF cases include improved medical treatments leading to increased

survival rates after adverse events such as myocardial infarctions [8].

Clinically, HF is defined as a syndrome characterised by symptoms (such as breath-

lessness, swelling of the ankles) that results in reduced cardiac output and/or increased

intracardiac pressure [9]. As a result, the heart is no longer able to pump sufficient

blood around the body to supply its cells with oxygen [10]. HF can have a number of

functional and structural causes, including amongst others damaged heart tissue due to

1
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Figure 1.1: United Kingdom heart failure incidence in 2002 and 2014 stratified by age [1].

myocardial infarction (heart attack), high blood pressure or coronary heart disease [10].

In younger age groups, viruses causing an inflammation of the heart muscle or dilated

cardiomyopathy (an enlarged and weakened left ventricle) are amongst the prevalent

causes of HF [11].

HF is commonly divided into HF with reduced ejection fraction (EF), also known

as left ventricular HF, and HF with preserved EF, where the EF is a measure of the

amount of blood that is pumped out of the left ventricle as a percentage of the amount

of blood entering the ventricle (see Figure 1.2a). In a healthy adult, the EF typically

ranges between 50% and 70%. HF patients with reduced EF have EF values of less

than 40%. In patients with preserved EF the EF is greater than 40%; however stiffness

or damage of the heart means that the heart of these patients does not relax properly,

leading to a reduced filling of the ventricles during the relaxation phase of the heartbeat

[9]. Figure 1.2b shows the percentage of patients who participated in a cross-European

HF study with reduced and preserved EF, stratified by age [12]. Especially in younger

HF patients, HF with reduced EF is more common.

In the forthcoming sections an overview of HF diagnosis, symptoms, treatments and

adverse events will be provided. This overview will set the context in which the analyses
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(a) Visual representation of the heart’s structure in patients with heart fail-

ure with reduced (left) and preserved (right) ejection fraction. Adapted from

[13]
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fraction (EF), stratified by age. Based on 41,926 patients studied as part of

the MAGGIC study [12].

Figure 1.2: Heart failure and the ejection fraction.

described in this thesis were carried out. It will also demonstrate the need for accurate

and unobtrusive repeated-measure monitoring systems.

1.1.1 Diagnosis

An initial HF diagnosis is based on a detailed assessment of a patient’s symptoms and

their history of cardiovascular disease [9]. In non-emergency settings, the European
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Society of Cardiology (ESC) recommends that patients suspected of suffering from HF

undergo a screening test, whereby the plasma concentration of natriuretic peptides in

their blood is measured. Natriuretic peptides are short chains of amino acids that trigger

the kidney to extract sodium. A certain type of peptide, brain natriuretic peptide (BNP),

is produced as a result of pressure changes in the heart and its concentration is raised

in patients with HF. If the screening test finds that a patient’s BNP concentration is

above a given threshold, an echocardiographic examination (ultrasound examination of

the heart) is recommended. The echocardiogram is the gold standard for the diagnosis

of HF [9]. Using advanced ultrasound techniques, the ejection fraction of the heart can

be determined, as well as abnormalities in the structure and function of the heart.

1.1.2 Symptoms

HF patients may experience a range of symptoms, including amongst others breathless-

ness, fatigue and swelling [14]. As the kidneys are no longer supplied with sufficient

blood, they start producing hormones that trigger fluid and salt retention in the body.

This in turn leads to swelling (oedema) particularly in the legs, ankles and feet of pa-

tients. The increased levels of sodium and other substances in the blood can also lead to

an impaired mental state. As blood is no longer pumped through the body efficiently,

fluid may be pushed into the lungs, which may cause breathlessness and coughing [14].

As a result of the reduced blood supply in the body, important parts of the body,

such as the heart and the brain, may be prioritised leading to limited blood flow in areas

such as the legs and arms. This may cause fatigue in patients with HF. Patients may

also experience increased blood pressure and heart rate as the body tries to compensate

for the reduced blood flow [14].
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1.1.3 Treatments

1.1.3.1 Medication

For most people, HF is considered a chronic condition and as such there is no cure for

it. Instead, a combination of medication and lifestyle interventions are recommended to

mitigate symptoms such as swelling or breathlessness and reduce the long-term likeli-

hood of disease deterioration [9]. Commonly prescribed HF medications include diuret-

ics, angiotensin-converting enzyme inhibitors, angiotensin receptor blockers and beta-

blockers.

Diuretics target the problem of fluid retention in the body and can offer short-term

relief from HF-related water retention in the body [14]. They instigate the kidneys to

produce more urine resulting in a reduction of swelling, breathlessness and fatigue.

Angiotensin-converting enzyme inhibitors (ACE inhibitors) and angiotensin receptor

blockers (ARBs) on the other hand allow blood vessels to relax reducing blood pressure

in the body and therefore the strain on the heart, in turn increasing the EF of HF

patients [14]. Similarly, beta-blockers allow the heart to beat more slowly, resulting in

a reduction in the strain on the heart. Both ACE inhibitors [15] and beta-blockers [16]

have been shown to reduce the long-term risk of mortality in HF patients with reduced

EF. For patients with preserved EF, angiotensin-targeting medications and beta-blockers

have shown limited effectiveness [17].

1.1.3.2 Cardiac Devices

Some HF patients are affected by unevenly dispersing electrical signals across the heart,

which can reduce the effectiveness of the heart and also be a cause of sudden death [9].

Cardiac-resynchronisation devices (CRDs) can be implanted to control the beating of

the heart. In some cases these are also fitted with automatic defibrillators.
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1.1.4 Adverse Events

Despite existing HF treatments that can control symptoms and prevent long-term HF

deterioration, HF is a complex disease to manage and HF-related hospitalisation and

mortality rates remain high [2][18]. Every year, nearly one in three patients diagnosed

with HF experiences at least one hospitalisation [18]. According to a recent study of

54,000 UK HF patients, 19% of HF patients die within one year of diagnosis and almost

50% of HF patients die within five years of diagnosis [2].

Decompensated HF is defined as an acute worsening of HF-related symptoms and

is a major cause of HF-related hospitalisations and deaths [19]. Fluid accumulation

in the lungs or other tissues of the body can result in extreme breathlessness and/or

swelling [14]. Acute decompensation can for example be caused by non-compliance with

treatment or by arrhythmias and ischemias. Other causes of HF-related hospitalisations

may include renal dysfunction (kidney failure) or dizziness and falls.

In addition to decompensated HF, sudden cardiac death is another common cause

of mortality for HF patients [14][19]. Acute irregularities in the heart beat (e.g. tachy-

cardia), which lead to a break-down of the signalling pattern of the heart, are believed

to be a primary cause for sudden cardiac death in HF patients [14].

1.2 Heart Failure Management

Appropriate patient management can improve quality of life and reduce a patient’s

likelihood of experiencing adverse events [3]. The National Institute for Health and Care

Excellence (NICE) therefore advises regular consultations with HF specialists. In order

to determine the frequency and intensity of visits/monitoring required, single-contact

risk stratification methods can be employed. To obtain a more granular picture of patient

well-being over time, particularly in patients with severe HF, repeated risk assessment
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(e.g. through daily measurements) can be used. The following section provides a brief

overview of some of the commonly used HF risk-assessment methods. It starts with an

introduction to single-contact risk assessment methods and progresses to describe ways

to monitor HF progression more closely over time.

1.2.1 Single-measure Risk Stratification

Risk stratification is the process of assigning patients to risk groups based on factors

such as their clinical characteristics and demographics. This may help inform treat-

ment decisions and provide clarity to patients and their families [20]. A number of risk

stratification algorithms have been developed to date and these vary with respect to the

outcome they are trying to predict (e.g. hospitalisation, death) and the variables that

they include [20].

Single-contact scores include algorithms such as the Get With the Guidelines-Heart

Failure (GWTG-HF) score and the Meta-analysis Global Group in Chronic HF (MAG-

GIC) score [21][22]. The GWTG-HF score uses seven demographic, medical history and

laboratory variables to predict in-hospital mortality in patients hospitalised with HF

[21]. The MAGGIC score uses 13 variables as a predictor of one- or three-year mortality

in patients with HF [22]. According to the authors, patients assigned to the highest

decile of the three-year mortality score are at a 70% risk of death, whereas patients

assigned to the lowest quintile are at a 10% risk of death. Validation on an external

dataset showed the model achieved a C index of 0.741 [23]. Rahimi et al. conducted a

systematic review of 64 risk prediction models in patients with HF and identified vari-

ables that were strong predictors of death [20]. These included, amongst others, age,

renal function, blood pressure and ejection fraction.
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1.2.2 Repeated-measure Risk Stratification

The purpose of repeated-measure risk stratification is to identify patients at risk of

deterioration early and to optimise patient care accordingly [4]. In HF patients, this can

be achieved by

• Adjusting a patient’s fluid balance through diuretic medication management,

• Detecting and acting on potential causes for HF adverse events, such as heart

rhythm abnormalities, hypertension or infections,

• Optimising medical therapy to improve quality of life and reduce likelihood of

adverse events.

For this purpose, patients are asked to take regular readings of a variety of phys-

iological or symptom markers. These readings can be stored in a number of different

ways, ranging from hand-written diaries to purpose-built tele-monitoring systems. Once

recorded, readings are analysed to identify any abnormalities that may suggest patient

deterioration (e.g. weight increases suggesting fluid retention in the body) or opportuni-

ties to improve a patient’s long-term likelihood outcomes (e.g. ACE inhibitor titration)

[4]. Traditionally, this is done through review of patient data by a healthcare pro-

fessional. More recently, automated stratification algorithms (or early-warning scores)

have been developed to identify and flag patients at risk of deterioration [5]. Algorithms

may be based on different types of physiological measurements, such as weight, blood

pressure or other measurements. The following paragraphs provide an initial overview

of measurements used within repeated-measure systems for HF patients as well as the

evidence behind them. A more detailed review of some of the markers will be provided

at the beginning of Chapter 4.

1.2.2.1 Weight

Many measurements used within repeated-measure risk-stratification systems for HF

patients aim to capture fluid retention in the body [24]. Increases in weight may indicate
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fluid retention and require adjustment of medication. The ESC has previously advised

to carefully monitor weight changes and to respond to sudden weight gain [25]. In

particular, they recommend that weight changes of more than 2kg within a period of

three days should be reported to a healthcare professional. Remote monitoring trials

have implemented absolute weight change thresholds as recommended by the ESC and

studied their ability to predict patient deterioration [26]. In addition to this, other

studies have considered the percentage change in weight and the standard deviation of

weight over a given period as potential markers for HF deterioration [26][27][28].

1.2.2.2 Symptoms

Symptoms such as swelling in the legs and breathlessness can be further markers for fluid

accumulation in the body. Other symptoms, such as chest pain or fatigue, may not be

caused by fluid retention but still provide an important insight into patient well-being

[29]. Worsening symptoms are indicators of disease deterioration and have been used as

predictors in a number of HF home monitoring studies [5][30].

In particular, the New York Heart Association (NYHA) functional classification score

[31] has been used as a marker for deterioration. The NYHA classification scores patients

on a scale of 1-4 based on the amount of breathlessness they experience. Patients who

experience no unusual amount of breathlessness during rest or activity are given a score

of 1, patients who experience shortness of breath even at rest are given a NYHA score

of 4 (see Table 1.1).

Despite the common use of symptoms as markers for disease worsening, concerns

have been raised regarding the accuracy of symptom reports, which may be affected by

cognitive ability and comorbidities [24].
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NYHA Class Description

I No limitation of physical activity. Ordinary physical activity does not
cause undue breathlessness, fatigue or palpitations.

II Slight limitation of physical activity. Comfortable at rest, but ordinary
physical activity does cause undue breathlessness, fatigue or palpitations.

III Marked limitation of physical activity. Comfortable at rest, but less than
ordinary physical activity does cause undue breathlessness, fatigue or
palpitations.

IV Unable to carry on any physical activity without discomfort. Symptoms at
rest can be present. If any physical activity is undertaken, discomfort
increases.

Table 1.1: Definitions of New York Heart Association (NYHA) functional classes.

1.2.2.3 Blood Pressure

Both high and low levels of blood pressure can be potential risk factors in HF patients.

HF patients with high blood pressure are at increased risk of experiencing myocardial

infarctions. Certain HF medications aim to dilate blood vessels and reduce blood pres-

sure (ACEs, ARBs). If the blood pressure is reduced by too great an amount however,

this can lead to dizziness and fainting. In order to ensure patients are not affected by

extreme levels of blood pressure, the ESC advises to carefully monitor blood pressure

[25].

1.2.2.4 Other Markers

In addition to the previously described markers, a number of other measurements have

been proposed for repeated-measure risk stratification in HF patients. Intrathoracic

electrical impedance measurements can detect fluid retention in the lungs (thorax) and

have been found to perform moderately well at identifying HF deterioration up to 30

days early [32]. Heart rate variability (HRV) has also been considered as a marker

for repeated-measure monitoring of HF patients [33]. Adamson et al. [33] studied the

ability of HRV to predict HF-related hospitalisations. In their study of 397 patients

with implantable devices they found that HRV was 70% sensitive in predicting hos-

pitalisations with 2.4 false-positives per patient year of follow-up [33]. Other studies
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have proposed the use of haemodynamic monitors to identify patient deterioration [24].

Haemodynamic monitors invasively measure arterial and venous blood pressures. In a

multi-centre study by Abraham et al. [34], a tele-monitoring system based on implanted

haemodynamic monitors proved to significantly reduce hospitalisations in HF patients

with NYHA functional status of III. Despite the fact that such monitors have shown

promising performances in predicting HF events, Desay and Konstam [5] suggest that it

is unlikely that invasive haemodynamic devices will offer a scalable solution.

1.2.3 Physical Activity as a Heart Failure Marker

Current non-invasive repeated-measure risk-stratification techniques have been shown to

offer limited accuracy in predicting HF-related adverse events [24]. The work discussed

in this thesis will try to improve the accuracy of traditional markers as well as explore

the predictive performance of additional non-invasive markers, namely physical activity

(PA) and sleep patterns of HF patients.

The relationship between PA and HF has been the focus of a number of studies

[35][36]. Whilst some analyses have been concerned with the relationship between PA

and risk of developing HF later in life, there is also interest in understanding activity

patterns of patients with diagnosed HF. Analysis of these activity patterns can offer

insights into the impact of HF on a patient’s daily living and may provide a marker for

risk stratification [37]. The following paragraphs provide background information on PA

patterns in HF patients and their potential role in repeated-measure risk stratification.

1.2.3.1 Physical Activity Patterns of Heart Failure Patients

Patients with chronic HF have been shown to be less physically active than healthy

individuals of their age. Chessum et al. [36] conducted a study on 24 patients with

HF and 24 healthy controls, in which patients were asked to self-report their levels of

activity. Their results suggested that patients with HF spent on average 20-40% less
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time in moderate to high intensity activity than healthy controls [36].

Even within the HF patient population, different levels of PA can be observed. Dontje

et al. [38] measured PA in 68 HF patients using a wrist-worn accelerometer and found

that higher NYHA classification and lower self-efficacy (dependent on confidence) led

to reduced levels of PA. Their findings were supported by the outcomes of a study run

by Braunschweig et al. [39], according to which, walking distance measured post device

implantation with an accelerometer-fitted cardiac-resynchronisation therapy device was

correlated with the NYHA classification of a patient. Other factors such as comorbidities,

weather and encouragement may also affect the activity levels of HF patients [40].

1.2.3.2 Physical Activity as a Marker for Single-measure Risk Stratification

Device-captured PA offers an objective measure of patient well-being and may therefore

be a suitable tool for single-measure risk stratification [41]. Activity data collected

from implanted devices has repeatedly been proposed for this purpose: Conraads et al.

[37] conducted a study on 781 HF patients with implantable cardioverter defibrillators

(devices used to control irregular heart rhythms) and found that PA in the 30 days

after device implantation was correlated with time to death in patients with HF as

well as risk of re-hospitalisation. Their study used the average daily minutes above a

set activity threshold as their risk marker [37]. Tyagi et al. [42] studied 62 patients

with an implanted pacemaker and found that pacemaker-derived PA predicted all-cause

mortality in their patient population. Patients who had on average ≥ 2 hours of >70

steps/minute activity per day were three times less likely to die within an eight-year

follow-up [42].

Non-invasive accelerometers and pedometers have also been proposed as single-measure

risk stratification markers. Walsh et al. [43] followed 84 HF patients for a mean period

of 710 days. Patients were asked to wear two hip-worn pedometers for a period of one

week. The study found that the mean weekly pedometer score was predictive of HF-
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related deaths. Izawa et al. [44] found that average daily step counts over a period of

eight days were a predictor of mortality in Japanese HF patients. Izawa et al. followed

170 HF outpatients over a mean period of four years. Patients with average daily step

counts of <4,889 at the beginning of the study were twice as likely to die than patients

with higher step counts. Rullman et al. [45] studied the predictive value of PA in pa-

tients with HF and found that peak activity variance was related to five-year mortality

and re-hospitalisations. Activity was measured in 60 HF patients using a waist-worn

accelerometer over a period of seven days. The predictive value of the accelerometer

output was increased when including peak oxygen uptake and HF survival score in the

prediction. The HF survival score rates cardiovascular performance based on a number

of variables, including amongst others ejection fraction and blood pressure, and was

originally developed to identify candidates suitable for cardio-transplantation [46].

1.2.3.3 Physical Activity as a Marker for Repeated-measure Risk Stratifi-

cation

Limited work has been conducted on repeated-measure PA monitoring for HF patients

[47]. Jehn et al. [48] integrated an at-home six-minute walk test (6MWT) into a tele-

monitoring system. The 6MWT is a test to evaluate patient fitness and endurance and

has been shown to be predictive of long-term outcomes of patients [49]. Patients were

provided with a waist-worn accelerometer and asked to perform a monthly 6MWT. The

accelerometer was equipped with a button that needed to be pressed at the beginning of

the recording period and automatically stopped recording after six minutes. The device

also captured walking intensity and step counts during the 6MWT. The authors found

that the at-home 6MWT was more correlated with questionnaire-based quality of life

than the NYHA classification.

Aranki et al. [47] described a repeated-measure real-time activity monitoring system

for HF patients. This was a smartphone based system that used the in-device accelerom-

eter to calculate daily energy expenditure and forwarded this information to clinicians.
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Aranki et al. ran a three-month pilot study to test their system on 15 HF patients

and found that smartphone position and compliance were challenges to optimal system

performance [47].

Suh et al. [50] developed two versions of a tele-monitoring system that recorded PA

as well as weight and blood pressure in HF patients. Their initial version of the system

included a pocket-worn accelerometer to collect daily energy expenditure readings. The

second version of the system collected activity readings through a smartphone-embedded

accelerometer. Suh et al. tested their tele-monitoring system on 26 HF patients and

found that it reduced abnormal (according to the guidelines) weight and blood pressure

readings as a result of feedback from clinical staff to patients. Within this study, activity

data were used to ensure PA compliance rather than as a risk marker for HF deterioration

[50].

1.2.3.4 Lessons from Other Disease Areas

Activity monitors have been used in various areas of medicine, including chronic disease

management, recovery and mental health [51] [52]. In a large proportion of studies,

activity monitors are worn for relatively short periods of time, e.g. one or two weeks

at the beginning of a study [53]. Studies that record data for a longer time period

seem to be based on intuitive and convenient recording methods. Alahmari et al. [54]

conducted a study on 73 chronic obstructive pulmonary disease (COPD, a chronic lung

condition) patients. Patients were asked to keep a manual record of their symptoms

and step count, on a daily basis. Step counts were collected using a pedometer. After a

12-month period, data were analysed to study activity characteristics during stable and

exacerbation (acute worsening) periods [54]. The study found that step counts of COPD

patients fell by more than 10% during exacerbation periods. Patients with comparably

large reductions in step counts took longer to recover from their exacerbation.

Other systems used smartphone devices to repeatedly monitor PA behaviours. Bardram
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et al. [52] developed a smartphone-based system to record activity in patients with

bipolar disorder. Patients manually entered information on their daily activity level

in addition to objectively-recorded activity by the smartphone. The evaluation of the

system on 17 patients showed that the physical and social activity of patients correlated

with clinically-rated depressive symptoms [55].

1.2.4 Sleep as a Heart Failure Marker

In addition to PA, the sleeping patterns of HF patients may also be of potential interest.

HF has been shown to affect both the quality and duration of sleep [56][57]. More

than 50% of HF patients suffer from sleep apnoea [56], a condition in which breathing

intermittently stops during sleep. Sleep apnoea has been shown to negatively impact

the quality of life of patients and potentially affects their likelihood of survival [58]. In

addition to this, reversal of sleep apnea has shown to have a positive impact on HF

markers, such as blood pressure and systolic contraction, however studies on the its

effect on mortality are lacking [59].

Despite the potential benefits of sleep monitoring, research on sleep monitoring in HF

patients has been limited [60][61]. Studies include an evaluation of an under-mattress

sensor to detect changes in breathing rates of patients [60] and the analysis of a posture

sensor to detect up-right sleeping position as a derivative marker of worsening in HF

symptoms [61].

1.2.5 Motivation for Thesis

In summary, HF is a common and complex condition that is associated with high rates of

hospitalisations and deaths [18]. A large number of HF-related adverse events are related

to HF decompensation, a situation in which HF symptoms, such as breathlessness and

swelling, gradually increase [19]. Using appropriate techniques this gradual deterioration

may be detected early allowing for timely intervention and the prevention of HF-related
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hospitalisations and deaths [5].

Home monitoring technologies can be used to monitor physiological and symptom

markers over time and may provide a suitable tool to identify HF deterioration early

[24]. In addition to this, such technologies may improve patient management post hos-

pital discharge and therefore improve HF outcomes [4]. Factors through which this may

happen include the optimisation of diuretic therapy, identification of clinical abnormali-

ties (e.g. heart rhythm abnormalities) or abnormal readings and the implementation of

evidence-based therapy.

Despite the potential benefits of HF home monitoring systems, they have been shown

to have varying effectiveness in reducing HF-related adverse events [5] [30]. A review

of HF tele-monitoring studies by Desai et al. [5] found that such systems provide little

incremental value to HF patients’ quality of life and clinical outcomes, especially once

patients are well-managed and on evidence-based clinical therapy. The authors conclude

that effective HF home monitoring systems will need to detect HF deterioration early

and accurately with sufficient time to allow for intervention. According to Desai et al.,

current weight-change thresholds and symptom markers do not fulfil these criteria.

As a result, this thesis set out to look beyond traditional thresholds and markers to

predict HF deterioration. It set out to i) improve the predictive value of traditional HF

markers using a data-driven approach (Chapter 4) and then to go a step further by ii)

analysing the potential value of new PA and sleep markers for future home monitoring

systems (Chapter 6). As part of the latter analysis, a methodological gap in the process-

ing of accelerometer signals became apparent: current sleep detection methods require

self-reported sleep-onset and wake-up times. Chapter 5 of this thesis therefore addresses

this gap and describes the development and evaluation of an automated sleep-boundary

detection method.



Chapter 2

Datasets

2.1 Introduction

This chapter provides an overview of the datasets employed throughout this thesis.

A total of three datasets were used, including both HF-specific and more generic ac-

celerometer datasets. Section 2.2 describes the study layout and data collection of the

SUPPORT-HF2 (SHF2) datasets. This dataset was collected over a two-year period and

contains daily weight, blood pressure and heart rate measurements as well as symptom

scores for more than 200 HF patients.

Section 2.3 introduces the dataset used for the development and evaluation of the

data-driven sleep-boundary detection methods described in Chapter 5 of this thesis. The

accelerometer dataset contains accelerometer signals for 50 individuals as well as their

self-reported sleep-onset and wake-up times.

Finally, Section 2.4 provides information on the UK Biobank resource, a data re-

source which contains both accelerometer recordings and HF diagnostic information.

This resource was used to identify potential PA and sleep markers for future HF home

monitoring systems (Chapter 6).

17
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The study set-up for the SHF2 study was part of the work undertaken for this thesis.

All other datasets were made available through research collaborations, with all data

analyses described in the following chapters undertaken as part of the research for this

thesis.

2.2 Heart Failure Tele-monitoring Data (SUPPORT-

HF)

The initial research on traditional markers for repeated-measure risk-prediction de-

scribed in this thesis was based on the analysis of data from the SUPPORT-HF (Seam-

less User-centred Proactive Provision Of Risk-stratified Treatment for HF, SHF) study.

The purpose of this study was to develop a user-centered home monitoring system for

patients with chronic HF and to evaluate its ability to reduce HF-related hospitalisa-

tions and deaths. The study comprised two stages to date; the SHF1 study, during

which the home-monitoring system was tested and iteratively improved [62][63] and

the SHF2 study (Scotland South East Research Ethics Committee (REC) approval date

28/08/2014, reference 14/SS/1025), a randomised controlled trial evaluating the effect of

the developed home monitoring system on evidence-based patient management (includ-

ing optimal medication therapy) and as a secondary outcome HF-related hospitalisations

and deaths.

In the following paragraphs, the SHF system and the SHF2 trial will be introduced.

Subsequently, the population studied as part of the SHF2 study will be described.

2.2.1 The SUPPORT-HF System

The SHF system is a mobile health platform for self- and remote-management of HF

patients. It was developed using an iterative approach taking into account feedback

from both patients and medical staff [63]. The core components of the SHF system
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are a computer tablet (running on the Android operating system), a Bluetooth-enabled

weighing scale and a Bluetooth-enabled blood pressure monitor (see Figure 2.1), which

automatically uploads weight and blood pressure measurements. The computer tablet

runs the SHF application, which allows patients to

1. Answer a questionnaire to obtain their NYHA classification score

2. View their self-monitoring measurements and assessment history

3. Present information on HF, its symptoms and commonly used medications

4. Establish contact with the SHF clinical team.

Figure 2.1: Components of the SUPPORT-HF system.

2.2.1.1 Devices

Weighing scales

Three types of weighing scales were used during the SHF studies, all of them available

from A&D (Tokyo, Japan). The scales were chosen based on their ability to transfer

weight measurements via Bluetooth. During the initial study phase (SHF1), A&D UC-

321PBT scales were used. However, the manufacturer discontinued this model and a

subset of SHF2 patients were therefore provided with A&D UC-355PBT-Ci (maximum

weight of 250 kg) and UC-351PBT-Ci (maximum weight of 150 kg) scales. Despite

differences across patients, each individual patient was using the same weighing scale

throughout the study period.
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Blood pressure monitors

The blood pressure monitors used for the SHF study were the Food and Drug Adminis-

trative (FDA) and CE approved A&D UA-767PBT and UA-767PBT-Ci monitors, which

used oscillometric technology [64] to derive systolic and diastolic blood pressure values

as well as heart rate information. The blood pressure monitors were chosen based on

their ability to transmit measurements via Bluetooth to the SHF application.

2.2.1.2 Daily Monitoring

When entering the SHF application, patients were directed to the ’My health diary’

section (see Figure 2.2a). Here they were guided through a three-step assessment process:

at first they were asked to answer the NYHA questionnaire to assess their ability to

breathe normally during non-exercise and exercise activities. Next, patients were asked

to take their blood pressure measurements by putting the blood pressure cuff on and

waiting for the measurement to appear on the tablet screen (see Figure 2.2b). Finally,

patients were asked to weigh themselves (see Figure 2.2c).
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(a) The health diary page. (b) Introduction on how to monitor blood

pressure.

(c) Introduction on how to monitor weight. (d) Example of blood pressure readings.

Figure 2.2: Functionality of the SUPPORT-HF system.

2.2.1.3 Data Transfer

Participants’ data were transferred regularly from the tablet computer via the Internet

to a secure NHS server acting also as the SHF backend. Data were transferred over an

encrypted channel to guarantee data security. Data on the SHF backend were stored

encrypted for the same reason. Clinical staff could review patient information by logging

into the system using username and password. The SHF backend offered the option to

review patient measurements and store additional patient information, such as demo-

graphics, blood test results, prescribed medications or general notes. The components

and functionalities of the SHF system are summarised in Figure 2.3
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Figure 2.3: Components of the SUPPORT-HF system. Data were recorded on the computer

tablet and transferred from there to the system server on a daily basis.

2.2.2 SUPPORT-HF2 Study

2.2.2.1 Study Population

The SHF2 study was a randomised controlled trial with the aim of evaluating the ability

of a home-monitoring system to optimise medical therapy and reduce adverse events in

HF patients. Ethical approval for the trial was obtained from the South-East Scotland

multi-centre REC (approval date 28/08/2014, reference 14/SS/1025).

Participants were recruited from seven different sites across the UK and Northern

Ireland (Belfast, Exeter, Frimley, Manchester, Milton Keynes, Leicester and Oxford).

Participants were eligible to take part in the study if they had a confirmed diagnosis

of HF and were likely to benefit from home monitoring. The latter was defined as HF

patients with NYHA functional class scores of II to IV, BNP > 100 pg/L (see 1.1.1) or

NT-pro-BNP (released during the production of BNP) > 360 pg/L in the last 30 days

or patients not on optimal treatment. In addition to this, patients had to either have

a >10% probability of one-year mortality (calculated using the MAGGIC score) or had

to have experienced at least one HF-related hospital admission within the previous 12
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months.

Participants interested in taking part in the SHF study were visited by a HF nurse

and introduced to the SHF system. They were asked to provide demographic, medication

and disease history information. A blood sample was taken in order to measure their

BNP and NT-pro-BNP values. Finally, patients were asked to provide informed consent,

if they were interested in taking part in the study. They were then provided with the

SHF system.

After evaluation of the data collected during the first visit, participants eligible to

take part in the SHF2 study were randomly assigned to the intervention or control group.

This was done whilst adjusting for type of HF (reduced versus preserved ejection frac-

tion), baseline risk of death (based on MAGGIC score) and study site. All patients were

subsequently asked to use the system for a period of six months. Patients in the control

arm were able to use the SHF system to record and review their measurements, contact

the clinical team and read the HF educational advice; however only participants in the

intervention group were provided with feedback and clinical advice on medication use.

After the completion of the six-month monitoring period, patients could stop monitor-

ing, in which case they were monitored for health outcomes without any intervention

’passive monitoring’, or continue monitoring until trial end, in which case the control/

intervention monitoring was extended (see Figure 2.4).

Feedback was based on a set of technical and clinical scores that enabled clinical

staff to monitor patients and identify those in need of clinical attention. The technical

score provided information on system-usage and any participants with missing measure-

ments for three or more days were flagged. This included participants from both the

intervention and control arm of the study.

The clinical scores included a patient well-being (medical) score and a treatment
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Weeks

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

First visit

Randomisation

Active monitoring

Completion

Passive monitoring

Figure 2.4: The SUPPORT-HF timeline from recruitment to passive follow-up.

score. The medical score was based on clinical guidelines and aimed to make clinical

staff aware of any potentially deteriorating patients in the intervention group. The

following thresholds were used:

• Weight change of ≥ 2 kg in three days

• Systolic blood pressure of > 150 mmHg or < 100 mmHg

• Diastolic blood pressure of > 100 mmHg or < 60 mmHg

• NYHA ≥ 1 higher than median across previous six days

The treatment score was implemented to visualise how closely the treatment regimen

of a patient followed the guideline-recommended HF treatment in order to encourage

evidence-based adjustments. The SHF clinical staff received daily emails with a list of

participants who were flagged according to the technical and clinical scores. They then

used their clinical judgement and knowledge of the patients to decide which patients to

contact.

2.2.2.2 Data Overview

A total of 202 patients were randomised during the SHF2 study, including 57 (28%)

female and 145 (72%) male participants. Patients had a median (interquartile range)
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age of 73 (64-81) years and a median MAGGIC score of 23 (18-28)%. 60% of participants

had HF with reduced ejection fraction and 92% of patients rated their technical ability

of using a computer tablet as poor or intermediate. Table 6.1 provides an overview of

the baseline characteristics of the SHF2 patients stratified by NYHA score.

NYHA I II III IV All
(n = 64) (n = 54) (n = 67) (n = 17) (n = 202)

Age, years 73 (65-80) 73 (65-78) 76 (64-81) 68 (64-78) 73 (64-81)
(median (IQR))
Sex, female 23% 17% 39% 41% 28%
Reduced EF 64% 54% 64% 53% 60%
MAGGIC score 20 (14-25)% 20 (17-24)% 26 (22-31)% 28 (25-31)% 23 (18-28)%
Comorbidities
Hypertension 48% 33% 58% 35% 47%
DM 31% 28% 33% 41% 32%
COPD 12% 17% 19% 29% 17%
CKD 9% 6% 22% 35% 15%

Technical skills
Poor 36% 44% 46% 59% 44%
Intermediate 53% 48% 46% 35% 48%
Expert 11% 7% 7% 6% 8%

Monitoring duration, 198 203 201 197 200
days (median (IQR)) (154-234) (165-230) (180-227) (127-216) (158-232)
(months)
Missing values 11 (4-19)% 10 (5-24)% 9 (3-21)% 7 (1-38)% 10 (3-22)
(median (IQR))
Adverse events (n) 7 10 15 6 38

Table 2.1: Baseline characteristics and compliance and adverse event information for partic-
ipants randomised into the SUPPORT-HF2 study. Data are stratified by New York Heart As-
sociation (NYHA) class. IQR = interquartile range. EF = Ejection fraction. DM = Diabetes
mellitus. COPD = Chronic obstrusive pulmonary disease. CKD = Chronic kidney disease.

Patients recorded daily measurements for a median period of 200 (158-232) days or

7 (5-8) months. Figure 2.5a shows the distribution of monitoring durations in months.

Monitoring duration was defined as the first to last day with any weight, blood pressure
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or NYHA data. 53 participants had less than six months worth of monitoring data.

These included a small number of participants who discontinued the study (n=14), as

well as patients who stopped recording their data because of death or unknown reasons

(n = 6). In addition, 33 participants had not reached their six-month data collection

point by the end of the study.

The median percentage of missing data was 10 (3-22)%. For this purpose, missing

days were defined as days with no measurements. Any day with a single measurement

(e.g. only weight) was not classed as having missing data. Figure 2.5b shows the

distribution of the percentage of missing data days. It can be seen that a majority of

patients had complete data for more than 85% of days, however a few participants have

up to 80% missing values. The percentage of missing data days appears to be similar

across NYHA-based disease severity (see Table 6.1).

Figure 2.5c shows the distribution of HF-related adverse events recorded throughout

the SHF2 study. 44 adverse events were recorded from 38 participants. More than 160

study participants did not experience HF-related adverse events during the SHF2 study.
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(c) Histogram of number of adverse events

across patients.

Figure 2.5: Summary statistics for the SUPPORT-HF2 study.

2.3 Labelled Actigraphy Dataset (Cognitive Health in

Ageing Exercise Study)

Accelerometer recordings and self-reported sleep and wake data were collected as part of

the Cognitive Health in Ageing Exercise (CHA) study. Ethical Approval for this study

was obtained from the local REC (Oxford REC B Ref 10/H0605/48).
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Exercise control/intervention

2nd recording
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2nd recording

Figure 2.6: The Cognitive Health in Ageing Exercise study timeline.

2.3.1 Study Population

The purpose of the CHA study was to analyse the effect of an anaerobic exercise inter-

vention on brain MRI (Magnetic Resonance Image) measures. Adults between the ages

of 60 and 80 years that self-reported less than 60 minutes of heart-rate increasing PA

per week and no contraindications to MRI scanning or fitness testing were eligible to

take part in the research study. After providing informed consent, eligible participants

were randomly assigned to a PA intervention or ’wait-list’ control group. Participants

in the intervention group were asked to take part in three monitored training sessions

a week; participants in the control group were told to continue with their normal ac-

tivity programme. After a period of 12 weeks the intervention and control groups were

interchanged (see Figure 2.6).

2.3.2 Devices

Participants wore the GENEActiv (Activinsights, Cambridge, UK) accelerometer on

their non-dominant wrist for nine consecutive days in weeks 0, 12 and 24 of the study

and filled in daily sleep diaries with lights-off, asleep (sleep-onset) and wake-up infor-

mation during these periods. Information on sleep interruptions or day-time naps was

also recorded (see Figure 2.8). The GENEActiv sensor (see below) contains a tri-axial

accelerometer as well as a temperature sensor and has previously been validated for
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sleep research [65][66]: Van Hees et al. compared GENEActiv sleep scores to the gold-

standard for sleep detection, polysomnography [67], in 28 healthy adults and found

that accelerometer scores achieved sensitivities (correctly identified sleep epochs of five-

minute length) and specificities (correctly identified wake epochs of five-minute length)

of 91% and 45% respectively. Accelerometer data were collected at a sampling frequency

of 87.5Hz.

The self-reported sleep-onset and wake-up times were recorded by means of a so-

called sleep-diary (see Figure 2.8). Patients were asked to fill in the lights-off, asleep

(sleep-onset) and wake-up times. In addition to this, information on day-time naps and

sleep interruptions was recorded.

(a) GENEActiv wrist-worn monitor used

as part of the Cognitive Health in Ageing

(CHA) Exercise study.

(b) Axivity wrist-worn monitor used as

part of the UK Biobank resource.

Figure 2.7: Accelerometer monitors relevant to this thesis.
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Figure 2.8: Sleep diary used to collect sleep-onset and wake-up information.

2.3.3 Data Overview

51 participants took part in the CHA Exercise study, 46 of whom had at least one day’s

worth of accelerometer recordings with corresponding self-reported sleep information. A

total of 972 days’ worth of accelerometer recordings were included in the analysis. The

mean age of all included participants was 66.7 (standard deviation: 5.4) years. 29 (63%)

participants were female, 17 (37%) male. Table 2.2 provides an overview of participant

characteristics and self-reported data grouped by tertiles of total sleep duration (tertile

boundaries: 0h-7.3h, 7.4h-8.0h, 8.1h-9.2h).
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Tertile 1 Tertile 2 Tertile 3 All
(0-7.3h) (7.4-7.9h) (8.0-9.2h)

n 15 14 17 46
Age, years 66 (62-70) 66 (64-70) 64 (62-67) 65 (62-74)
(median (IQR))
sex, female 60% 64% 59% 61%
Self-reported days 25 (18-27) 21 (11-27) 18 (16-26) 18 (18-27)
(median (IQR))
Total sleep time (h) 6.7 (6.5-7.0) 7.7 (7.5-7.8) 8.3 (8.1-8.6) 7.6 (6.1-8.1)
(median (IQR))

Table 2.2: Baseline characteristics and self-reported sleep information of participants taking
part in the Cognitive Health in Ageing (CHA) Exercise study. Characteristics are provided by
tertiles of self-reported total sleep time. IQR = interquartile range.

2.4 Heart Failure Accelerometer Dataset (UK Biobank)

The UK Biobank resource [68] was used to study objectively-recorded PA and sleep

behaviours of HF patients and to identify potential markers for repeated-measure HF

risk-stratification. The UK Biobank is a registered charity with the aim of improving

prevention, diagnosis and treatment of life-threatening diseases [68]. Between 2006 and

2010, the charity recruited 500,000 subjects aged 40-69 years from across the United

Kingdom and collected their self-reported information, physiological measurements and

biological samples. These data are available to researchers across the world. The UK

Biobank has ethical approval from the North West multi-centre REC, which covers the

UK.

2.4.1 Study Population

Participants whose data are stored in the UK Biobank resource were recruited via their

NHS contact details and invited to take part in an assessment centre, where they received

further information and, if willing to participate in the study, were asked to sign an

informed-consent form. Participants then took part in a baseline assessment, which
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involved the completion of a questionnaire on topics such as diet, PA, smoking and

medical history, and the collection of physiological measurements (e.g. blood pressure,

height, weight, etc.) and biological samples. Repeat assessments collecting the baseline

information again have been run on subgroups of the UK Biobank population (see Figure

2.9).

2004	 2006	 2008	 2010	 2012	 2014	 2016	 2018	

Recruitment	and	baseline	
data	collection	
•  Self-reported	physical	activity	
•  Age,	sex,	ethnicity,	etc.	

Accelerometer		
recordings	

Recruitment	

Repeat	assessments	

Accelerometer	
recordings	

Present	

Figure 2.9: Timeline of UK Biobank data collection showing time of baseline data collection,

collection of repeat assessments (run on sub-groups of the original participant pool) and time of

accelerometer data collection.

Accelerometer data from 100,000 UK Biobank participants were collected between

May 2013 and 2015 [69]. UK Biobank participants were contacted via email and provided

with an Axivity AX3 (Open Lab, Newcastle, UK) accelerometer (see Figure 2.7b) if they

agreed to take part in the activity data collection. Participants were told to wear the

tri-axial accelerometer continuously on their dominant wrist for a period of seven days.

This is different to the wearing location of the CHA Exercise study. Both the dominant

and the non-dominant wrist have been used in previous accelerometer studies depending

on the types of activities that are to be detected [70]. Generally, activities that involve

the use of the dominant arm and wrist, such as holding objects, writing, etc. will be

easier to detect using monitors worn on the dominant wrist. The accelerometer recorded

data at a frequency of 100 Hz and a range of +-8 g (gravity units).
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No HF HF
Self-reported PA 388,469 1,605

Accelerometer-based PA 96,109 596

Table 2.3: Sample sizes of the subpopulations of the UK Biobank collected at baseline (self-
reported Physical Activity (PA)) and at the time of the accelerometer recordings grouped by
Heart Failure (HF) status.

Long-term health-related information is linked to the UK Biobank on an annual

basis, from sources including the Office for National Statistics (Death and emigration

information) and the Department of Health’s Hospital Episode Statistics (HES). The

latter contains information on English residents that are either NHS-funded or NHS-

treated, including

1. Admitted in-patient data (1997 onwards)

2. Outpatient data (2003 onwards)

3. Accident and emergency data (2008 onwards).

At the point of data extraction, health-related outcome data were based on hospital-

admission data up until March 2015. Figure 2.9 shows a timeline summarising the

different stages of the UK Biobank data collection and the data used as part of the

analysis described in this thesis.

2.4.2 Data Overview

The UK Biobank resource collected data from a total of 502,602 participants. 390,074

participants provided complete self-reported PA information at baseline, 1,605 of whom

had previously been diagnosed with HF (see Table 2.3). Accelerometer-based PA data

with good calibration and wear-performance were collected for 96,705 UK Biobank par-

ticipants, 596 of whom had been diagnosed with HF at the time of recording. Detailed

characteristics of the participants in both the self-reported and accelerometer-based PA

groups are provided in the results section of Chapter 6.
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2.5 Summary

In summary, three datasets were used as part of this thesis: firstly, the SHF2 dataset,

which contains approximately six months’ worth of tele-monitoring data for 202 HF

patients. This dataset was used to develop and test repeated-measure risk-prediction

methods based on traditional HF markers.

The second dataset, the CHA Exercise dataset, contains accelerometer recordings and

self-reported sleep-onset and wake-up information for 46 participants. These data were

used to develop data-driven sleep-boundary detection methods to fill the methodological

gap in the automated processing of accelerometer signals.

Finally, the self-reported and accelerometer-derived PA information from UK Biobank

participants with and without HF was used to identify potential new markers for HF

deterioration, which may prove to be suitable additions to future home monitoring sys-

tems.



Chapter 3

Methods

3.1 Introduction

The previous chapter introduced the datasets used in this thesis. This chapter will

provide an overview of the methods that were employed both for the estimation and

evaluation of HF risk-markers, as well as for the development of the sleep-boundary

detection methods.

Section 3.2 starts with an introduction on probability density functions (PDFs),

which can be used to explore and visualise the distribution of a variable. In Chapter

5, PDFs were used to provide a simple method for sleep-boundary detection. In the

remaining analysis chapters, PDFs were used to visualise the performance of HF risk-

stratification methods.

Sections 3.3 and 3.4 cover two types of classification methods used in this thesis, i) lo-

gistic regression and ii) random forest classifiers. Logistic regression classifiers were used

to evaluate the performance of traditional HF markers and PA and sleep-based markers.

The random forest classifier was another method used to identify sleep-boundary times

in Chapter 5.

35
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In addition to the PDF and random forest methods, Chapter 5 also explored the use

of a change-point detection approach. This approach identifies changes in the time-series

signal that may occur in the transition from wakefulness to sleep and vice versa. The

change-point detection method is explained in section 3.5 of this chapter.

Finally, section 3.6 provides an overview of the concepts used to evaluate the per-

formance of various algorithms throughout this thesis. These include receiver operating

curves (ROC), the area under the receiver operating curve (AUC), the kappa statistic,

accuracy, sensitivity and specificity.

3.2 Probability Density Functions

PDFs represent the likelihood of a variable taking on any specific value in the variable-

space. They can be extracted by applying a smoothing kernel over individual values of

the variable and aggregating the kernels into one function. The function is then scaled

to have an area under the curve of 1, therefore presenting the probability of the variable

to take on any of the possible values.

Throughout this thesis, a Gaussian kernel with a bandwidth (bw) (Equation 3.1) set

by Scott’s rule of thumb ([71]) was used as the smoothing kernel.

(3.1)bw = N
1

d+4 ,

where N is the length of the data array and d is the dimension of the data.

PDFs provide a tool to visualise how well a method differentiates between two classes.

A mathematical way to quantify the difference between two PDFs is the Kullback-

Leibner divergence (DKL).

(3.2)DKL(P ||Q) =
∑
i

P (i)log
P (i)

Q(i)
,
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where P (i) is a point on the distribution P and Q(i) is a point on the distribution

Q. Small values of DKL suggest a large similarity between distributions; large values

correspond to large differences.

3.3 Logistic Classification

Logistic classification [72] is a statistical method that enables the estimation of the rela-

tionship between one or more independent variables (x1, x2...xm, where m corresponds

to the number of input variables) and a dependent categorical outcome variable (Y )

[73]. It can be used to study the association between the independent and dependent

variables as well as to evaluate their predictive performance. As part of this thesis,

it was used to explore the predictive value of traditional HF markers and analyse the

association between PA and sleep markers and HF status.

With linear regression, the dependent variable is continuous, and the relationship

between the independent and dependent variables can be described as shown in Equation

3.3,

(3.3)Y = b0 + b1x1 + ε,

where b0 is the offset, b1 is the weight given to the independent variable x1 and ε is the

error or noise, assumed to be normally distributed.

Logistic regression deals with categorical dependent variables, for example binary

variables (Y = [0, 1]). A linear fit is no longer suitable and the relationship between

the independent and dependent variable can now be described in form of an alternative

function, the sigmoid function (Equation 3.4).

(3.4)P (Y = 1) =
eb0+b1x1+ε

1 + eb0+b1x1+ε
,
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The intercept (b0) and the weights (b0, b1, ..., bm) of the logistic regression function

are optimised to reduce the sum (S) of the errors between the estimates (Y_est) and

the true values (Y ), using the least squares method (see Equation 3.5).

(3.5)S =
1

N

N∑
n=0

√
(Y_est− Y )2

The process from adjusting the b values (b0, b1, ..., bm) to evaluating the mean absolute

error is repeated until i) the improvement in fit is below a specified threshold or ii) a

specified maximum number of iterations has been reached.

The logistic regression method assigns each input vector a label between ’0’ and ’1’.

If the dataset is balanced, a threshold of 0.5, above which the outcome is classed as ’1’

is typically used to assign the final classes.

3.4 Random Forest Classifiers

Random forest classifiers are ensemble classifiers that combine multiple individually

weak decision trees into one stronger classifier [74]. The advantage of random forest

classifiers over other classifiers is that they create multiple randomly selected subsets

of the training data and therefore reduce the impact of hierarchical structures within

the dataset. Hierarchical structures are likely to be found in time-series data such as

accelerometer data, where within-subject readings may be correlated over time.

At the centre of the random forest classifier lies the decision tree. Decision trees assign

classes or labels by repeatedly partitioning datasets using optimised thresholds. Setting

the branch-depth is important as decision trees will otherwise overfit on the training

data, meaning that they learn the individual variations in the data points rather than

the underlying structure of the data.

There are different methods to choose the best-performing variable and threshold
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combination. The scikit [75] package in Python was used in the investigations described

in this thesis and uses the so-called Gini impurity. Gini impurity is a measure of uncer-

tainty and quantifies the probability of assigning each of the items in a branch to the

wrong class. It is calculated as shown in Equation 3.6:

(3.6)G(p) =
I∑
i=1

pi(1− pi),

where I is the number of different class labels and pi is the fraction of labels of class

i. Computing the Gini impurity for each variable and threshold combination allows the

decision tree to identify the combination that results in the smallest uncertainty and

hence the combination which performs best at differentiating between the two groups.

Even when the depth of a decision tree is restricted, the fact that it uses all input

features and all input data makes it prone to fitting the training set too closely. Random

forest classifiers try to overcome this challenge by combining multiple decision trees with

a randomly selected sub-set of input variables (default value is √nfeat, where nfeat is

the total number of features) and input samples (default value is all samples). Each

individual tree then ’votes’ on the class of an item and the combined classification score

(zall, between ’0’ and ’1’) is calculated by averaging across the individual decision tree

scores (zi) as shown in Equation 3.7:

(3.7)zall =
1

N

N∑
i=1

zi,

where N is the number of decision trees in the random forest classifier.

The performance of the random forest classifier is dependent on the number of trees

included in the classifier as well as the depth of each of the trees. These parameters need

to be tuned to the requirements of the data to be fitted. Increasing the number of trees

to a certain extent allows for a greater variety of randomly selected input variable com-

binations to be tested. This in turn reduces the likelihood of individual trees worsening

the performance of the combined classifier. As in the case of individual decision trees,
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the depth of the trees is another parameter by which the performance of the classifier

can be optimised. This can be controlled by i) limiting the number of splits in each tree

and therefore prohibiting large growth and ii) by setting a requirement of the minimum

number of cases allowed for a branch to split.

The importance of individual variables in the random forest classifier can be esti-

mated by multiplying the reduction in Gini impurity achieved by a node by the proba-

bility of reaching that node. This is then averaged across all trees in the classifier.

3.5 Change-point Detection

In Chapter 5 of this thesis, one of the methods employed for sleep-boundary detection was

the change-point detection (CPD) method developed by Killick et al [76], implemented

in the R package ’changepoint’ [77].

This method is based on maximum log-likelihood estimation (MLE), which provides

a measure of the integrity/agreement within a time-varying signal. MLE quantifies the

likelihood of a given set of values (x1:N of length N) occurring given the best-fitting

(or most likely) underlying distribution for these values, when this distribution can be

described using parameters θ (e.g. mean, standard deviation of a normal distribution):

(3.8)MLE(N) = logp(x1:N |θ)

If the sum of the MLEs of two segments of a signal prior to and after a time τ

(MLE(τ), Equation 3.9, Figure 3.1) is larger than the MLE of the combined signal

(MLE(N)), τ is marked as a change point within the signal.

(3.9)MLE(τ) = MLE1 +MLE2

= logp(x1:τ |θ1) + logp(x(τ+1):N |θ2)
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0	 τ	 N	

MLE1	 MLE2	

Figure 3.1: Visualisationof the maximum likelihood estimation.

In order to identify multiple change points within the signal, a binary-segmentation

approach was employed, whereby the dominant change point is identified first and sam-

ples either side of the change point are consecutively scanned for additional change

points. The method stops searching for change points after a pre-set number of points

have been identified.

3.6 Evaluation Tools

3.6.1 Statistical Tests

Throughout this thesis, statistical tests were used to study whether the values of two

groups (e.g. participants with and without HF) were significantly different. The t-test is

a statistical test that compares two means scaled by a factor dependent on the variances

of the two distributions (see Equation 3.10) and was used to compare variables that were

continuous and assumed to be normally distributed.

(3.10)t =
x1 − x2√
s21
n1

+
s22
n2

,

where x1 is the mean of the first sample, x1 is the mean of the second sample, n1 and n2

are the number of observations in each sample and s1 and s2 are the standard deviations

of each sample. The t-value is then compared to the t-distribution corresponding to the

sizes and variances of the samples to obtain the p-value. A p-value of less than 0.01 was

considered as significant unless stated otherwise.
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Non-normally distributed continuous variables were tested using the Wilcoxon rank

sum test. The test ranks all participants by the variable of interest and determines

whether the ranks assigned to one group are significantly different to the ranks assigned

to the other group. Depending on the number of participants in each group and the

difference in rankings a p-value is assigned.

Variables of categorical form were tested using the χ2 test (Equation 3.11).

χ2 =
N∑
n

On − En
En

, (3.11)

where On is the observed number of times a category n occurred in the one group and En

the number of times it occurred in the other group. N is the number of different values

(categories) a variable can take. Depending on N the resulting χ2 value is compared to

the corresponding χ2-distribution. The likelihood of χ2 taking on its value or greater on

the corresponding distribution is then expressed in form of the p-value.

3.6.2 Accuracy, Sensitivity and Specificity

Accuracy, sensitivity and specificity are summary statistics that quantify the correctness

of an estimate or a prediction. For the purpose of this thesis, they were used in the

context of how well a classification method can differentiate between two groups (e.g.

Will a patient experience a HF deterioration? Yes/No). All three statistics are based

on the number of correctly identified cases as shown in Table 3.1.

True value is ’1’ True value is ’0’

Method classes data as ’1’ True positive (tp) False positive (fp)
Method classes data as ’0’ False negative (fn) True negative (tn)

Table 3.1: Definitions of true positives, false positives, true negatives and false negatives.
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Accuracy refers to the overall proportion of correctly identified instances, sensitivity

to the proportion of correctly identified true cases (true value = 1) and specificity to the

correctly identified false cases (true value = 0). The equations for all three statistics are

shown in below:

(3.12)Accuracy =
tp + tn

tp + tn + fp + fn

(3.13)Sensitivity =
tp

tp + fn

(3.14)Specificity =
tn

tn + fp

3.6.3 Kappa Statistic

Whilst the performance of classification methods is often quantified using accuracy, this

statistic may be affected by the frequency of occurrence of each state, e.g. if there are

significantly more ’0’ labels and an algorithm classifies all instances as ’0’, the method

may achieve a high accuracy despite having a poor sensitivity. Cohen’s kappa coefficient

incorporates the relative probability of chance agreement (Pe) and may therefore be a

more appropriate statistic in some cases. It is calculated as shown in Equation 3.15,

where P0 is the probability that a label is ’0’ and the estimate says ’0’ and P1 is the

probability that a label is ’1’ and the estimate says ’1’ .

(3.15)kappa =
Accuracy − Pe

1− Pe
,

where

(3.16)Pe = P1 + P0

and

(3.17)P1 =
tp + fp

tp + tn + fp + fn
∗ tp + fn
tp + tn + fp + fn

(3.18)P0 =
tn + fn

tp + tn + fp + fn
∗ tn + fp
tp + tn + fp + fn
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3.6.4 Receiver Operating Curves

Receiver operating curves (ROCs) provide an alternative method to evaluate the per-

formance of a classifier, by plotting the sensitivity against (1-specificity) for a range of

different thresholds. An example ROC is shown in Figure 3.2. The orange line corre-

sponds to random prediction. The further a ROC moves away from this line, the better

the method characterised by the ROC is at differentiating between classes. This can be

quantified by the area under the receiver operating curve (AUC) as shown in Equation

3.19.

(3.19)AUC =

∫ ∞
−∞

Sensitivity(T )(1− Specificity(T ))dT,

where T corresponds to the threshold value. A classifier for which performance is no

better than random chance yields an AUC of 0.5.

Figure 3.2: Visualisation of the receiver operating curve.
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3.7 Summary

This chapter provided an overview of the key methods used throughout this thesis.

The PDF and logistic regression methods introduced in this chapter were used for the

evaluation of both traditional and accelerometer-derived markers for HF deterioration

described in Chapter 4 and 6. In addition to this, the change-point detection and

random forest methods were used for the development of automated sleep-onset and

wake-up algorithms described in Chapter 5 of this thesis.



Chapter 4

Repeated-Measurement Risk

Prediction using Traditional Heart

Failure Markers

4.1 Introduction

This chapter set out to evaluate the combined predictive value of physiological values

and symptom scores collected as part of the SHF2 study. The principal contributions of

this chapter are:

1. A review of the existing evidence for the predictive value of the physiological and

symptom markers collected as part of the SHF2 study.

2. The development and evaluation of a classifier-based early warning system for HF

patients using data-driven HF markers.

46
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4.2 Background

4.2.1 The Predictive Value of Physiological Measurements and

Symptom Scores

Weight, blood pressure, heart rate and NYHA scores were recorded on a daily basis as

part of the SHF2 study. The following sections firstly summarise the evidence for the

ability of each parameter to predict HF deterioration and then provide an overview of

existing early warning systems developed for remotely-monitored HF patients. Relevant

sources from the literature were identified based on the review on HF risk prediction by

Rahimi et al. [20] and the reviews on HF tele-monitoring systems by Louis et al. [4] and

Gorthi et al. [78]. Where available, information on specificity, sensitivity and accuracy

of individual or combined markers is provided in the text. Alternatively, odds ratios or

hazard ratios (described in further detail below) were recorded for single measurement

risk-prediction markers. It should be noted that the collated performance measures come

from a wide range of studies and were evaluated with respect to a variety of outcomes,

including amongst others in-hospital mortality and one-year mortality. The performance

measures can therefore not be directly compared. Instead, the forthcoming summaries

aim to provide an overview of the significance of the different markers with respect to

HF deterioration.

4.2.1.1 Weight Measurements

HF-caused fluid retention in the body leads to weight increase, which in turn provides

a marker for patient deterioration. As a result, guidelines produced by the European

Society of Cardiology recommend that patients monitor their own weight and increase

their diuretic dose (or alert their healthcare team) if they experience unexpected weight

gains of >2 kg in 3 days [9]. Whilst many HF monitoring studies utilised guideline-

recommended thresholds, some have looked deeper into the predictive value of weight-

based markers and reported on their performance (see Table 4.1 for more detail).
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Measurements Source type Threshold Study/ Author

Weight Guideline >2 kg in 3 days Ponikoswki et al. [9]

Weight Tele-monitoring ≥3 lbs in 5 days; Abraham et al. [32]
≥5 lbs in 3 days

Weight Tele-monitoring >2 kg in 2-3 days Scherr et al. [79]

Weight Tele-monitoring >5 lbs in 3 days; Chaudhry et al. [80]
>2 lbs from baseline

Weight Tele-monitoring ≥2 kg in 2-3 days Lewin et al. [81]

Weight Tele-monitoring ≥1.5 kg from baseline Roth et al. [82]

Weight Tele-monitoring Difference between mean Zhang et al. [26]
weight over past 5 days and
mean over past 80 days >4 lbs

BMI Risk score HR, 1.18 per decrease in Brophy et al. [83]
BMI group

BMI Risk score HR, 0.8 per 2 kg/m2 O’Connor et al. [84]
increase up until 25 kg/m2

BMI Risk score HR, 0.96 per 1 kg/m2 Levy et al. [85]
increase

BMI Risk score HR, 0.95 per 1 kg/m2 Wedel et al. [86]
increase

BMI Risk score HR, 0.96 per 1 kg/m2 Manzano et al. [87]
difference from 25 kg/m2

BMI Risk score HR, 0.97 per 1 kg/m2 Pocock et al. [88]
increase up to 30 kg/m2

Table 4.1: Evidence for the predictive value of weight-based markers for HF deterioration.
BMI = Body mass index. HR = Hazard ratio. A HR of 0.96 corresponds to a 0.04 times
reduction in risk for every 1 kg/m2 increase in BMI.

Chaudhry et al. [80] compared the weight values of 134 HF patients with, and

134 without, imminent HF hospitalisations [80]. Their analysis showed that changes in

baseline-adjusted weight were on average visible 30 days ahead of HF deterioration and

increased severely in the seven days leading up to the event. Patients with a seven-day

weight increase of 2 lbs (0.9 kg) or more had odds ratios of 2.77 and higher of being

hospitalised in comparison with patients with weight increases of less than 2 lbs (0.9 kg),

i.e. patients with the given weight increase were 2.77 times as likely to be hospitalised
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as those without.

The odds ratio describes the association between weight increases and hospitalisa-

tions, and is related to the b-coefficient in logistic classification (see Section 3.3 for more

detail). Hazard ratios as shown in Table 4.1 are a similar measure referring to how

likely an event is to occur within a certain timeframe. However, neither odds ratio nor

hazard ratio describe the predictive performance (typically quantified using sensitivity

and specificity) of a marker. Lewin et al. [27] evaluated the performance of the ’≥ 2kg

weight increase over a period of 2-3 days’ marker on its own and in combination with

BNP changes in predicting clinical deterioration determined by physicians’ review (see

Section 1.1.1 of this thesis for more information on BNP). The study with 77 partic-

ipants showed that the weight marker by itself had a sensitivity of 17% in predicting

one day HF deterioration and a specificity of 94%. Combining the weight with the BNP

marker increased the sensitivity to 55% and reduced the specificity to 74%. The authors

concluded that weight measurements by themselves or in combination with BNP did not

achieve sufficient sensitivity to be used as a reliable predictor of HF deterioration.

Another comparison study was conducted by Abraham et al. [32], who compared the

predictive performance of different weight thresholds to that of intrathoracic impedance

measurements. The study of 156 participants showed that impedance measurements

outperformed weight markers in predicting 30-day HF hospitalisations, with the latter

achieving a sensitivity of 22.5% and an unexplained detection rate of 4.3 cases per patient

per year.

Finally, Zhang et al. [26] evaluated two rule-of-thumb markers (weight gain of 3 lbs

(1.4 kg) in 1 day or 5 lbs (2.3 kg) in 3 days) and one moving average marker (short-

term mean over long-term mean) to predict HF worsening within the 14 days prior

to hospitalisation. The authors found that the rule-of-thumb algorithms had sensitivi-

ties (defined as percentage of correctly-identified 14-day episodes with hospitalisations)
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of 58% and 65% and specificities (defined as percentage of correctly-identified 14-day

episodes without hospitalisations) of 54% and 58% respectively. The moving average

algorithm, optimised based on consideration of acceptable rates of true and false alerts,

achieved a sensitivity of 20% and a specificity of 89%. Overall the authors concluded

that additional markers might be required to obtain a more suitable prediction of HF

worsening.

In addition to changes in weight, absolute weight [89] or BMI [88] may also be

indicative of HF deterioration. In particular, lower BMI scores have been associated

with an increased risk of mortality [85][88] (see Table 4.1). However, studies evaluating

the ability of BMI to predict HF deterioration could not be found.

4.2.1.2 Blood Pressure Measurements

Reduction in the cardiac output of the heart leads to decreased organ perfusion in the

early stages of HF. The body reacts by increasing cardiovascular resistance, resulting in a

rise in blood pressure. Whilst the increase in blood pressure resolves the immediate need

for organ perfusion, it also poses additional stress on the already failing heart leading

to long-term remodelling of the heart and worsening of HF [90]. Previous monitoring

studies have therefore included warnings for blood pressure values above pre-defined

thresholds [82][91].

Cardiovascular medication, such as beta blockers and ACE inhibitors, causes a re-

duction in blood pressure and has been associated with long-term improvements in HF

mortality and morbidity. Over-dosage of such medication can, on the other hand, lead

to a clear reduction in systolic blood pressure [92], which can cause dizziness, fainting,

falls and has been found to be an independent predictor of HF-related mortality and

hospitalisations [93][94] (Table 2).

In an analysis of more than 60,000 HF patients participating in the ADHERE study,
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Fonarow et al. found that systolic blood pressure values less than 115 mmHg were

associated with an increased risk of in-hospital mortality [93]. Hsieh et al. developed

a clinical prediction rule for short-term in-hospital and out-of-hospital outcomes after

adverse events and included a range of systolic blood pressure thresholds at different

points in their decision tree [94].

Other analyses have studied the association between low systolic blood pressure

and longer-term outcomes. O’Connor et al. analysed the data from 4,014 patients

hospitalised with HF and found that systolic blood pressure values at discharge of 130

mmHg or below were associated with post-discharge mortality [89]. Every 10 mmHg

decrease in systolic blood pressure below 130 mmHg was associated with a 10% increase

in mortality risk.

Felker et al. studied 949 patients from the OPTIME-CHF dataset and showed that

low systolic blood pressure was an independent predictor of 60-day mortality [95]. The

authors found that each 10 mmHg decrease in systolic blood pressure was associated with

a hazard ratio of 0.78. Results from all the analyses mentioned above are summarised

in Table 4.2.

As part of this review, only two repeated-measure monitoring studies with informa-

tion on the pre-defined blood pressure thresholds used to alert clinical staff were found:

In a 118-patient cohort with chronic HF, Roth et al. conducted a tele-monitoring study

and implemented warning thresholds to allow for early clinical intervention. The authors

used systolic blood pressure thresholds of <90 mmHg and >180 mmHg and diastolic

blood pressure thresholds of >110 mmHg [82]. Cleland et al. used systolic blood pres-

sure thresholds of <90 mmHg or >140 mmHg as triggers for close review of patient

management [91]. Neither study reported on the sensitivity or specificity of the blood

pressure markers.
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Table 4.2 summarises the evidence of systolic and diastolic blood pressures as mark-

ers for HF deterioration. Overall, it can be seen that low systolic blood pressure mea-

surements or hypertension have been associated with an increased likelihood of adverse

events; however there is limited consistency in the blood pressure thresholds that have

been used throughout the literature. The predictive performance of blood pressure mea-

surements, in terms of sensitivity and specificity, has not been reported.
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Measurement Source type Threshold Study/ Author

SBP Guideline <90 mmHg; Ponikowski et al. [9]
hypertension (≥140/90 mmHg)

SBP Tele-monitoring <90 mmHg or >140 mmHg Cleland et al. [91]

SBP Tele-monitoring <90 mmHg or >180 mmHg Roth et al. [82]

SBP Risk score HR, 0.95 per 10 mmHg Huynh et al. [96]
increase

SBP Risk score HR, 0.78 per 10 mmHg Felker et al.[95]
increase

SBP Risk score HR, 0.85 per 10 mmHg increase Lee et al. [97]

SBP Risk score Various thresholds Hsich et al. [94]

SBP Risk score <115 mmHg Fonarow et al. [93]

SBP Risk score ≤130 mmHg; O’Connor et al. [89]
10% increase per 10 mmHg decrease

SBP Risk score HR, 0.77 per 10 mmHg increase Abraham et al. [98]
up to 160 mmHg

SBP Risk score Various thresholds Peterson et al. [21]

SBP Risk score <110 mmHg; Bouvy et al. [99]

SBP Risk score HR 0.80 per 10 mmHg Levy et al. [85]
increase until 160 mmHg

SBP Risk score HR, 0.93 per 10 mmHg increase Manzano et al. [87]

SBP Risk score HR, 0.88 per 10 mmHg increase Pocock et al. [88]

DBP Tele-monitoring >110 mmHg Roth et al. [82]

DBP Risk score HR, 0.86 per 10 mmHg increase Manzano et al. [87]
up to 80 mmHg

DBP Risk score HR, 0.73 per 10 mmHg increase Abraham et al. [98]
up to 100 mmHg

DBP Risk score <70 mmHg Bouvy et al. [99]

DBP Risk score HR, 0.94 per 5 mmHg increase O’Connor et al. [84]

Table 4.2: Evidence for the predictive value of blood pressure markers for HF deterioration.
SBP = Systolic blood pressure. DBP = Diastolic blood pressure. HR = Hazard ratio.

4.2.1.3 Heart Rate Measurements

Increasing the resting heart rate is another coping mechanism of the body to reduce

oxygen deprivation caused by a weakened heart; however, this poses additional strains

on the myocardium. In addition to high resting heart rates, low resting heart rates
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(e.g. <50bpm [91]) can cause low oxygen circulation in the body and may therefore

put patients at risk of breathlessness and cardiac death. The evidence on the predictive

value of heart rate is ambiguous with some research suggesting that heart rate is an

independent predictor of morbidity and mortality in HF patients [86][100] and others

suggesting it is not [89].

Böhm et al. [100] analysed data from 6,505 participants in a randomised controlled

trial, which evaluated the performance of a heart-rate lowering drug. The authors found

that in the control group patients with resting heart rates ≥ 87 bpm had more than twice

the risk of experiencing cardiovascular death or hospitalisation in comparison to patients

in the lowest heart rate quintile (70-72 bpm, p = 0.352). Patients’ risk of experiencing an

event increased 16% with every 5 bpm increase in heart rate [100]. However, the predic-

tive value of heart rate is not unambiguous, and O’Connor et al. found that heart rate

was not associated with post-discharge mortality in the OPTIMIZE-HF dataset (4,402

subjects) [89]. Kotecha et al. [101] conducted a meta-analysis on eleven randomised

controlled trials to study the association between heart rate and six-month all-cause

mortality in HF with reduced ejection fraction and sinus rhythm or atrial fibrillation.

The authors found an increased risk of mortality in patients in sinus rhythm, however

not in HF patients with atrial fibrillation. Table 4.3 provides an overview of heart rate

thresholds identified to be associated with HF deterioration.

4.2.1.4 NYHA Classification Scores

NYHA is a marker of breathlessness in HF and has been used to determine the severity

of the condition [9]. A number of risk models have found NYHA classification to be

associated with long-term hospitalisation and death in HF patients [102][87][88]. Models

have included either the absolute NYHA score or analysed the risk of patients with higher

NYHA scores in comparison to others (see Table 4.4). The predictive performance of

NYHA as a marker for HF adverse event has not been evaluated to date.
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Measurement Source type Threshold Study/ Author

Heart rate Guideline <40 bpm or >70 bpm Ponikovski et al. [9]

Heart rate Tele-monitoring <50 bpm or>80 bpm. Cleland et al. [91]

Heart rate Risk score 16% per 5 bpm inrease Böhm et al. [100]

Heart rate Risk score OR, 1.1 per 10 bpm Abraham et al. [98]
between 65 and 110 bpm

Heart rate Risk score HR, 1.11 per 10 bpm Kotecha et al. [101]

Heart rate Risk score Various thresholds Peterson et al. [21]

Heart rate Risk score HR, 1.08 per 10 bpm Pocock et al. [88]
increase

Heart rate Risk score HR, 1.13 per 10 bpm Wedel et al. [86]
increase

Table 4.3: Evidence for the predictive value of blood pressure-based markers for HF deterio-
ration. OR = Odds ratio. HR = Hazard ratio.

Measurement Source type Change Study/ Author

NYHA Risk score HR, 1.32 for NYHA class III; Pocock et al. [88]
HR, 1.54 for NYHA class IV

NYHA Risk score HR, 2.40 per NYHA increase Levy et al. [85]

NYHA Risk score HR, 1.94 for NYHA class IV Felker et al. [95]

NYHA Risk score HR, 1.40 per NYHA increase Wedel et al. [86]

NYHA Risk score HR, 1.70 per NYHA increase Bayes-Genis et al. [102]

NYHA Risk score OR, 4.09 NYHA class III or IV Senni et al. [103]

NYHA Risk score HR, 1.70 per NYHA increase Manzano et al. [87]

NYHA Risk score HR, 0.79 for NYHA I; Pocock et al. [88]
HR, 1 for NYHA II;
HR, 1.41 for NYHA III;
HR, 11.68 for NYHA IV

Table 4.4: Evidence for the predictive value of NYHA-based markers for HF deterioration

4.2.1.5 Early Warning Systems

As presented in the previous sections, individual HF measurements, such as weight,

blood pressure, heart rate and NYHA, may contain some meaningful information on

patients’ short- and long-term likelihood of deterioration; however evidence remains

ambiguous and there is limited information, if any, on the predictive performance of
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each individual measurement. Tele-monitoring systems have been employed to monitor

how the different physiological measurements and symptom scores (NYHA) vary over

time and to use this information to optimise HF therapy. These systems primarily used

guideline-based or proprietary thresholds to identify patients at risk of deterioration.

In recent years, a limited number of published, non-invasive early warning systems

(that go beyond guideline-based thresholds) have been developed based on the monitor-

ing of several physiological markers. Anand et al. developed a multivariate algorithm

for the early detection (24-hour ahead of adverse event) of HF deterioration [104]. HF

patients taking part in the study were asked to wear multi-sensor patches collecting bio-

impedance, activity and heart rate data for a period of 90 days. Patients were initially

shown how to apply the patches and then required to change them on a weekly basis.

The developed early-warning system achieved a sensitivity of 63% and a specificity of

92% on a validation group of 200 HF patients [105]. Limited information is available on

the algorithm itself.

Javed et al. developed an early warning system for HF patients using nocturnal

respiratory data. Their system was based on a change-point-detection approach and

triggered a warning if changes in the probability distribution of the respiratory signal

were identified. The system was tested on 104 patients with NYHA classifications of

II-IV and achieved a sensitivity of 55% and a specificity of 73% in predicting worsening

of HF up to three weeks ahead of the event [106].

Finally, Koulaouzidis et al. [107] developed an early warning system using weight,

blood pressure and heart rate signals. The authors used data from 308 tele-monitoring

patients with a total of 27 HF-related adverse events to develop a method to predict HF

hospitalisations one day ahead of the event and found that a combination of normalised

weight and diastolic blood pressure markers collected in the eight days before the hos-

pitalisations achieved the best performance (AUC = 0.82, sensitivity = 52%, specificity
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= 98%). The weight and blood pressure markers were vectors of repeatedly filtered and

down-sampled measurements across the eight-day period (see Figure 4.1). According to

the authors, this approach was chosen to resemble human behaviour when analysing the

data, i.e. looking at the broader trends as well as the more detailed changes.

n	n-1	n-2	n-3	n-4	

Time	in	days	

Normalised		
weight	

n-6	 n-5	

Adverse	event	
yes/no	

n-8	 n-7	

n	n-1	n-2	n-3	n-4	

Time	in	days	

n-6	 n-5	

Adverse	event	
yes/no	

n-8	 n-7	

Normalised		
weight		

(filtered	once)	

n	n-1	n-2	n-3	n-4	

Time	in	days	

n-6	 n-5	

Adverse	event	
yes/no	

n-8	 n-7	

Normalised		
weight	

(filtered	twice)	

Figure 4.1: Visual representation of the repeated filtering and down-sampling method used

by Koulaouzidis et al. [107].

The final model included input vectors of length 28 (14 values each for weight and

diastolic blood pressure measurements) and was trained and subsequently tested on a

dataset with 9,870 cases without adverse events and 15 cases with adverse events. As

the training and test sets were randomly selected using a 90%:10% split (the process

was repeated 100 times), only a very small number, if any, of adverse events would have

been expected to have been assigned to the test set in any iteration. It is very unusual to

train a model for which there are more input variables than examples of one particular
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class. Unless specific steps are taken, it is inevitable that overfitting will occur. In

addition to this, the clear difference in class sizes was not addressed when training the

classifier. Despite the methodological flaws of the study, the authors reported good

classification performance using the unprocessed weight and diastolic blood pressure

values, and further improved performance when using the repeated filtering method.

Whilst it is likely that the overall performance of the model was heavily biased by

overfitting, the proposed variables may still be interesting variables to study in the

future.

The research described for the remainder of this chapter used similar measurements

to those of Koulaouzidis et al.; however it also included the NYHA symptom score.

Using markers that quantify the three-day changes in measurements the analysis aimed

to develop and evaluate early warning methods suitable for HF tele-monitoring systems.

Due to the limited size of the dataset studied for the remainder of this chapter, it was

decided not to extract the eight-day variables proposed by Koulaouzidis et al.

4.3 Methodology

4.3.1 Database

Data from the SHF2 study were used for the development and evaluation of the early

warning methods. As described in Section 2.2, the SHF2 study was a randomised con-

trolled trial with the aim of evaluating the effectiveness of a home monitoring system in

optimising medical therapy and HF outcomes. In the period between October 2015 and

September 2017, HF patients across seven hospital sites in the UK were recruited into

the study.

Patients with a verified diagnosis of HF who could benefit from taking part in the

home monitoring study were eligible to take part in the study. Such patients were
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defined as patients who were not on optimal treatment or had severe symptoms of HF.

After providing informed consent, patients were randomly assigned to the intervention or

control group. They were provided with a Bluetooth-enabled weighing scale and blood

pressure monitor and asked to take daily weight and blood pressure measurements and

answer a two-question questionnaire to determine their NYHA functional class.

Patients in both the intervention and control groups were provided with the SHF2

self-monitoring platform. In addition to this, patients in the intervention group received

advice on optimal medication use as well as feedback in response to changes in measure-

ments suggesting HF deterioration (see Section 2.2.2.1 for more detail). The intended

monitoring period for randomised patients in the study was six months. After this pe-

riod patients were able to continue in the study or join passive follow-up. Adverse event

data for all patients were collected every six months and at the end of the trial.

4.3.2 Data Preparation

Unless stated otherwise all data analysis was conducted in Python.

4.3.2.1 Data Cleaning

Weight Data

Weight data were collected in units of kg or lb and converted to kg before further

processing. Subsequently potential false values defined as weight values of ≤ 30 kg or

day-to-day changes in weight of ≥ 5 kg were removed from the dataset. The requirement

of daily weight changes to be smaller than 5 kg was introduced to remove unusual values

that may have been caused by individuals other than the study participants (e.g. family

members or visitors) using the weighing scale.
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Blood Pressure and Heart Rate Data

According to clinical recommendations, physiologically plausible blood pressure and

heart rate values were defined as:

• Systolic blood pressure values ≥ 50 mmHg.

• Diastolic blood pressure values ≥ 25 mmHg.

• Heart rate values ≥ 30 bpm.

Values outside of the normal ranges were removed from the analysis as they were

likely to be caused by erroneous measurements.

4.3.2.2 Missing Value Imputation

Data entry was reliant on patient adherence. Patients may occasionally forget to take

their measurements or miss measurements for other reasons. Based on clinical consider-

ations, a last observation carried forward (LOCF) approach was used to impute values

for up to three days after the last taken measurement. Figure 4.2 provides a visual

representation of the data imputation process.

Measured	value	
Imputed	value	

n	n-1	n-2	n-3	n-4	

Time	in	days	

Reading	

n-6	 n-5	

Not	enough	data	
	to	impute	

Figure 4.2: Visual representation of the last observation carried forward (LOCF) data im-

putation process.
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4.3.2.3 Variable Extraction

Due to the limited size of the SHF2 dataset only a small number of heuristically-chosen

variables were extracted for analysis. In particular, the three-day change of each mea-

surement was selected as the marker of interest. According to European guidelines,

three-day changes in weight (∆w) are considered an important marker for HF deterio-

ration [9]. In addition to this, changes in NYHA, blood pressure and heart rate may

also be indicative of disease worsening. Three-day changes were calculated as shown in

Equations 4.1 - 4.3 below, where wn corresponds to the weight value on day n of the

recording from an individual.

∆wn = wn − wn−3 (4.1)

∆wn−1 = wn−1 − wn−4 (4.2)

∆wn−2 = wn−2 − wn−5 (4.3)

One-off changes in measurements may be affected by false readings or outliers and

the analysis described in this chapter therefore used the three-day average (δwn) of

three-day changes as illustrated in Figure 4.3 and shown below:

δwn =
1

3
(∆wn + ∆wn−1 + ∆wn−2) (4.4)

Time	in	days	

0	 n-5	 n-2	 n	

Δwn	

n-1	n-3	n-4	

Δwn-1	

Δwn-2	

Weight	in	kg	

Figure 4.3: Visual representation of the three-day change marker using the example of weight

measurements.
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The average change markers were extracted for all daily measurements (weight (δwn),

systolic blood pressure (δsbpn), diastolic blood pressure (δdbpn), heart rate (δhrn)) and

the NYHA classification (δnyhan) to obtain a vector:

δx = {δwn, δsbpn, δdbpn, δhrn, δnyhan} (4.5)

Information may not only be contained in the average three-day change of a mea-

surement but also in the variability of change, e.g. large variations in values may be a

sign of instability and may occur ahead of disease deterioration. Such variations can be

quantified using the (unbiased) standard deviation of change as shown for the example

of weight (σwn) below:

σwn =
1

2

√
(∆wn − δwn)2 + (∆wn−1 − δwn)2 + (∆wn−2 − δwn)2 (4.6)

The standard deviation of change markers was also extracted for all daily measure-

ments (weight (σwn), systolic blood pressure (σsbpn), diastolic blood pressure (σdbpn),

heart rate (σhrn)) and the NYHA classification (σnyhan) to obtain a vector:

σx = {σwn, σsbpn, σdbpn, σhrn, σnyhan} (4.7)

Both the average and the standard deviation of three-day change values do not take

into account a subject’s previous characteristics. In a subject with a history of large

three-day change variations, a similarly large change may be less meaningful than in a

subject with a history of much smaller changes. As part of this analysis, patient-specific

markers of the average and standard deviation of three-day changes in measurements

were therefore extracted by scaling the current average/ standard deviation of three-day

changes by the previous average/ standard deviation of three-day changes, with a three-

day guardband between the previous (long-term) and the current (short-term) values.
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This extraction process is illustrated in Figure 4.4 and in the Equations below:

φwn =
δwn

1
m

∑m
i=0|∆wi|

(4.8)

ψwn =
σwn

1
m−1

√∑m
i=0(∆wi − µwm)2

, (4.9)

where m = n− 6 corresponds to the length of the long-term data and

µwn =
1

m

m∑
i=0

∆wi. (4.10)

Time	in	days	
0	 n-5	 n-2	 n	

Short-term	average	
(e.g.	δwn)	

Long-term	characteristics	

Guardband	

Three-day	changes	

m	

Figure 4.4: Visual representation of the ’scaled’ three-day marker extraction with guardband.

The scaled change markers were extracted for all daily measurements to obtain the

vectors:

φx = {φwn, φsbpn, φdbpn, φhrn, φnyhan} (4.11)

ψx = {ψwn, ψsbpn, ψdbpn, ψhrn, ψnyhan} (4.12)

In addition to the variables based on three-day averages/ standard deviations of

three-day changes, another set of variables using seven-day average/ standard deviation

of three-day changes was extracted. These variables were also investigated as they may
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capture longer-term trends in three-day changes. They were calculated similarly to

the three-day markers with the short-term (current) average now ranging from n to

n − 6, the guardband from n − 7 to n − 13 and m = n − 14. Both the three-day

and seven-day markers were calculated only for m greater than 14 in order to ensure

sufficient datapoints were included in the calculation of the long-term characteristics of

each measurement.

4.3.2.4 Adverse Events

Adverse events were defined as HF-related hospitalisations and deaths, including events

labelled as atrial fibrillation, dizziness, device implantation, myocardial infarction, car-

diac death, decompensated HF, renal failure or dehydration. The different adverse event

groups were chosen based on clinical recommendations and further information on the

number of adverse events in each category is provided in the results section of this

chapter.

4.3.3 Data Analysis

4.3.3.1 Data Exploration

The purpose of the analysis was to develop and evaluate methods capable of predicting

HF-related adverse events. Three methods for HF deterioration were developed to study

the combined predictive power of weight, NYHA, blood pressure measurements and heart

rate. These were (a) a data-driven method using a logistic classifier with three-day input

variables and (b) the same method, but using seven-day input variables, (c) a method

using guideline-based thresholds.

For each participant, input variables were extracted for each day of study enrolment

with a complete set of values after data imputation. Each day was given an outcome

label 1 or 0 depending on whether or not a HF-related adverse event occurred on the

following day (n+1 on Figure 4.5). As measurements immediately after an adverse event
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may be affected by this adverse event, the 14 days after a HF-related adverse event were

excluded from the analysis. Days with missing input variables after imputation were

also excluded from the analysis.

Time	in	days	
0	 n-5	 n-2	 n	

Short-term	average	Long-term	characteristics	 Guardband	

Three-day	changes	

n+1	

Adverse	
event?	

Figure 4.5: Visual representation of adverse event prediction.

To evaluate the performance of both the logistic classifiers and the guideline-based

method, the dataset was divided into a training and a test set so that a percentage of

participants were randomly assigned to the training set and the remaining participants

were assigned to the test set (see Figure 4.6). The logistic classifiers were trained on

the training set and all methods were tested on the test set. The process of selecting a

random subset of participants for the training and test sets to evaluate the performance

of the models was repeated 100 times in order to ensure that the performance measures

would not be affected by chance similarities or differences between the training and test

sets.

The SHF2 dataset only contains a small number of days followed by adverse events.

The relative proportions of participants in the training and test sets can therefore signif-

icantly influence the performance of the classifier. As illustrated in Figure 4.7, choosing

a small number of samples on which to train a classifier can lead to overfitting on the

training data. Depending on which subset of event-day data are in the training set, very

different decision boundaries between event and non-event days may be found. Choosing

a larger proportion of samples to be included in the training set can alleviate this prob-
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Test	set	

Training	set	

Repeat	
process	
100	times	

Train	
logistic	
classifier	

Logistic	classifier	

Evaluate	
performance	 Test	set	

Evidence-
based	method	

Figure 4.6: Flow-chart of the early warning methods analysed in this chapter. The guideline-

based threshold method was applied to the test set without any prior training whilst the classifiers

required training.

lem, however at the cost of having fewer samples in the test set with which to evaluate

the trained classifier. For the purpose of the analysis described in this chapter, a range

of dataset partitions were tested and evaluated based on the mean performance of the

classifier on the training and the test sets of the 100 randomly selected partitions.
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(a) Example full dataset, with

only a small number of event

cases.

(b) Example partition one, with

three event days selected for the

training set.

(c) Example partition two, with

three different event days selected

for the training set.

(d) Example partition three, with

yet another three different event

days selected for the training set.

Figure 4.7: Visualisation of the importance of training and test set sizes. The dashed lines

in (b), (c) and (d) shows a possible linear decision boundary in each case.

4.3.3.2 Logistic Classifiers

The ’lme4’ package in R [108] was used for the logistic classifiers. Two different sets of

input variables were evaluated: 1) the three-day markers and 2) the seven-day markers.

All input markers were normalised using a zero-mean and unit variance transformation

for each marker in the training set. Standard-deviation markers (e.g. σwn, σsbpn, ...,

ψwn, ψsbpn ... ) are by definition always positive. These markers were also normalised
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using the zero-mean and unit variance transformation and subsequently shifted so that

the minimum value was ≥0. This was done so to maintain the interpretability of the

markers.

The SHF2 data is heavily unbalanced with more than 40,000 days of self-monitoring

data and only 44 days followed by adverse events. For a subgroup of adverse event

days, insufficient self-monitoring data were available further reducing the total number

of adverse events included in the analysis (more detail on the adverse events included

in the analysis are presented in the results section). As classifiers optimise their deci-

sion boundaries to reduce the mean squared error between the predicted and the true

outcome scores, an unbalanced dataset may result in the prioritisation of the no-event

classification over the event classification. In order to allow for the classifier to learn both

classes, the training set and test set were balanced. For the training set, all days with as-

sociated next-day adverse events were identified; for each selected event-day a randomly

selected non-event day was chosen from the remaining training set data. The trained

classifier was then evaluated on the test set data, balanced using the same approach as

for the training set data.

4.3.3.3 Evidence-based Thresholds

This method was based on established clinical thresholds used to identify HF patients

in need of medication adjustment. Thresholds included:

• Weight increase of > 2 kg in 3 days,

• Blood pressure values of ≥140/90 mmHg

• NYHA classification of 4.

To evaluate the performance of these well-established thresholds, individual variables

were created for each threshold and set to 1 (predicted adverse event) whenever the

threshold was met or exceeded and to 0 (no predicted adverse event) otherwise.
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4.3.4 Evaluation

The primary outcome measure of the analysis was the AUC of the ROC (see Section

3.6.4). In addition to this, PDFs of classifications were created to provide further insight

into performance. The mean classification score per type of adverse event was extracted

in order to provide an insight into how well the classifiers identified each of the different

types of adverse events.

4.4 Results

4.4.1 Dataset

By the end of recruitment, 202 HF patients were randomised into the SHF2 study,

accounting for 41,448 days worth of tele-monitoring data. Patients had a median (in-

terquartile range) age of 73 (64-81) years and 28% of the participants were female.

A total of 34,494 weight values (median (IQR) of 173 (122-200) per patient), 31,139

NYHA values (155 (106-186) per patient) and 34,331 blood pressure measurements (this

includes systolic and diastolic blood pressure values and heart rate measurements) (171

(122-200) per patient) were recorded. At least one of the measurements was available for

35,956 days (84% of days) with a median percentage of missing days of 10 (3-22) across

participants. After data cleaning, 39,493 patient days with at least one measurement

of weight, NYHA and blood pressure values were captured within the dataset. This

included 5,404 days with imputed data (2,876 imputed weight values, 4,548 imputed

NYHA scores and 2,897 imputed blood pressure values).

4.4.2 Alerts

During the duration of the SHF2 study, the clinical team received 6,230 patient deteri-

oration alerts for patients in the intervention group: 641 (median of 3 (1-9) per patient)

as a result of abnormal weight increases, 468 (0 (0-7) per patient) as a result of NYHA
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increases, 3,729 (14 (1-56) per patient) as a result of systolic blood pressure values and

1,392 (2 (0-10) per patient) as a result of diastolic blood pressure values. A large number

of blood pressure alerts were generated because the system used hard thresholds that

did not take into account patient physiology, e.g. a patient with hypertension would

trigger daily alerts. A recent retrospective study by Murphy et al. [109] showed similar

results, with population-based threshold alerts leading to large numbers of false alerts

in a tele-monitoring study of 187 veterans with HF. Using a system that can learn the

normal distribution of an individual patient’s measurements and adjust alert thresholds

accordingly would reduce the number of false alerts [110]. This was however not part of

the SHF2 protocol.

Instead of responding to every alert, the SHF2 clinical team used clinical judgement

and their knowledge of patients to determine when interventions were required. As a

result of this clinical judgement, a total number of 110 messages were sent to a total of

47 patients in the intervention group (a median of 2 (1-2) messages for the 47 patients).

Subsequent medication changes (within 30 days of the message) were recorded 64 times

for 30 patients (median of 2 (1-2) for the 30 patients).

4.4.3 Typical Results

In some cases, clinical intervention led to an improvement in physiological measurements

as shown in the example of patient 159 (see Figure 4.8). Here, the patient experienced

high heart rates for a number of days immediately after study enrolment. The patient

was recommended an increase in beta blockers and as a result of the medication change

their heart rate stabilised for the remainder of the study.

In other cases, the patient’s responses were delayed or subsequent adverse events

could not be prevented. Figure 4.9 shows the weight data for a patient (patient 179)

who experienced a gradual increase in weight. After a short-term rise in weight, the
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Beta	blocker	
increased	

Figure 4.8: Heart rate values of patient 159 before and after medication change.

patient was advised to increase their dose of diuretics. This led to a brief recovery of

their weight; however a week after the intervention, the patient continued to gain weight

and eventually had to be hospitalised with fluid overload. All other values, including

NYHA scores, remained stable over the decompensation period.

Diuretic	
increased	

Hospitalisation	
(IV	Furosemide)	

Figure 4.9: Weight values for patient 179 before and after medication change.

During the SHF2 study, 44 HF-related adverse events occurred in 38 participants

(events that occurred in the 14 days after a previous adverse event were not included in

this number (n=3)). 23 of the 44 events, including six HF-decompensations and three

renal dysfunctions, in 18 participants, were experienced by participants in the interven-

tion group. Another 21 events, including three HF-decompensations, in 20 participants

were experienced by patients in the control group (see Tables 4.5 and 4.6).
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The tele-monitoring intervention specifically targeted patients who experienced changes

in weight and/ or NYHA symptom score and/or blood pressure. As a result, the great-

est effect of the intervention would have been expected to be on the number of adverse

events as a result of HF-deterioration, dizziness or renal dysfunction. Whilst some ad-

verse events may have been prevented through early intervention, the total number and

types of adverse events occurring in the intervention and control groups suggest that

there were limited differences, if any. As a result, for the remainder of this chapter the

analysis of adverse events was conducted for the entire study population.

Type Total Death Life threatening Hospitalisation Other (e.g. check-up)
(n) (n) (n) (n) (n)

Atrial fibrillation 2 - - 2 -
Dizziness - - - - -
Chest infection - - - - -
CRT-D implantation - - - - -
CRT-P implantation 1 - - 1 -
Heart failure deterioration 6 2 - 4 -
Hypotension - - - - -
ICD implantation - - - - -
Myocardial infarction - - - - -
Renal dysfunction 3 - - 3 -
Ventricular tachycardia 1 - - 1 -
Other 10 2 - 3 5

Table 4.5: Types and severity of adverse events that occurred in the intervention group, where
n indicates the number of cases falling in each category. More information on the category
’other’ can be found in Section 4.4.4.
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Type Total Death Life threatening Hospitalisation Other (e.g. check-up)
(n) (n) (n) (n) (n)

Atrial fibrillation - - - - -
Dizziness 1 - - - 1
Chest infection - - - - -
CRT-D implantation 1 - - 1 -
CRT-P implantation - - - - -
Heart failure deterioration 3 - - 2 1
Hypotension - - - - -
ICD implantation - - - - -
Myocardial infarction 2 - - 2 -
Renal dysfunction - - - - -
Ventricular tachycardia - - - - -
Other 14 1 1 7 5

Table 4.6: Types and severity of adverse events that occurred in the control group, where n
indicates the number of cases falling in each category. More information on the category ’other’
can be found in Section 4.4.4.

4.4.4 Adverse Events

Table 4.7 provides an overview of the SHF2 participants who experienced HF-related

adverse events. The first column (’All adverse events’ ) shows the summary characteris-

tics for all the participants who experienced HF-related adverse events in the study. The

second column shows data for those who experienced HF-related adverse events and for

whom input variables could be extracted for the day before the event (n=26 subjects

and 30 adverse events). These were the participants whose data were used to evaluate

the three-day and seven-day markers and train the multi-variate classifiers.

There was no significant difference in age (p = 0.17 (t-test)) across participants

with and without HF-related adverse events; however, patients with HF-related adverse

events were more likely to be female (p < 0.01 (χ2 test)) and have been diagnosed with

chronic kidney disease (p < 0.01 (χ2 test)).
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All participants All adverse events Risk-prediction
(n = 44) (n = 44) group (n = 30)

Subjects 202 38 26
Age, years 73 (64-81) 70 (62-78) 72 (66-78)
(median (IQR))
Sex, female 28% 33% 35%
Reduced EF 60% 64% 69%
MAGGIC score 23 (18-28) 24 (18-27) 25 (20-28)
Comorbidities
Hypertension 47% 58% 58%
DM 32% 39% 38%
COPD 17% 13% 15%
CKD 15% 32% 31%

Technical skills
Poor 44% 34% 38%
Intermediate 48% 63% 62%
Expert 8% 3% 0%

Monitoring duration, 200 189 191
days (median (IQR)) (158-232) (129-212) (129-209)
Missing values 10 (3-22) 18 (6-32)% 18 (5-27)%
(median (IQR))
Monitoring days after 195 169 179
imputation (median (IQR)) (153-222) (105-201) (110-204)

Table 4.7: Baseline characteristics and compliance and adverse event information for partic-
ipants randomised into the SUPPORT-HF2 study. Data are stratified by adverse event occur-
rence. n refers to the number of adverse events in each group. IQR = interquartile range. DM
= Diabetes mellitus. CKD = Chronic kidney disease.

Table 4.8 lists the 30 adverse events included in the risk-prediction analysis. It can

be seen that a majority of events (n = 15) did not fit into the clinician-defined categories

and were therefore classed as ’other’. The category ’other’ ranged from elective check-

up events to sudden death. The latter can be caused by a range of factors, including

myocardial infarction or arrhythmias, and was therefore assigned to the group ’other’.

Five adverse events were due to HF deterioration, a majority of which resulted in hos-

pitalisations. The listed adverse events also include potentially elective procedures such
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as implantations of cardio resynchronisation devices with fitted defibrillators (CRT-D)

or pacemakers (CRT-P).

Type Total Death Life threatening Hospitalisation Other (e.g. check-up)
(n) (n) (n) (n) (n)

Atrial fibrillation 1 - - 1 -
Dizziness 1 - - - 1
Chest infection - - - - -
CRT-D implantation 1 - - 1 -
CRT-P implantation 1 - - 1 -
Heart failure deterioration 5 - - 4 1
Hypotension - - - - -
ICD implantation - - - - -
Myocardial infarction 2 - - 2 -
Renal dysfunction 3 - - 3 -
Ventricular tachycardia 1 - - 1 -
Other 15 2 - 8 5

Table 4.8: Types and severity of adverse events investigated for the prediction analysis, where
n indicates the number of cases falling in each category.

4.4.5 Data Analysis

Two logistic classifiers and one guideline-based model were investigated with respect

to their ability to detect HF-related adverse events one day ahead of their occurrence.

The logistic classifier was run a) using the three-day input vectors and b) the seven-

day input vectors introduced in Section 4.3.2.3. The logistic classifier models trained

on the three-day and seven-day variables went beyond the hard thresholds used by the

guideline-based model by learning the multi-variate decision boundaries that best fit

the training sets. The boundaries learnt by the classifier may differ depending on the

selection of event and non-event samples used to train the classifier (see Section 4.3.3.2).

When there are only a small number of event-days used to train the classifier (e.g. on

average nine event days for a 30:70 split of the dataset into training and test sets), the

limited variety in characteristics of these samples may amplify this effect. Depending

on which small subsample of event-days is randomly selected into the training set, very
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different decision boundaries may be chosen resulting in differences in performance as

measured using the AUCs on training and test sets.

Table 4.9 lists the AUCs achieved on the training and test sets. Generally, the

classifier using δx and σx (together) would be expected to fit the training data more

closely due to its larger number of input markers. For both the δx and δx and σx

markers, it can be seen that using a small proportion (i.e. 30:70 partition of the dataset)

of samples in the training set resulted in the best mean AUC on the training sets; however

the corresponding performances on the test sets were poor, showing overfitting to the

training data. Figure 4.10 shows the training set performance of the logistic classifier

using three-day input markers (i) δx, ii) δx and σx) for different partitions of training

and test sets (50:50, 70:30, 90:10). The shaded bands referring to the mean +/- the

standard deviation of the ROCs were also comparably large suggesting again that the

performance of the classifiers was very dependent on the subset of samples used during

training (overfitting phenomenon).

As more samples were used in the training set, the amount of overfitting and the vari-

ation in performance across the 100 random partition of training and test sets reduced,

however the variation in the test set performance (as quantified using the standard de-

viation) increased as shown in Table 4.9. This is likely to have been caused by the

increasingly smaller sample set on which the model was evaluated and hence the greater

dependency on the choice of samples for the test set. Overall, the split of training and

test set did not appear to have a large impact on the performance of the classifier on the

test set and the ability to predict HF-related adverse events using the proposed markers

was clearly limited. For the remainder of this analysis, it was decided to use the 70:30

split as this was seen to limit the amount of overfitting whilst maintaining a relatively

large number of test set samples. In addition to this, the NYHA markers were removed

from the classifiers as it was found that there was very little variation in these markers

resulting in large values for the corresponding coefficients in the logistic classifier and
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overfitting.

Split Adverse events Markers AUC on training set AUC on test set
per group Mean (std) Mean (std)

30:70 8:21 δx 0.78 (0.09) 0.52 (0.08)
40:60 12:18 δx 0.74 (0.09) 0.55 (0.08)
50:50 15:15 δx 0.71 (0.08) 0.54 (0.09)
60:40 18:12 δx 0.69 (0.06) 0.53 (0.12)
70:30 21:8 δx 0.67 (0.06) 0.52 (0.11)
80:20 24:6 δx 0.67 (0.05) 0.56 (0.16)
90:10 27:3 δx 0.65 (0.04) -

30:70 8:21 δx and σx 0.92 (0.09) 0.51 (0.08)
40:60 12:18 δx and σx 0.89 (0.08) 0.52 (0.09)
50:50 15:15 δx and σx 0.84 (0.07) 0.52 (0.09)
60:40 18:12 δx and σx 0.81 (0.07) 0.54 (0.10)
70:30 21:8 δx and σx 0.78 (0.06) 0.55 (0.12)
80:20 24:6 δx and σx 0.77 (0.06) 0.55 (0.17)
90:10 27:3 δx and σx 0.76 (0.06) -

Table 4.9: Performance of the logistic regression classifier when using 100 different random
partitions of training and test sets for different proportions (from 30:70 to 90:10). Std =
standard deviation. AUC = area under the receiver operating curve.
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(a) 50:50 partition (δx marker). (b) 50:50 partition (δx and σx).

(c) 70:30 partition (δx marker). (d) 70:30 partition (δx and σx ).

(e) 90:10 partition (δx marker). (f) 90:10 partition (δx and σx).

Figure 4.10: Receiver operating curves (ROCs) for different partitionings of training and

test data. AUC = area under the receiver operating curve. The figures show the mean ROC

curve as a solid grey line and the mean +/- the standard deviation of the ROC curves as the

grey shaded area.
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Table 4.10 lists the average performance of the classifiers using the different input

markers on the training and test sets using the 30:70 partitioning. Test set performances

did not exceed AUCs of 0.55 implying moderate predictive performance of the classifiers.

The three-day markers appeared to achieve on average higher AUCs than the seven-day

markers. In addition to this, the classifiers using markers of standard deviation (σx and

ψx) outperformed the classifiers using average markers or the combined vectors as their

inputs.

Markers Three-day markers Seven-day markers

Train AUC Test AUC Train AUC Test AUC
mean (std) mean (std) mean (std) mean (std)

δx 0.64 (0.06) 0.48 (0.12) 0.61 (0.05) 0.45 (0.12)
σx 0.67 (0.05) 0.53 (0.15) 0.63 (0.06) 0.46 (0.12)
δx and σx 0.74 (0.06) 0.52 (0.14) 0.69 (0.06) 0.42 (0.10)
φx 0.66 (0.06) 0.50 (0.13) 0.66 (0.06) 0.51 (0.12)
ψx 0.68 (0.07) 0.55 (0.14) 0.65 (0.06) 0.49 (0.11)
φx and ψx 0.75 (0.07) 0.53 (0.14) 0.72 (0.05) 0.47 (0.11)

Table 4.10: Performance of the logistic classifiers when using different three-day and seven-
day input markers with a 70:30 partitioning into training and test sets. AUC = area under the
receiver operating curve. Std = standard deviation.

In an attempt to develop the optimal logistic classifier based on the available SHF2

data, the classifier coefficients for the δx classifier and for the σx classifier were investi-

gated. Figure 4.11 shows the average (standard deviation) beta coefficients given to the

different markers for the 100 random partitions using a 70:30 ratio between training an

test sets. It can be seen that the weight and heart rate markers were assigned coefficients

either side of zero, indicating that for some partitions the markers had a positive weight

in the classifier and for other partitions the markers had a negative weight. The σsbp,

σdbp and δdbp markers on the other hand were consistently given coefficients of similar

size and sign. For example, an increase in the three-day mean of diastolic blood pressure

changes was consistently associated with an increased risk of HF-related adverse events.

Similarly, an increase in the variability of three-day change markers of systolic blood
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pressure was associated with an increased risk of deterioration.

(a) Coefficients for δx classifier. (b) Coefficients for σx classifier.

Figure 4.11: Mean and standard deviation of beta coefficients for the classifiers using δx and

σx markers as inputs. SPB = Systolic blood pressure, DBP = Diastolic blood pressure. HR =

Heart rate.

Based on these findings, a model using the three markers (σsbp, σdbp and δdbp) as its

input was trained. The average performance of the model on the training and the test

set is summarised in Figure 4.12. Figure 4.12a shows the performance of the classifier on

the training set. The average AUC achieved on the training set by the classifier across

the 100 partitions of the dataset was 0.66. The PDFs in Figure 4.12b show that some

differentiation was possible. With respect to the performance of the trained classifiers

on the test set, the average AUC was 0.57. The PDFs show that a small degree of

differentiation was still possible, although there was a large proportion of HF event days

that were given a similar classifier score as non-event days. This may have happened

because some adverse events were easier to identify than others. Figure 4.12f suggests

that ’myocardial infarction’ is an example of an adverse event that was easier to identify

(it achieved high average classifier scores), whereas the category ’other’ was harder to

detect. It is important to note that there were a limited number of adverse events in the

dataset, with some adverse event groups (e.g. ’dizziness’, ’CRT-P) only occurring once,

and therefore no general statements can be made. The weights of the HF markers are

shown in Figure 4.12e and were similar to those in the individual δx and σx models.
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(a) Receiver operating curve (ROC)

on the training set.

(b) Probability density functions

(PDFs) of the training set.

(c) Receiver operating curve (ROC)

on the test set.

(d) Probability density functions

(PDFs) of the test set.

(e) Mean and standard deviation of coeffi-

cients learnt by the classifier.
(f) Mean and standard deviation of classi-

fier scores assigned to adverse events.

Figure 4.12: Performance of the combined classifier. AUC = Area under the receiver op-

erating curve. DBP = Diastolic blood pressure. SBP = Systolic blood pressure. AF = Atrial

fibrillation. HF det. = Heart failure deterioration. MI = Myocardial infarction. Renal dys. =

Renal dysfunction. VA = Ventricular arrhythmia. The ROC figures show the mean ROC curve

as a solid grey line and the mean +/- the standard deviation of the ROC curves as the grey

shaded area.
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Using patient-specific (ψsbp, ψdbp and φdbp) markers as opposed to the unscaled

mean and standard deviation markers did not improve the performance of the classifier

on the test set.

For comparison, results for the guideline-based method using established thresholds

of weight, blood pressure and NYHA values as its inputs are shown in Figure 4.13.

The method achieved an average AUC of 0.51 on the test set data across 100 random

partitions of training and test sets, suggesting no ability to identify days followed by

HF-related adverse events (i.e. no better than random chance).
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(a) Receiver operating curve (ROC)

on the test set.

(b) Probability density functions

(PDFs) for days followed by events

(blue) or no events (grey).

(c) Mean and standard deviation of classi-

fier score.

Figure 4.13: Summary of performance for the guideline-based model. AUC = Area under

the receiver operating curve. AF = Atrial fibrillation. HF det. = Heart failure deterioration.

MI = Myocardial infarction. Renal dys. = Renal dysfunction. VA = Ventricular arrhythmia.

The ROC figure shows the mean ROC curve as a solid grey line and the mean +/- the standard

deviation of the ROC curves as the grey shaded area.

In order to study the performance of the optimal three-day change model (using the

σsbp, σdbp and δdbp markers) and guideline-based models on the known types of HF-

related adverse events, the analyses were repeated removing all events classed as ’other’

from the dataset, leaving a total of 15 adverse events. Using the 70:30 partitioning into

training and test sets, this meant there were on average ten adverse events in the training

and five adverse events in the test set. The results for the guideline-based methods and
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the best-performing logistic classifiers using three-day input vectors are shown in Figure

4.14. The mean AUC on the test set for the classifier-based methods improved, however

at the cost of spread of values across the 100 iterations (see Figure 4.14c). The removal of

half the event days makes the models’ performance more susceptible to which subgroup

of participants were included in the training and test sets and whether these participants

have had adverse events. The mean AUC achieved using the logistic classifier was 0.63

and again the guideline-based thresholding model, which achieved an AUC of 0.51, did

no better than random classifications.
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(a) ROC of logistic classifier with

three-day input variables σsbp, σdbp

and δdbp for the training set.

(b) PDFs of logistic classifier with

three-day input variables σsbp, σdbp

and δdbp for the training set.

(c) ROC of logistic classifier with

three-day input variables σsbp, σdbp

and δdbp for the test set.

(d) PDFs of logistic classifier with

three-day input variables σsbp, σdbp

and δdbp for the test set.

(e) ROC of guideline-based model.

(f) PDFs of guideline-based model.

Figure 4.14: Receiver operating curves (ROC) and probability density functions (PDFs) for

the methods excluding adverse event category ’other’. The ROC figures show the mean ROC

curve and the mean +/- the standard deviation of the ROC curves (grey shaded area).
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4.5 Discussion

During the SHF2 trial, a total of 38 out of 202 patients experienced HF-related adverse

events. 30 adverse events were preceded by sufficient data to be included in the prediction

analysis. The variable of interest for this analysis was chosen to be the three-day change

in the different physiological measurements and NYHA values collected as part of the

SHF2 study. A combination of markers based on the average and standard deviation

of three-day changes in measurements achieved the best performance in predicting HF-

related adverse events one day before their occurrence, outperforming the model based

on guideline-based thresholds, which did no better than a random prediction. Including

patient-specific input markers did not improve the performance of the logistic classifier.

The results suggest that meaningful information on the occurrence of HF-related adverse

events is to be found in the variability of three-day changes in systolic and diastolic blood

pressure as well as in the average three-day changes of diastolic blood pressure.

Major challenges faced during the analysis were the size of the dataset and the low

number of adverse events. Despite the fact that the SHF2 study collected data from 202

patients and monitored them for a period of approximately six months, a total of only

44 HF-related adverse events were recorded, and only a subset of these were linked with

sufficient self-monitored data to be included in the analysis.

Furthermore, nearly half of all registered HF-related adverse events were classified as

’other’. This category ranged from elective check-up events to ensure the correct working

of pacemakers to sudden death. The latter can be caused by a range of factors, including

myocardial infarction or arrhythmias, and sudden death was therefore assigned to the

group ’other’. An attempt to remove the category ’other’ from the analysis improved the

performance of the method, however at the cost of increasing variability in performance.
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The large difference in the number of days with and without HF-related adverse

events required the dataset to be balanced prior to training. As part of the balancing

process each day with an adverse event was matched with a randomly selected day

without adverse event. Whilst balancing results in a better discrimination between the

two classes, the performance of the method is however highly dependent on the choice

of randomly selected non-event days and how representative they are of non-event days

in general.

It should also be noted that a median 10% of recorded days were missing. Missing

values may occur at random but may also be correlated with disease deterioration.

Future studies should consider including the occurrence of missing values as an input

marker to a risk-prediction model and also study the time from missed measurements to

the occurrence of adverse events. For the purpose of the analysis described in this chapter

it was decided that including additional markers in the model would be inappropriate

with such a small number of adverse events. This is however a shortcoming of the

analysis. In addition to the non-randomness of missing values, another factor to consider

is the impact of patient compliance on the performance of tele-monitoring systems.

4.6 Conclusion

The overall moderate performance achieved using the models described in this chap-

ter is in agreement with previous findings on the included HF measurements [26][27] .

Whilst there is some valuable information contained within the monitored measurements,

this does not appear to be sufficient to provide an accurate tool for repeated-measure

risk-prediction. Advanced risk markers, such as the standard deviation of three-day

markers described in this chapter or the repeated down-sampling markers proposed by

Koulaouzidis et al. should be further evaluated in future studies with far greater numbers

of adverse events, however it is likely that additional markers will be required.



Chapter 5

Automated Sleep-boundary Detection

using Wrist-worn Accelerometers

5.1 Introduction

The previous chapter described and evaluated methods to predict HF deterioration us-

ing a combination of traditional repeated-measures markers, including weight, blood

pressure and symptom scores. However, these methods only achieved moderate accu-

racy in adverse event prediction and as a result alternative approaches are needed. One

such approach involves the inclusion of additional informative markers to enhance the

performance of predictive algorithms.

Accelerometer-derived markers have previously been shown to independently pre-

dict long-term hospitalisations and deaths in HF patients [111][37]. Low accelerometer-

derived PA levels in HF patients have been associated with long-term risks of hospitali-

sation and death [37]. As well as PA data extracted from accelerometers, information on

a patient’s duration and quality (e.g. fragmentation) of sleep may provide meaningful

insights into their disease status [112]. Nearly 50% [113] of HF patients are believed to

be affected by sleep disordered breathing and 33% of HF patients are believed to suffer

from insomnias [114]. Such sleep conditions have shown to directly impact the long-

88
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term prognosis of patients with HF [112]. In addition to this, reversal of sleep apnea

has shown to have a positive impact on other physiological HF markers, such as blood

pressure and systolic contraction [59].

Despite the potential benefits of accelerometer-derived PA and sleep markers, re-

search on the ability of such markers to predict short-term HF deterioration remains

limited [47][59][48]. The current chapter will lay the foundations for this analysis by ad-

dressing a major technical limitation of accelerometer analysis: the need for self-reported

sleep-onset and wake-up information.

The principal contributions of this chapter are:

• The development of (a) a PDF-based, (b) a random-forest classifier and (c) a

change-point detection method for the automatic detection of sleep-boundary times.

• The evaluation of all algorithms against self-reported sleep-boundary data using

mean absolute differences in sleep-boundary times, kappa statistics and Bland-

Altman plots.

5.2 Background

5.2.1 Accelerometer-derived Sleep Analysis

Polysomnography (PSG) is the gold standard for sleep analysis [115]. During a PSG

assessment, an individual’s neural, ocular and cardiac activity as well as other body

functions are monitored continuously overnight. The analysis is typically conducted in

a sleep laboratory. PSG is a costly and time-intensive analysis that is not suitable for

large population studies [116]. As a result, other, more appropriate means for sleep

analysis have been considered.
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Wrist-worn accelerometers provide a suitable tool for sleep detection, where long-

term, large-scale or affordable recordings of sleeping behaviour are required [116]. Ex-

isting algorithms are typically based on the identification of periods of low movement

measured as low count values or small standard deviations of acceleration across one or

multiple axes [66][117]. Counts are hereby defined in an often proprietary way as ag-

gregating acceleration information within specified time intervals, also known as epochs.

Once sleep and wake periods have been identified, descriptive markers such as total sleep

duration, sleep latency (defined as the time between going to bed and falling asleep),

number of sleep interruptions (fragmentation) and sleep efficiency (defined as the per-

centage of time in bed (tbed) spent asleeep (tasleep)) (Equation 5.1) can be derived [66].

(5.1)Sleep_efficiency =
tasleep
tbed

These markers may be meaningful markers for HF risk prediction. Table 5.1 lists

commonly cited sleep-detection algorithms and provides information on their perfor-

mance in comparison to PSG.

Cole et al. [117] developed a technique for the Motionlogger Actigraph (Ambulatory

Monitoring, Inc, New York, U.S.A.), a wrist-worn accelerometer set to collect uni-axial

accelerometer data at an epoch length of 2s. The authors collapsed the two-second

epochs into 60s epochs (by taking the maximum ten seconds of acceleration within each

epoch) and aggregated the weighted (W) sums of consecutive 60s epoch counts (E) over

a seven-minute period (four minutes before to two minutes after the epoch of interest).

The final sum is scaled by a scaling factor P as shown in Equation 5.2.

Dn = P (En−4W−4 +En−3W−3 +En−2W−2 +En−1W−1 +EnW0 +En+1W+1 +En+2W+2).
(5.2)

If Dn is smaller than 1.0, the subject is classed as being asleep, otherwise the subject is

classed as awake. According to the authors, typical weightings and scaling factors are:

P = 0.0001, W−4 = 404, W−3 = 598, W−2 = 326, W−1 = 441, W0 = 1408, W+1 = 508,

W+2 = 350. These may however differ depending on accelerometers and patient groups.
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Author Input Type of Dataset Accuracy
(epoch length) algorithm

Cole Proprietary Weighted sum 21 adults 88%
count (60s)

Kushida Proprietary Weighted sum 100 subjects with 77%
count (30s) sleep disorders

Sadeh Proprietary Weighted sum 26 adults 94%
count (60s)

Borazio Raw data (1s) Rule-based 42 sleep lab 78%
patients

Van Hees Raw data (5s) Rule-based 21 adults 83%

Table 5.1: Overview of sleep-detection algorithms commonly referred to in the literature. Accu-
racy refers to the mean percentage of correctly identified sleep and wake labels across participants
as shown in Equation 5.3. An exception is the accuracy reported by Borazio et al., which is
referring to the median across participants. It is worth noting that algorithms were developed
and evaluated using different epoch lengths, which may affect the accuracies reported.

In order to further improve the performance of their algorithm, Cole et al. proposed the

use of a set of rules previously developed by Webster et al. [118]:

• After at least 4 minutes scored as wake, the next 1 minute scored as sleep is

rescored wake.

• After at least 10 minuted scored as wake, the next 3 minutes scored as sleep are

rescored wake.

• After at least 15 minuted scores as wake, the next 4 minutes scored as sleep are

rescored wake.

• 6 minutes or less scored as sleep surrounded by at least 10 minutes (before and

after) scored as wake are rescored wake.

• 10 minutes or less scored as sleep surrounded by at least 20 minutes (before and

after) scored as wake are rescored wake.
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Cole et al. [117] validated their algorithm on a group of 21 subjects against PSG.

They found that their algorithm achieved an overall accuracy of 88% with a tendency

to overestimate sleep time. Accuracy was defined as the number of correctly detected

’sleep’ (true positives (tp)) and ’wake’ (true negatives (tn)) epochs over the total number

of epochs (Nepoch).
(5.3)Accuracy =

tp+ tn

Nepoch

.

Kushida et al. [119], based on the work of Oakley et al. [120], suggested a similar

approach using a two-minute time frame before and after the epoch of interest (Equation

5.4). Kushida et al.’s [119] algorithm was developed for the AW4 (Mini Mitter Co., Inc.,

Oregon, U.S.A.), a wrist-worn accelerometer with a sampling frequency of 32Hz, set to

aggregate data into 30-second epochs. The authors applied a nine-epoch moving average

filter to the device’s proprietary count values as shown in Equation 5.4.

(5.4)Dn = 0.04 ∗ En−4 + 0.04 ∗ En−3 + 0.2 ∗ En−2 + 0.2 ∗ En−1 + 2
∗ En + 0.2 ∗ En+1 + 0.2 ∗ En+2 + 0.04 ∗ En+3 + 0.04 ∗ En+4.

Kushida et al. proposed three wake thresholds, high (80), medium (40) and low (20) in

order to adjust for sleep disorders that lead to increased levels of movement during sleep;

if the total activity count Dn exceeds the chosen limit, the time of interest is classed

as wake time, otherwise it is classed as sleep. The authors tested their sleep-scoring

algorithm on 100 subjects with sleep disorders against PSG and found that it achieved

an accuracy of 77% with a sensitivity (defined as detecting an epoch labelled as ’sleep’

by the PSG as ’sleep’ using the accelerometer data) of 92% and a specificity (defined

as detecting an epoch labelled as ’wake’ by the PSG as ’wake’ using the accelerometer

data) of 48%.

Sadeh et al. [121] developed another proprietary-count-based algorithm for the wrist-

worn AMA-34 (Ambulatory Monitoring, Inc., New York, U.S.A.) device at an epoch

length of 1 minute, but included additional information on the activity around the time



Chapter 5 - Automated Sleep-boundary Detection using Wrist-worn Accelerometers 93

of interest into their scoring calculation . The algorithm is shown in Equation 5.5:

(5.5)PSn = 7.601− 0.065 ∗MW5n − 1.08 ∗NATn − 0.056 ∗ SD6n − 0.072 ∗ ln(ACTn)

MW5 is the average number of proprietary counts during the window five minutes before

and after the scored minute, NAT is the number of minutes with proprietary activity

counts between 50 and 100 in a window of eleven minutes around the scored minute,

SD6 is the standard deviation in the scored minute and five minutes before and ACT is

the number of activity counts in the scored minute plus one. If the probability of sleep

(PS) is greater than 0, the minute is scored as sleep. Sadeh et al. [121] validated their

algorithm on 26 subjects against PSG and found that it achieved an accuracy of >94%.

Cole’s [117], Kushida’s [119] and Sadeh’s [121] sleep-scoring algorithms make use

of accelerometer counts and were created for specific accelerometer devices. Different

devices use different pre-processing algorithms (e.g. cleaning and filtering) and aggregate

markers in specific ways (e.g. summed over epoch versus maximum value during epoch,

etc.). Cross-calculations based on sleep algorithms developed for specific devices have

been proposed, but require the implementation of individual comparison studies [65].

Borazio et al. [116] developed a more general approach to sleep detection based on

the standard deviations of acceleration g along the z-axis of the accelerometer. In their

approach, the authors calculate the standard deviation across 1s-intervals (Equation

5.6).

(5.6)Sn =


wake, if

√√√√ 1

99

100∑
i=1

(zi − z̄)2 > δ

sleep, otherwise

Sn is the sleep state across each 1s-interval n, zi is the acceleration along the z-axis

measured at ms i and z̄ is the mean acceleration along the z-axis during the 1s-interval.

If the standard deviation has not exceeded threshold δ for a pre-defined duration, the

interval is classified as ‘sleep’. Borazio et al. [116] tested their sleep-scoring algorithm on

41 subjects against PSG. Their algorithm achieved a median accuracy of 78%. It is worth
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noting that the authors chose to report the median rather than the mean performance

across participants, in contrast to other authors, without further explanation.

Van Hees et al. [66] developed another general sleep-scoring approach based on angu-

lar arm movement. Their algorithm requires the change in median arm angle (Equation

5.7) between five-second windows to be below five degrees for a period of at least five

minutes in order for a time-period to be classified as ‘sleep’.

(5.7)angle = (arctan
az√
a2x + a2y

) ∗ 180

π
,

where ax, ay, az are median values of acceleration (g) across a five-second time window.

The authors validated their algorithm against PSG on 28 individuals and found that

it achieved an accuracy (defined in Equation 5.3) of 83% with a sensitivity of 91% and

a specificity of 45%.

All of the listed sleep-detection algorithms were developed in a laboratory environ-

ment and rely on self-reported sleep-boundary information. This information is typically

collected through means of a sleep diary [66] as shown in Figure 5.1. Subjects are asked

to record lights off, asleep (sleep-onset) and wake-up times for the duration of the ac-

celerometer recording. In large-scale studies, such as the UK Biobank, it may however

not be feasible to collect self-reported sleep-boundary times for all participants and

therefore a need exists for an automated way to extract sleep-onset and wake-up times.

In this chapter we therefore set out to develop a fully automated method for sleep-

boundary detection from wrist-worn accelerometer data.

5.3 Methodology

Three approaches for automatic sleep-boundary detection were employed: (i) a data-

driven-threshold approach based on the intersection of the PDFs of sleep and wake data,
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Figure 5.1: Sleep diary used to collect sleep-onset and wake-up information.

(ii) a machine learning technique using a random forest (RF) classifier trained on a

variety of input features and (iii) a statistical technique for detecting change points in

the accelerometer time series. All methods are illustrated in the flow diagram shown in

Figure 5.2. Whilst the PDF and RF methods detect minute-wise labels that are then

smoothed to provide sleep-boundary times, the change-point detection (CPD) method

identified entire periods of high or low movement and is filtered only to remove short

periods of activity during sleep and vice versa.

5.3.1 Database

Accelerometer recordings and self-reported sleep-onset and wake-up information from

the CHA Exercise study were used for this analysis. The purpose of the CHA Exercise

study was to determine the effect of an anaerobic exercise intervention on MRI brain

measures. Inactive adults between the ages of 60 and 80 years were eligible to take part in

the study. This population is similar in age to typical HF populations. After providing

informed consent, participants were asked to wear the GENEActiv accelerometer on

their non-dominant wrist for a period of nine days on three occasions during the study



Chapter 5 - Automated Sleep-boundary Detection using Wrist-worn Accelerometers 96

Accelerometer Signal

Preprocessing
(calibration, wear-time detection)

RFPDF CPD

Smoothing Filter

Figure 5.2: Flow diagram providing an overview of the three automated sleep-boundary-

detection methods described in this chapter. PDF = Probability density function, and refers to

the threshold-based approach based on the intersection of accelerometer PDFs during sleep and

wake times. RF = Random forest. CPD = Change-point detection.
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(weeks 0, 12 and 24). The GENEActiv is a triaxial accelerometer that has previously

been validated for sleep research [66]. Acceleration data were recorded at a sampling

frequency of 87.5Hz. Participants also recorded daily lights-off, asleep and wake-up times

using a sleep-diary for the duration of the recordings.

5.3.2 Data Preparation

5.3.2.1 Calibration

Accelerometers contain electromechanical transducers that convert mechanical force into

electrical signals [122]. In order to ensure that accelerometers exhibit a standardised

response to acceleration, individual devices are calibrated prior to utilisation. Where

this is not possible, offline calibration algorithms can adjust offset and gain values post

recording. For the purpose of this analysis, triaxial accelerometer traces were calibrated

using the offline approach proposed by van Hees et al. [123]. This method is based on the

principle that at rest, the vector magnitude of the force measured by an accelerometer

should be that of the gravitational field of the earth, 1g.

Axis-wise means (x, y, z) and standard deviations of consecutive ten-second windows

of the accelerometer signal were extracted. Periods of low movement (likely to include

data at rest) were identified automatically, defining low movement as 10s periods with

standard deviations of <0.013g along all three axes. The value of 0.013g is a heuristically

chosen threshold based on noise measurements of wrist-worn accelerometers at rest (see

[123]).

The mean acceleration along each axes for the selected 10s periods was scaled by

the vector magnitude of the signal across all axes. This process provided a new set of

ideal mean values (x_scaled, y_scaled, z_scaled) that fulfill the condition of creating

a vector magnitude of 1g, and therefore the expected acceleration experienced by the



Chapter 5 - Automated Sleep-boundary Detection using Wrist-worn Accelerometers 98

device at rest (Equations 5.8- 5.13).

(5.8)x_scaledn =
xn√

x2n + y2n + z2n

(5.9)y_scaledn =
yn√

x2n + y2n + z2n

(5.10)z_scaledn =
zn√

x2n + y2n + z2n

Finally, a linear regression was performed in order to find the gain and offset values

associated with the best fit between the original and scaled accelerometer values along

each axis. This process was repeated until the error between the gain and offset-

adjusted values (x_ new, y_ new, z_ new) (Equations 5.11-5.13) and the scaled values

was below a set threshold error.

(5.11)x_newn = gainx ∗ xn + offsetx

(5.12)y_newn = gainy ∗ yn + offsety

(5.13)z_newn = gainz ∗ zn + offsetz

5.3.2.2 Wear-time Detection

Non-wear periods at the beginning, end or during the accelerometer recording may re-

sult in a misinterpretation of the data. In order to remove these periods prior to the

analysis, periods of wear and non-wear time were detected using the approach suggested

by van Hees et al. [124] [125]. 60-minute periods were extracted from the calibrated

accelerometer data, with each 60-minute period PA overlapping the previous period by

15 minutes. Any period (m) in which the standard deviation (Equation 5.14) was be-

low 0.003g for at least two of the three axes or the value range (Equation 5.15) was

below 0.05g for at least two of the three axes was classified as a non-wear period. 0.003g

was chosen based on the experimentally-extracted standard deviation due to noise during

non-wear times [123]. The longest continuous wear time was selected for further analysis.



Chapter 5 - Automated Sleep-boundary Detection using Wrist-worn Accelerometers 99

(5.14)x_stdm =
1

(PA ∗ 60 ∗ f_sample)− 1

(i+60)∗60∗f_sample∑
n=i∗60∗f_sample

(xn − x),

for i = 0, 15, 30, ..., f_sample = accelerometer sampling frequency and x is the mean

acceleration during the corresponding 60-minute period.

(5.15)
x_rangem = max([xi∗60∗100

: x(i+60)∗60∗100])−min([xi∗60∗100
: x(i+60)∗60∗100])

5.3.3 Data Analysis

Three approaches for sleep-boundary detection were studied: a PDF- , a random for-

est and a change-point-detection-based method. Self-reported sleep-onset and wake-up

times were used as the ground-truth for the development of the algorithms. All meth-

ods were trained on data from a random subset of 70% of participants and tested on

data from the remaining 30% of participants. This process was repeated 30 times with

different random partitions of training and test sets in order to obtain a robust estimate

of the performance of the algorithms, with each of the participants likely to have been

within the testing set ten times. All three methods used accelerometer-derived features

with an epoch length of one minute as their input, corresponding to the resolution at

which self-reported sleep times were reported.

In order to identify a suitable input variable for the threshold and change-point-

detection method, the degree to which the accelerometer signals for wake and sleep

times differed was studied using PDFs. PDFs represent the likelihood of a random

variable taking on any specific value in the variable-space. They can be extracted by

applying a smoothing kernel over individual values of the variable and aggregating the

kernels into one function. For the PDFs of sleep and wake times, a Gaussian kernel

with a bandwidth (bw) (Equation 3.2) set by Scott’s rule of thumb ([71]) was used (see
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Section 3.2 for more detail). Figures 5.3a and 5.3b show the PDFs of the vmagmean

(Equation 5.16) and the vmagstd (Equation 5.17) variables during sleep and wake times.

(5.16)vmag_meanm =
√
x_mean2

m + y_mean2
m + z_mean2

m.

(5.17)vmag_stdm =
√
x_std2m + y_std2m + z_std2m.

(a) PDFs of the vmagmean during sleep

(solid grey line) and wake (solid red line)

times.

(b) PDFs of the vmagstd during sleep

(solid grey line) and wake (solid red line)

times.

Figure 5.3: Probability density functions (PDFs) for the vector magnitude of the mean

(vmagmean) and the vector magnitude of the standard deviation (vmagstd).

It can be seen that differences between wake and sleep times are more pronounced

for vmagstd than they are for vmagmean. A mathematical way to quantify the difference

between two PDFs is the Kullback-Leibner divergence (DKL) (see Section 3.2). The DKL

of the distributions for vmagmean and vmagstd were 0.80 and 1.35 respectively, confirming

that differences in vmagstd during wake and sleep times are more pronounced than in

vmagmean. The threshold and change-point detection based methods were therefore

developed using the vector magnitude of standard deviation (vmagstd) as their input.

vmagstd for a typical subject from the CHA Exercise study are shown in Figure 5.4.

The input to the random-forest classifier was an array of 41 time- and frequency-

domain features, containing single-axis features computed using the vector magnitude of

acceleration as well as cross-axial features (Table 5.2) extracted from one-minute epochs.
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Figure 5.4: vmagstd (grey solid line) and self-reported (orange dashed line) sleep labels for a

typical subject from the CHA Exercise study (for 48 hours’ worth of data).

Features were chosen based on a previous selection by Ellis et al. [126], who aggregated

features commonly used for activity analysis and found they performed well in classifying

different PA types.

5.3.3.1 Sleep Detection using a Data-driven Threshold

Amplitudes of vmagstd are on average larger during wake times than during sleep times

(see Figure 5.4). As a result, it may be possible to differentiate between the two states

simply by using an appropriate threshold. The first method developed for automatic

sleep-boundary detection was based on a data-driven-threshold to assign minute-by-

minute sleep labels coupled with a smoothing filter.

The optimal threshold to differentiate between sleep and wake times was found using

probability-adjusted crossing-points of PDFs during wake and sleep times. An example

set of PDFs for wake and sleep times is shown in Figure 5.5a. In order to find the optimal

threshold (τi,j) for each recording in the training set, the PDFs of sleep and wake times

were adjusted by their relative probabilities-of-state. Assuming an average amount of

eight hours sleep a night for 24 hours worth of data (see Figure 5.4), a wake-to-sleep
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Single-axis Features Multi-axes Features

Mean Pearson correlation
Standard deviation Covariance
Coefficient of variation
Skewness Mean roll
Kurtosis Mean pitch
Median Mean yaw
Interquartile range Standard deviation of roll
Minimum Standard deviation of pitch
Maximum Standard deviation of yaw
Power contained in 1-15 Hz band
Dominant frequency
Power in dominant frequency
Entropy
Autocorrelation

Table 5.2: Overview of features used for random forest classification. Features were chosen
based on a previous selection by Ellis et al.[126].

ratio of 2:1 was used. The intersection between the adjusted wake and sleep PDFs were

found and the corresponding vmagstd values provided τi,j (Figure 5.5b). The PDF-based

thresholds were averaged across the recordings (j ) for each participant and consecutively

across all participants (i) in the training set in order to find the final threshold τPDF

(see Equation 5.19). For the PDF-based sleep classification, all values of vmagstd above

τPDF were classified as wake time (1) and all others as sleep time (0) (Equation 5.19).

(5.18)τPDF =
1

I

I∑
i=0

1

J

J∑
j=0

τi,j,

where I is the total number of participants in the training set and J is the total

number of recordings for participants i.

(5.19)statem =


1, if vmag_stdm ≥ τPDF

0, otherwise
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(a) PDFs of the vmagstd at sleep (solid

grey line) and wake (solid red line) times.
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(b) Probability-adjusted PDFs of the

vmagstd at sleep and wake times and the

vmagstd at which the two PDFs intersect

(black dashed line).

Figure 5.5: Extraction of PDF-based thresholds for sleep detection. PDF = Probability

Density Function.

5.3.3.2 Sleep Detection using a Random Forest Classifier

The previously described PDF approach only used a single input variable; however,

additional information may be contained in other time- or frequency-domain variables.

A random forest based method was developed using a range of input features to study

their combined ability to correctly identify sleep and wake times. The Sklearn Ensemble

toolbox [75] in Python was used for this analysis.

Random forest classifiers are ensemble classifiers that combine multiple, individually

weak trees into one stronger classifier. The advantage of a random forest classifier over

other classifiers is that it creates multiple randomly selected subsets of the training

data and therefore reduces the impact of hierarchical structures within the dataset.

Hierarchical structures are likely to be found in time-series data such as accelerometer

data, where within subject readings may be correlated over time.

For each participant self-reported sleep and wake times were extracted. The minute-

wise sleep and wake labels provided the ground truth for the learning-process of the
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classifier. The feature vector for each labelled minute contained the features listed in

Table 5.2.

Participants in the training set were randomly divided into a training (Tr_ml) and

a testing (Te_ml) set using a 70:30 split. In order to avoid a classification bias towards

wake classifications (as wake minutes occur more frequently during a 24-hour period),

the training set Tr_ml was balanced to contain as many sleep as wake labels. For

each participant, the difference between the total number of wake and sleep epochs was

identified; a randomly selected subset of sleep epochs equal to that difference was then

added to Tr_ml. The balanced Tr_ml dataset was normalised using the mean and

standard deviation of each of the features contained within that dataset (Equation 5.20

shows this for vmagstd) and fed into the random forest classifier.

(5.20)vmag_normn =
vmagn − vmag_std_train
std(vmag_std_train)

To evaluate the performance of the classifier, the features in the Te_ml dataset were

normalised using the mean and standard deviation of the features in the Tr_ml dataset

and fed into the trained classifier. The area under the curve (AUC) of the receiver

operating curve (ROC) was recorded as the performance measure. All classification

steps are shown in Figure 5.6.

The number of trees used in, and branch depth of, a random forest classifier directly

impact on its classification performance. Having a deeper branch structure can for

example mean that more detailed relationships between variables are learned by the

classifier. Too deep a structure on the other hand may cause overfitting on the training

set resulting in poorer performance on the testing set. In order to find the optimal

random forest structure for the sleep-wake classification, a range of tree numbers and

minimum number of samples per branch (related to the branch depth) requirements

were tested. The best combination of the two based on its AUC value was then used for
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70% RF training Balance Normalise
features
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Measure
performance

30% RF testing
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performance

Figure 5.6: Flow diagram summarising random forest training and testing steps.

further analysis.

Including too many potentially correlated variables in the random forest classifier

may lead to a combination of them being assigned to trees in an over proportional

amount. This in turn can lead to an overestimation of the weight of these variables

and therefore to suboptimal classifier performance. In order to evaluate whether this

effect was taking place, the random forest classifier was run 30 times using all of the

features and 30 times with only the five most important features. The ROC curves were

consecutively plotted and compared, to study the variation in ROC performance with

partitioning of the dataset.

5.3.3.3 Sleep Detection using Change-point Detection

The PDF- and RF-based sleep detection approaches focused on characteristics of indi-

vidual samples of the accelerometer signal (vmagstd), with no information on the context

in which they occur. An alternative approach to identify sleep-onset and wake-up times

may be to detect changes in the time-series signal. The final sleep-boundary detec-

tion method tested was based on change-point detection (CPD), which in contrast to

the previously described methods, identified periods of sleep or wakefulness rather than

minute-by-minute labels.
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The CPD technique developed by Killick et al. [76], implemented in R package

’changepoint’ [77] was employed to identify changes in the mean or variance of vmagstd.

This technique is based on maximum log-likelihood estimations (MLE), which provide

a measure of the integrity/agreement within a signal. If the sum of the MLEs of the

segments of a signal prior to and after a time n is larger than the MLE of the combined

signal, n is marked as a change point within the signal (see 3.5 for more detail). In order

to identify multiple change points within the signal, a binary-segmentation approach was

employed, whereby the dominant change point was identified first and samples either

side of the change point were consecutively scanned for additional change points. The

method stops searching for change points after Nmax points have been identified. For the

purpose of this analysis, Nmax was set to ten times the number of days in the recording in

order to accommodate for change points due to sleep and wake stages as well as changes

in activity during sleep or wakefulness.

Whilst differences in acceleration between sleep and wake stages are expected to

create dominant change points, there may also be changes in accelerometer patterns

throughout the day or night that result in false positives, e.g. a subject may show

predominantly active behaviours in the morning and then become more sedentary in

the afternoon (Figure 5.7a). In order to improve the performance of the change-point-

detection based sleep classification method, a threshold (τCPD) was introduced after

change-point detection. Whenever the mean vmagstd of a section identified by the

change-point-detection method increased above τCPD, the section was classified as wake-

fulness. Whenever the mean vmagstd decreased below τCPD, the section was classified

as sleep (Figure 5.7b).

In order to find the optimal value of τCPD a range of thresholds were applied to

the accelerometer recordings in the training set. The limits of the threshold range were

chosen based on the range of intersection points between vmagstd values during wake-
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(a) Visualisation of false positive change

point. The figure shows the vmagstd (grey

line) and the mean vmagstd values for the

segments identified by the change-point de-

tection (orange dashed line).

(b) vmagstd (grey line) and sleep (0) and

wake (1) classes (orange dashed line) after

thresholding.

Figure 5.7: Change-point-detection method.

fulness and sleep found for the training set (as described for the PDF-based method).

The threshold that resulted in the smallest mean absolute error (MAE) (Equation 5.21)

between automatically-derived and self-reported sleep-onset and wake-up times on the

training set was chosen for further evaluation on the testing set.

5.3.3.4 Post-processing using a Smoothing Filter

A rolling-average smoothing filter (mean-filter with equal weights and length N) was

applied to the outputs of all three methods and its output was hardlimited (yh = 1.0 if

y > 0.5 and yh = 0.0 if y ≤ 0.5). Whilst the purpose of this filter was to turn minute-

by-minute labels into sleep/ wake periods in the case of the PDF and RF methods, it

was also applied to the CPD-derived sleep periods to remove short episodes of wake time

during sleep and vice versa. After applying the hardlimiter, the start and end times of

the M largest sleep periods were selected as the sleep-boundary times identified by the

change-point detection method, where M was the number of days (defined as number

of 4:00 am instances) contained within a recording.
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The legth of the filter, N (NPDF , NRF , NCPD) was learned from the training set by

minimising the mean absolute error (MAE) between self-reported and automatically-

derived sleep-onset and wake-up times post filtering. The MAE was calculated as shown

in Equation 5.21, where tani,j,k is the self-reported and talgi,j,k is the algorithm-derived

sleep-onset or wake-up time, K in the combined number of sleep-onset and wake-up

times in a specific recording, J the number of recordings for a specific individual and l

the number of individuals in the training set.

(5.21)MAE =
1

I

I∑
i=0

1

J

J∑
j=0

1

K

K∑
k=0

√
(tani,j,k − talgi,j,k)2

5.3.4 Evaluation

All sleep-detection algorithms were evaluated on the accelerometer signals from the

participants in the testing set. The primary performance measure was the mean absolute

error (MAE) between the algorithm-derived and self-reported sleep-onset and wake-

up times. This was averaged over all individuals (Equation 5.21) and over all nights

(Equation 5.22).

(5.22)MAEnight =
1

Nnights

I∑
i=0

J∑
j=0

K∑
k=0

√
(tani,j,k − talgi,j,k)2,

where Nnights is the total number of nights in the testing set.

As secondary performance markers, the accuracy, sensitivity, specificity and kappa

statistic of the algorithms were calculated on a minute-by-minute level (see Section

3.6 for more details). Whilst the performance of sleep-detection algorithms is mainly

recorded in the literature using accuracy, accuracy may be affected by the frequency

of occurrence of each state, e.g. if there are significantly more wake minutes and an

algorithm classifies all minutes as wake, a method may achieve a high accuracy despite

having a poor sensitivity. The kappa statistic incorporates the relative probability of

chance agreement (Pe) and may therefore be a more appropriate statistic (see 3.6 for

more detail on the kappa statistic). Confusion matrices were computed to evaluate
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whether algorithms were more prone to any particular type of misclassification (Table

5.3).

Self-reported
Positive (Sleep) Negative (Wake) Total

Automated
Positive (Sleep) tp fp tp + fp

Negative (Wake) fn tn fn + tn

Total a+ c b+ d N

Table 5.3: Example of a confusion matrix, where tp = correctly identified sleep minutes, tn
= correctly identified wake minutes, fp = falsely identified sleep minutes, fn = falsely identified
wake minutes.

In order to visualise the agreement between the self-reported and algorithm-derived

sleep-boundary times, Bland-Altman plots were created both on a per-night and per-

individual basis. Bland-Altman plots are a tool for visualising the agreement between

two sources of measurement, displaying the average value of the two sources on the

x-axis and the difference between them on the y-axis (Figure 5.8).

Figure 5.8: Typical Bland-Altman plot with data points shown in grey, the mean agreement

shown in black and confidence intervals of the mean shown in orange.

Key performance markers were extracted for 30 randomly-selected partitions of the

training and testing sets, and averaged over all iterations in order to obtain a robust
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evaluation of the performance of the algorithms.

5.4 Results

5.4.1 Data Collection

Data from 46 participants in the CHA Exercise study were analysed. Participants had

a median age of 65 years (62-70 years); 63% were female and 37% male. Participants

recorded self-reported wake-up and sleep information for a median (IQR) duration of 18

days (17-27), with a median sleep-onset time of 23:30pm (23:00-00:15pm) and a median

wake-up time of 7:15am (6:35-8:00am). Table 5.4 lists the summary characteristics for

all participants included in the analysis. Figure 5.9 shows the distributions of the sleep-

onset and wake-up times for all participants.

(a) Sleep-onset times. (b) Wake-up times.

Figure 5.9: Distribution of self-reported sleep-onset and wake-up times for participants in

the CHA Exercise study.
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5.4.2 Data Preparation

5.4.2.1 Calibration

The distributions of calibration coefficients (see Section 5.3.2.1 for more detail) for all

participants included in the analysis are presented in Figure 5.10. Median offsets along

the x-, y– and z-axis were -6.3mg, -10.1mg and 11.6mg respectively. The median cali-

bration slopes were 0.9998, 0.99996 and 1.0029 respectively (Table 5.4).

(a) Distribution of x-offset

values.

(b) Distribution of y-offset

values.

(c) Distribution of z-offset

values.

(d) Distribution of x-slope

values.

(e) Distribution of y-slope

values.

(f) Distribution of z-slope

values.

Figure 5.10: Histograms of calibration offset and slope values.

5.4.2.2 Wear-time Detection

After removing non-wear periods from the accelerometer recordings, a total of 967 days

were included in the dataset, with corresponding self-reported sleep-onset and wake-up

labels available for 947 days. The final selection of days with accelerometer recordings
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and corresponding self-reported data was obtained from 22 participants with three sets

of recordings, 18 participants with two sets of recordings and six participants with a

single recording.

(a) Days with accelerometer recordings

(with and without self-reported labels).

(b) Days with accelerometer recordings

and self-reported labels.

Figure 5.11: Histograms of total accelerometer wear days (left) and those with correspond-

ing self-reported sleep-onset and wake-up labels (right). ’Frequency’ refers to the number of

participants with corresponding numbers of days with available data.
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CHA Participants (N = 46)

Age 65 (62-70)

Sex (% female) 63%
Self-reported (days) 18 (17,27)

Calibration
x-offset (mg) -6.3 (-8.5,-4.1)
y-offset (mg) -10.1 (-8.5,-41)
z-offset (mg) 11.6 (1.0,23.9)
x-slope 0.9998 (0.9977, 1.0018)
y-slope 0.9996 (0.9957, 1.0032)
z-slope 1.0029 (1.0000, 1.0068)
Wear-time
All (days) 18 (18,27)
With labels (days) 18 (17,27)

Table 5.4: Baseline and preprocessing information for participants included in the sleep-
boundary-detection analysis. Data shown as median (inter-quartile range).

5.4.3 Data Analysis

Minute-by-minute sleep and wake labels derived from the self-reported sleep-onset and

wake-up times were used as the ground truth for the development and evaluation of

all algorithms. Figure 5.12 shows a typical accelerometer trace, from participant P082,

with sleep and wake labels shaded in grey and red respectively.

5.4.3.1 Sleep Detection using Data-driven Thresholds

Results are shown for an example iteration of one of the training and testing set parti-

tions. The PDF-based vmagstd thresholds (τi), which best differentiated between sleep

and wake times for individuals in the training set are presented in Figure 5.13a. The

orange dashed line shows the averaged threshold across the participants (τPDF = 0.074

g) selected for further analysis. Figure 5.14a shows the PDF-based sleep labels (grey

solid line) as well as the self-reported sleep and wake times (orange dashed line) for a

typical participant from the training set (P082). The output of the classifier was noisy;
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Figure 5.12: vmagstd (grey solid line) and self-reported (orange dashed line) sleep labels for

a typical subject from the CHA Exercise study. Red and grey shaded areas correspond to wake

and sleep times based on self-reported sleep information.

however trends of sleep and wake times were identified correctly with a majority of wake

classifications during wakefulness, and sleep classifications during sleep.

Figure 5.13b shows the mean absolute error (MAE) between the self-reported and

PDF-derived sleep-onset and wake-up times for different smoothing filter lengths. The

orange dashed line represents the filter length (NPDF = 70 minutes) which resulted in the

smallest MAE for the training set. Figure 5.14b illustrates the PDF-based sleep-onset

and wake-up times after applying the rolling-average smoothing filter with hardlimiter.

In this particular example, sleep and wake periods were correctly classified with the

exception of short periods during wake times. These misclassifications may have been

caused by restful periods during the day. Figure 5.14c shows the PDF-based sleep and

wake classifications for participant P082 after selecting the longest continuous sleep

durations as final sleep periods. The PDF-based method identified the sleep-onset time

in the first night earlier than the self-reported time and finds a slightly later wake-up

time than stated by the participant on the second day.
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(a) Histogram of the PDF-based thresholds

for sleep and wake classification (grey solid

line), and mean threshold across all indi-

viduals in the training set (orange dashed

line).

(b) Mean absolute error between self-

reported and PDF-based sleep-onset and

wake-up times for different rolling-average

smoothing filter lengths (grey solid line),

and best performing filter length (orange

dashed line).

Figure 5.13: Parameters for PDF-based method.

The Bland-Altman plots in Figure 5.15 illustrate the agreement between the self-

reported and PDF-based sleep-boundary times on the test set of the example partition

(MAE on the per-night basis = 33 ± 14 minutes, MAE on the per-participant basis = 34

± 10 minutes). On average, the PDF-based sleep-boundary detection approach underes-

timated total sleep times based on self-reported information. On the per-night criterion,

the method identified sleep-onset times 15 minutes late, wake-up times on average two

minutes late. On the individual basis, the PDF-based sleep-boundary detection algo-

rithm (with rolling-average smoothing filter and hardlimiter) found sleep-onset times on

average 17 minutes later than the self-reported sleep-onset time and wake-up times on

average zero minutes later. When evaluating the algorithm’s minute-by-minute agree-

ment with self-reported sleep times (on the example partition), the PDF-based method

achieved a mean accuracy of 95% and a kappa statistic of 0.89. The confusion matrix

for the algorithm is shown in Figure 5.5 and shows that 3% of misclassifications were

due to wake times being wrongly identified as sleep times and 2% due to actual sleep

times being classified as wake times. The performance characteristics of the PDF-based
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sleep-boundary detection method averaged across all 30 random partitions of training

and test sets are summarised in the conclusion section of this chapter (Table 5.8).

Self-reported
Positive (Sleep) Negative (Wake) Total

Automated

Positive (Sleep) 114, 575 10, 472 125, 047

32% 3%

Negative (Wake) 6, 863 220, 642 227, 505

2% 63%

Total 121, 438 231, 114 N

Table 5.5: Confusion matrix of PDF-based classifications in the test set. Numbers represent
the number of one-minute epochs in each category. Percentages represent percentage of one-
minute epochs in each category versus overall number of one-minute epochs.
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(a) Sleep and wake labels after thresholding with τPDF = 0.074 g (PDF classifications are

reduced in amplitude for readability purposes).

(b) Sleep and wake labels after thresholding with τPDF = 0.074 g and applying the rolling-

average smoothing filter (NPDF = 70 minutes) and hardlimiter.

(c) Sleep and wake labels after thresholding (τPDF = 0.074 g), filtering (NPDF = 70 minutes)

and maximum selection.

Figure 5.14: Self-reported (orange dashed line) and PDF-based (grey solid line) sleep-onset

and wake-up times.
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(a) Wake-up times for nights in the test set. (b) Sleep-onset times for nights in the test set.

(c) Wake-up times for individuals in the test set. (d) Sleep-onset times for individuals in the test set.

Figure 5.15: Bland-Altman plots of agreement between self-reported (t_an) and PDF-based (t_alg) sleep-onset and wake-up times.
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5.4.3.2 Sleep Detection using a Random Forest Classifier

The RF classifier used a combination of time- and frequency-domain variables to classify

minute-wise sleep and wake labels. The assigned labels were subsequently post-processed

in a similar manner to the PDF-based method to obtain continuous periods of sleep and

wakefulness and hence sleep- onset and wake-up times. Figure 5.16a summarises the

performance of the trained random forest classifier on a typical Tr_ ml training set

(grey solid line) and Te_ ml testing set (grey dashed line) using ROC curves. The area

under the curve scores for the classification were 1.00 (rounded) and 0.93 respectively,

suggesting that the classifier performed well on both sets of data. Varying the number

of trees and branch depth (via minimum number of samples required to split into a

new branch) between 10 and 400, and 10 and 1000 respectively, only resulted in minor

changes in AUC scores (all values fell between 0.93 and 0.94). For computational cost

reasons the best performing setting with the lowest number of trees was chosen for

further analysis (number of trees: 10, minimum split size: 10). The ranking of the

features as determined over 30 iterations of algorithm training is shown in Figure 5.17.

The most important features identified were the 75th percentile, 25th percentile, median

and entropy of the one-minute epoch period.

Figures 5.18a and 5.18b show ROC curves obtained over 30 iterations of RF classifier

training using all, and the five most important features respectively. It can be seen that

the performance of the classifier using all input features did not vary more than when

using only five features. As a result, the remainder of the random forest based sleep-

boundary detection was conducted using a classifier with all input features.

The random forest based sleep and wake classifications for a typical recording (P082)

from the CHA study are presented in Figure 5.19a. The classifier assigned probabilities

of being asleep or awake rather than binary labels. From the figure, it can be seen that

the classifier performed well on a minute-to-minute basis.
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(a) Receiver operation curves (ROC) of ran-

dom forest classifier on Tr_ml (red) and

Te_ml (blue) set.

(b) Mean absolute error between self-

reported and random forest based sleep-onset

and wake-up times for different filter lengths

(grey solid line) and best performing filter

length (orange dashed line).

Figure 5.16: Parameters for random forest based sleep-boundary-detection. ’25thp’ and

’75thp’ refer to the 25th and 75th percentile, ’sd’ to the standard deviation, ’corr’ to the corre-

lation, ’avg’ to the average and ’fft0’ to ’fft14’ to the extracted frequency bands.

Figure 5.17: Random forest classifier feature importance based on 30 iterations.

After training the random forest classifier, different rolling-average smoothing filter

lengths Nrf were tested in order to optimise the performance of the sleep-boundary-

detection algorithm. Figure 5.16b shows the MAE of the sleep-boundary-detection al-
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(a) Receiver operation curves (ROC) of

performance of random forest classifier on

Tr_ml (red) set over 30 iterations (orange

lines). Mean across the iterations is shown

in black.

(b) Receiver operation curves (ROC) of per-

formance of random forest classifier with

five most important features on Tr_ml (red)

set over 30 iterations (orange lines). Mean

across the iterations is shown in black.

Figure 5.18: Evaluation of the effect of large number of input features.

gorithm for different values of Nrf (grey solid line) and the optimal length Nrf of 80

minutes on the training set (for an example partition). The wake- and sleep-times after

filtering (with hardlimiter) and after maximum selection are presented in Figures 5.19b

5.19c respectively.

In the example partition of the dataset, the random forest based sleep-boundary

detection achieved a MAE of 31.4 ± 15.6 minutes on a per-night basis and a MAE

of 32.3 ± 9.3 minutes (mean ± standard deviation) averaged across participants. On

a per-night basis, the method closely estimated total sleep times, identifying wake-up

times on average six minutes late and sleep-onset times on average four minutes late

(Figure 5.20). On an individual basis, the RF-based method identified wake-up times

on average five minutes late and sleep-onset times on average six minutes late. The

minute-by-minute accuracy achieved by the RF-based method was 95% and the kappa

score 0.89 for the example partition. The confusion matrix (Figure 5.6) shows that a

similar proportion of misclassifications were due to sleep times being wrongly classified
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Self-reported
Positive (Sleep) Negative (Wake) Total

Automated

Positive (Sleep) 112, 874 7, 946 120, 820

32% 2%

Negative (Wake) 8, 564 223, 168 231, 732

2% 63% 259028

Total 121438 231114 N

Table 5.6: Confusion matrix of RF-based classification on the test set. Numbers represent the
number of one-minute epochs in each category. Percentages represent percentage of one-minute
epochs in each category versus overall number of one-minute epochs.

as wakefulness and vice versa. The performance characteristics of the RF-based method

averaged across all 30 random partitions of training and test sets are summarised in the

conclusion section of this chapter (Table 5.8).
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(a) Sleep and wake labels from random-forest classifier.

(b) Sleep and wake labels after applying rolling-average smoothing filter (Nrf = 80 minutes)

and hardlimiter.

(c) Sleep and wake labels after thresholding, filtering (Nrf = 80 minutes, with hardlimiter) and

maximum selection.

Figure 5.19: Self-reported (orange dashed line) and PDF-based (grey solid line) sleep and

wake times.
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(a) Wake-up times for nights in the test set. (b) Sleep-onset times for nights in the test set.

(c) Wake-up times for individuals in the test set. (d) Sleep-onset times for individuals in the test set.

Figure 5.20: Bland-Altman plots of agreement between self-reported (t_an) and random forest based (t_alg) sleep-onset and wake-up times.
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5.4.3.3 Sleep Detection using Change-point Detection

The final method tested for sleep-boundary detection was the CPD approach. The

optimal threshold τCPD to classify periods into sleep or wakefullness was found to be

0.192 g (see Figure 5.21a). These values were used for the further evaluation of the

CPD-based algorithm on the test set.
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(a) Identification of the best performing

τCPD.

(b) Mean absolute error between self-

reported and CPD-based sleep-onset and

wake-up times for different filter lengths

(grey solid line) and best performing filter

length (orange dashed line).

Figure 5.21: Parameters for the CPD based sleep-boundary-detection.

The CPD-based sleep (0) and wake (1) classifications on candidate P082 are pre-

sented in Figure 5.22a. The optimal rolling-average smoothing filter length NCPD for

the change-point-detection algorithm was found to be 60 minutes (Figure 5.21). Figures

5.22b and 5.22c show the output from the algorithm after filtering (with hardlimiter)

and maximum sleep selection for the same participant (P082) as before. They demon-

strate that CPD-based sleep-boundaries can be very accurate (as seen in the first night);

however when the algorithm misclassifies the change from one state to another, mistakes

can be very significant (as seen in the second night) as the algorithm classifies entire

segments rather than individual minutes.
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Self-reported
Positive (Sleep) Negative (Wake) Total

Automated

Positive (Sleep) 114, 269 10, 119 136035

32% 3%

Negative (Wake) 7, 169 220, 995 245392

2% 63%

Total 121, 438 231, 114 N

Table 5.7: Confusion matrix of CPD-based classifications in the test set. Numbers represent
the number of one-minute epochs in each category. Percentages represent percentage of one-
minute epochs in each category versus overall number of one-minute epochs.

The Bland-Altman plots provided in Figure 5.23 summarise the performance of

the algorithm on the test set of the example partition. On the per-night level, the

CPD-approach showed a slight bias towards identifying sleep-onset times before the

self-reported sleep-onset and wake-up times later than the self-reported times. On the

individual-level analysis, the algorithm identified both sleep-onset and wake-up times

on average later than the self-reported times. The minute-by-minute accuracy achieved

by the CPD-based method was 94% and the kappa score 0.87. The confusion matrix

(Figure 5.7) shows that a slight majority of misclassifications by the CPD algorithm

were due to false positives (wrongly identified sleep times).
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(a) Sleep and wake labels after thresholding with τCPD = 0.192.

(b) Sleep and wake labels after thresholding with τCPD = 0.192 and filtering (NCPD = 60, with

hardlimiter).

(c) Sleep and wake labels after thresholding (τCPD = 0.192), filtering (NCPD = 60, with

hardlimiter) and maximum selection.

Figure 5.22: Self-reported (orange dashed line) and CPD-based (grey solid line) sleep and

wake times.
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(a) Wake-up times for nights in the test set. (b) Sleep-onset times for nights in the test set.

(c) Wake-up times for individuals in the test set. (d) Sleep-onset times for individuals in the test set.

Figure 5.23: Bland-Altman plots of agreement between self-reported (t_an) and CPD-based (t_alg) sleep-onset and wake-up times.



Chapter 5 - Automated Sleep-boundary Detection using Wrist-worn Accelerometers129

5.4.4 Evaluation

The performance of all three sleep-boundary detection algorithms averaged over 30 it-

erations is summarised in Table 5.8. The kappa statistic and accuracy refer to the

algorithms’ ability to detect sleep and wake times on a minute-by-minute level. The

MAE values refer to their performance in comparison to the self-reported sleep-boundary

times. All algorithms achieved accuracies of 94% or above. Whilst the PDF and CPD

methods had sensitivities of 93 % and specificities of 94% each, the RF method had a

sensitivity (ability to detect sleep correctly) of 92% and a specificity (ability to detect

wakefulness correctly) of 96%. The kappa statistics were very similar (0.88 to 0.89) with

the PDF and RF algorithms marginally outperforming the CPD algorithm.

Per individual participant, the RF method performed best in identifying sleep onset

times (MAE = 17.5 minutes) followed by the PDF and then the CPD approaches. The

RF method also had the smallest MAE in identifying wake-up times (MAE = 19.7

minutes) followed by the CPD and then the PDF algorithms. Overall, the RF-based

algorithm performed best with respect to the MAE averaged across all individuals (MAE

= 35.5 minutes), with the PDF algorithm obtaining an average MAE of 37.7 minutes

and the CPD algorithm achieving an average MAE of 40.7 minutes.

As can be seen in the Bland-Altman plots for each of the algorithms, all three methods

were affected by outliers of sleep-onset/ wake-up differences, with some times differing

by 300 minutes (5 hours) or more. Extreme detection errors (outliers in the figures) may

be caused by misclassifications of restful periods during the day or active periods during

sleep-time. For example, if an individual wakes up in the middle of the night and stays

up for a long period of time before returning to sleep, this may result in their detected

sleep duration for the night only being falsely classified as the time before or after the

sleep interruption.
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PDF RF CPD

Accuracy 94% (1%) 95% (1%) 94% (1%)
Sensitivity 93% (1%) 92% (2%) 93% (1%)
Specificity 95% (1%) 96% (1%) 94% (1%)
Kappa-statistic 0.88 (1%) 0.88 (1%) 0.87 (2%)

MAE (per-night level)
Overall 36.9 (4.2) 34.9 (3.9) 40.0 (4.8)
Sleep onset 37.2 (4.7) 34.4 (4.7) 46.0 (7.4)
Wake up 35.9 (4.8) 34.6 (4.5) 33.3 (4.8)

MAE (individual level)
Overall 37.7 (4.1) 35.5 (3.8) 40.7 (4.5)
Sleep onset 19.7 (4.4) 17.5 (4.1) 23.8 (7.9)
Wake up 20.5 (5.0) 19.7 (4.5) 20.1 (4.5)

Table 5.8: Performance of sleep-boundary-detection algorithms versus self-reported data across
30 partitions of randomly selected training and test sets. MAEs are reported as mean (standard
deviation) across the partitions.

5.5 Discussion

Three approaches for automatic sleep-boundary detection were developed and evaluated

using data collected as part of the CHA Exercise study. Algorithms achieved high ac-

curacies in identifying minute-by-minute sleep/ wake labels as defined by self-reported

sleep-onset and wake-up times. In order to validate the algorithms’ actual ability to

identify minute-by-minute sleep state, additional validation against PSG would be re-

quired. Mean absolute errors (averaged across individuals) between self-reported and

accelerometer-derived algorithms ranged from 35.5 to 40.7 minutes depending on the

method used. The best performance was achieved using the RF method, which clas-

sified each minute of recording into sleep or wake. The minute-by-minute labels were

then smoothed using a moving-average filter with hardlimiter in order to continuous

detect periods of wakefulness and sleep, and hence sleep-onset and wake-up times. The

performance of the RF method was closely followed by the performance of the basic

PDF-based approach.
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As the RF-based approach contained a wider range of features than the PDF method,

it was no surprise that it performed better. However, there were only slight differences

in MAEs of the RF and the PDF methods suggesting that vmagstd contained most of the

information required to detect sleep and wake times. Since the PDF method required less

pre-processing and was therefore considered to be more robust across different devices

and settings, it was considered most suitable for sleep-boundary detection.

Further investigation of the performance of the RF method revealed that the algo-

rithm had a comparably large discrepancy between specificity and sensitivity suggesting

that the classifier was better at identifying wake times correctly than at identifying sleep

times correctly. Whilst the dataset was balanced before training, the duplication of a

subset of sleep labels as part of the balancing process may have introduced sleep labels

with a reduced variety of characteristics. This in turn may have affected the performance

of the algorithm suggesting further improvements may be possible.

The CPD approach performed worst out of the three algorithms with larger MAEs at

sleep onset and overall. The BA plots for the algorithm applied to individual recordings

show that the CPD method was characterised by a majority of sleep-onset times with

very little error (the individual points are distributed closer to the mean), however

where there was an error, the error was comparably large. This was most likely due

to the fact that the CPD algorithm identified entire periods of sleep or wakefulness

rather than minute-wise labels. Further investigations of the performance of the CPD

algorithm showed that the algorithm was much better at identifying wake-up times than

at identifying sleep-onset times. This may be due to restful behaviour of participants

before bed-time, which is difficult to differentiate from sleeping.

The MAEs of all algorithms were on average at least 35.5 minutes, with some outliers

reaching MAE of 300 minutes and above. The analysis of outliers showed that two factors



Chapter 5 - Automated Sleep-boundary Detection using Wrist-worn Accelerometers132

introduced large differences between algorithm-derived and self-reported sleep-onset and

wake-up times. First, restful periods during wakefulness or active periods during sleep

were misclassified by the automated algorithms. Where these periods occurred for a

long time, the smoothing filter could no longer adjust for them. Applying the maximum

sleep selection in these cases resulted in significant errors in sleep-boundary times. Using

only movement data, it is difficult, if not impossible, to differentiate between restful

episodes and sleep. Additional data are required to reduce the misclassification rate of

the algorithms, for example from different sensors.

The second main cause for misclassifications appeared to be potential errors in the

self-reported data. Unlike previous sleep studies, this study was based on free-living data

as opposed to data collected in a sleep laboratory. Such data provides more authentic

information on a participant’s natural sleep behaviour, however there is a risk of errors

due to poor recall or rounding bias. Since even small differences in sleep duration have

been shown to impact individual’s health [127][128][129] and wellbeing [130], future

work should focus on an improvement of the proposed algorithms, for example using

training data extracted from PSG studies, which give objectively-recorded sleep-onset

and wake-up times. In addition to this, the algorithms should be validated in a HF

population, as sleeping behaviour of HF patients may be different to that of the elderly

adults used for the development of the sleep-boundary detection methods. Finally, using

PSG as a ground truth, the existing methods could be expanded to provide a new tool

for the quantification of sleep-fragmentation (the number of short sleep interruptions

a patient experiences during the night), a potentially valuable marker in HF patients

[112]. The inclusion of additional sensor, such as heart rate or temperature sensors, may

however be required in order to achieve accurate measurements of sleep fragmentation,

as accelerometer data by itself cannot differentiate between wakeful rest and sleep.

In comparison to commercial devices (e.g. Fitbit), which may include functions to

automatically detect sleep-boundary times, research-grade devices, such as the GENE-
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Activ device used for this analysis, are generally better validated, provide access to raw

accelerometer data and do not change their underlying filtering and pre-processing meth-

ods over time. As a result, latter have been preferred for medical research applications.

The sleep-boundary detection methods described in this chapter are non-proprietary and

useable across different devices, offering additional functionality for future accelerometer

studies. An alternative approach to conduct accelerometer-based sleep analysis without

the need of self-reported sleep-boundary times would be to use the 8 least active hours

of the day. This approach is very simple, but does come with the disadvantage of po-

tentially loosing relevant information on an individual level (e.g. sleep durations of less

or more than 8 hours). Future research could compare the two approaches in order to

evaluate whether either approach is preferable.

5.6 Conclusion

This chapter proposed an automatic method to extract sleep-boundary times from wrist-

worn accelerometer data. Three different approaches were implemented, evaluated and

compared. A random forest method marginally outperformed simple PDF-based and

change-point-detection approaches, however due to its simple and robust input variable,

the PDF-based method was considered most suitable for sleep-boundary detection. For

all methods, differences in algorithm-derived and self-reported sleep times may have

been due to misclassifications of restful periods, particularly close to sleep times, as well

as errors in self-reporting. Future work should therefore focus on merging self-reported

sleep data with objectively-recorded polysomnography data in order to create a more

reliable ground truth for classification algorithms.

The work described in this chapter fills a methodological gap in the processing of

accelerometer data and lays the foundation for the accelerometer analysis of HF pa-

tients described in the following chapter. In particular, the sleep-boundary detection

methods described in this chapter allow for the automatic detection of sleep-onset and
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wake-up times, which will be used to extract PA markers during wake-times as well

as accelerometer-derived estimated of subjects’ sleep duration and sleep fragmentation.

Both PA [37] and sleep [59] information may provide meaningful markers for HF risk

prediction.



Chapter 6

Heart Failure Classification using

Wrist-worn Accelerometer Data

6.1 Introduction

The previous chapter explored different methods for automatic sleep-boundary detec-

tion using wrist-worn accelerometers and found a PDF-based method to be the most

suitable to detect sleep-onset and wake-up times. This chapter used the sleep-boundary-

detection technique alongside other feature extraction methods to explore accelerometer

signals from HF patients and identify potential markers for repeated-measurement risk-

stratification using accelerometer data.

Wearable accelerometers for human movement analysis can provide insights into both

the PA and resting behaviour of individuals [131][132]. The growing availability of such

devices makes them a promising tool for medical monitoring applications. These devices

could prove particularly valuable for the management of chronic conditions such as HF.

To date, research on accelerometer-derived movement patterns of HF patients has been

limited [41][44] and the association between HF and changes in PA and sleep patterns

remains little understood.

135
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This chapter set out i) to study the ability of accelerometer-derived PA and sleep

markers to differentiate between individuals with and without diagnosed HF and ii) to

evaluate the added value of such markers when combining them with established HF

markers. The analyses laid out in this chapter were conducted using baseline data and

accelerometer recordings from the UK Biobank resource.

6.2 Background

6.2.1 Accelerometer-derived Markers for Physical Activity and

Sleep

Accelerometer signals can be analysed by means of descriptive statistics (e.g. mean,

standard deviation of acceleration) or derivative markers (e.g. intensity of activity or

activity type). Descriptive statistics summarise the collected data in a structured and

accurate manner but are not necessarily translatable into common concepts of PA anal-

ysis such as type or intensity of activity. Derivative markers on the other hand translate

the accelerometer time-series signal into more common measures of body movement;

this does however come at the cost of accuracy [133]. The analysis described in this

chapter explored a range of both descriptive statistics and derivative markers that are

further described in the methodology section. The following paragraphs provide an

initial overview of common derivative markers used in accelerometer analysis.

Among the first researchers to report on the potential use of accelerometers for

human movement analysis were Coates and Meade [134][135]. In 1960, the authors found

that the acceleration of a waist-worn accelerometer, measured during the lift motion

of the walking cycle, multiplied by the individual’s body weight and step frequency,

was highly correlated (r = 0.98) with oxygen consumption during walking. Based on

these findings, Coates and Meade concluded that step counting is a viable method for

measuring energy expenditure. In their 1981 paper, Wong et al. subsequently described
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the development of a portable accelerometer-based device to measure energy expenditure

in humans [136]. The association between measured acceleration from this device during

different intensities of walking was later shown to be positively correlated with oxygen

consumption [137][134].

Since the appearance of the first portable accelerometers for humans, various algo-

rithms have been developed to convert often proprietary accelerometer summary statis-

tics (also known as counts) to activity scores [131][132]. Activity is commonly quantified

using metabolic equivalents of task (METs), a measurement of oxygen consumption: the

average person uses 3.5 ml O2/kg/min when seated at rest. By convention, this corre-

sponds to 1 MET (1 kcal/kg/h). Algorithms to convert accelerometer data into METs

differ dependent on device used, wearing location (e.g. waist, wrist, foot) and population

studied. Thresholds for children, for example, are different to those for adults or elderly

subjects.

In addition to MET scores, there has also been an interest in identifying particular

activity types from accelerometer data [132][138]. Methods range from reference pattern

recognition to machine-learning based classification algorithms trained on specific types

of activities. As activity-detection methods become more specified, they tend to overfit

the data to the activity or population on which they have been trained [138]. Overfitting

indicates that the classifier has learnt the random variations within the training data

rather than the underlying structure. There have therefore been attempts to develop

so-called hierarchical activity classification algorithms, which detect different layers of

activity with increasing detail albeit with reducing confidence the deeper one moves

into the branches of the tree [139][138]. Mathie et al. [138], for example, developed

an algorithm that uses threshold approaches to initially detect whether an individual

is active or at rest and subsequently uses this information to identify the subtype of

state in which an individual is (e.g. lying, sitting and intensity of activity). The authors

developed the algorithm using wrist-worn accelerometer data from 26 participants and
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found that their algorithm achieved a sensitivity of 98% and specificity of 99% on data

collected in a laboratory environment.

For the analysis of the UK Biobank accelerometer data, only methods that use raw

acceleration data from wrist-worn devices were of interest. In addition to this, algorithms

developed using the GENEActiv (as introduced in the dataset chapter) device were of

particular value as the Axivity (Axivity, Ltd., Newcastle, United Kingdom) armband

used in the UK Biobank resource is based on the same sensor. Table 6.1 summarises

algorithms that were considered for the analysis described in this chapter.

Lead Device Sampling Input Classification Derivative
author frequency features type marker

Bonomi TracmorD 20 Hz Time and Decision tree Activity type
frequency features

Ellis ActiGraph 30 Hz Time and Random forest EE,
frequency features Activity type

Esliger GENEActiv 80 Hz SVMgs Threshold Sedentary,
intensity

Hildebrand GENEActiv 100 Hz VMgs Threshold EE, intensity
Rowlands GENEActiv 100 Hz x, y, z mean, Threshold Sedentary,

SVMgs intensity
Zhang GENEActiv 80 Hz SVM, FFT, Decision tree Sedentary,

DWT houshold
walking

Borazio Custom 100 Hz z standard deviation Threshold Sleep status
Van Hees GENEActiv 85.7 Hz Mean angle Threshold Sleep status

Table 6.1: Overview of algorithms for extracting derivative markers from raw accelerometer
signals. SVM = signal vector magnitude. SVMgs = gravity-adjusted signal vector magnitude.
FFT = Fast Fourier Transform. DWT = Discrete Wavelet Transform. EE = Energy Expendi-
ture measured in METs.

The first extraction of MET scores from the GENEActiv accelerometer was com-

pleted by Esliger et al. in 2011 [140]. They conducted a validation study of the GENE-
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Activ accelerometer and derived acceleration thresholds for light, moderate and vigorous

physical activities as well as sedentary behaviour. In the study, 60 adults wore accelerom-

eters, one on each wrist, in addition to one on the waist and completed different intensity

tasks whilst being monitored by a portable metabolic gas analyser. The authors sub-

sequently used the gravity-subtracted signal vector magnitude (SVMgs) (Equation 6.1)

summarised over 60s epochs and the output from the gas analyser to identify suitable

thresholds for the different PA intensities.

SVMgs =
M∑
n=1

|
√
x2n + y2n + z2n − g|, (6.1)

whereM is the number of measurements per epoch, x, y, and z refer to the accelerometer

axes and g is the gravitational force of the earth, 1g. The final thresholds shown in

Table 6.2 achieved sensitivities of 78% and above and specificities of 56% and above in

the identification of the activity types.

Rowlands et al. further developed the work of Esliger et al. to include posture infor-

mation using an approach that they named the sedentary sphere [133]. Activities were

classified using the SVMgs over 15s epochs as well as the mean arm angle (anglemean)

during each 15s epoch. A slightly adapted version of Esliger et al.’s thresholds was used:

rather than using one threshold for each wrist, the authors combined the thresholds into

generic cut-off values for both wrists. For the moderate and vigorous activity thresh-

olds, Rowlands et al. used Esliger et al.’s left wrist thresholds. For the light activity

threshold, the authors chose the mean of the right and left wrist thresholds found by

Esliger et al.. They further adjusted the thresholds to cope with changes in frequency

and epoch length, as shown in Equation 6.2 below.

thresh100Hz,15s = thresh80Hz,60s ∗
100

80
∗ 15

60
(6.2)
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Left wrist Right wrist Non-dominant wrist

Esliger et al. (SVMgs @80Hz, 60s)
sedentary <217 <386
light 217-644 386-439
moderate 645-1,810 440-2,098
vigorous >1,810 >2,098

Rowlands et al. (VMgs @100Hz, 15s)
sedentary <95 <95
light 95-202 95-202
moderate 203-566 203-566
vigorous >566 >566

Hildebrand et al. (VMgs @100Hz, 1s)
sedentary
light <93.2
moderate 93.2-418.3
vigorous >418.3

Table 6.2: Overview of intensity-scoring thresholds identified for the GENEActiv activity mon-
itor. The table shows the lead author’s name (method input marker, @sampling frequency,
epoch length) and their identified threshold for sedentary, light, moderate and intense activities.
SVMgs = gravity-adjusted summed vector magnitude (Equation 6.1). VMgs = gravity-adjusted
mean vector magnitude (Equation 6.4). Thresholds are divided into thresholds for the left wrist,
right wrist and non-dominant wrist, according to the authors’ choice.

The authors determined the mean arm angle (anglemean) of a subject via the force

in the y-direction of the accelerometer as shown in Equation 6.3 and Figure 6.1. If

anglemean is smaller than 15◦ below the horizontal axis and the SVMgs during an epoch

suggests moderate-to-vigorous PA, a participant is deemed to be standing. In all other

cases they are classified as either sitting or lying.

anglemean = arcsin(ymean) (6.3)

Rowlands et al. evaluated the ability of their method to detect body position in a

total of 48 subjects in laboratory, free-living or hospital environments and validated it

against the thigh-worn activPal inclinometer. The method achieved an intra-individual
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angle >
−15◦

y = 0g

angle = 0◦

y = 1g

angle = 90◦

y = −1g

angle = −90◦

Figure 6.1: Visualisation of the body posture information used as part of Rowland et al.’s

sedentary sphere. A measured y-axis acceleration of −1g translates into an angle of −90◦, a

measured y-axis acceleration of 1g into an angle of 90◦. The red shaded area corresponds to

angles of −15◦ to 90◦ (where 0◦ corresponds to the horizontal), which are classified as sedentary

or lying positions in Rowland’s method. The grey shaded area corresponds to angles from −90◦

to −15◦, which are classified as standing positions if they occur in combination with moderate-

to-intense PA determined by mean acceleration thresholds.

agreement of 85%; however posture classification was erroneous for certain activities,

such as reading whilst standing and cooking whilst standing.

Another intensity-scoring algorithm for the GENEActiv was derived by Hildebrand

et al. [141]. The authors asked 30 subjects to wear the GENEActiv accelerometer on

their non-dominant wrist and conduct activities of varying intensities. The individual’s

energy expenditure was monitored via a portable metabolic gas analyser. Hildebrand et

al. used gravity-adjusted mean vector magnitude (VMgs) (Equation 6.4) of acceleration

as the input marker for their classifier.

VMgs =
1

Nmeas

Nmeas∑
n=1

|
√
x2n + y2n + z2n − g|, (6.4)

where Nmeas is the number of measurements per epoch, x, y, and z refer to the ac-
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celerometer axes and g is the gravitational force of the earth, 1g. Their linear classifier

describing the relationship between VMgs and oxygen consumption is given in Equation

6.5.

V O2 = 0.0323mg + 7.49 ∗ VMgs (6.5)

In addition to the linear classifier, the authors also defined thresholds for light, mod-

erate and vigorous PA. These are listed in Table 6.2.

Zhang et al. [142] moved away from using just a single marker to detect different

intensities of activities and instead proposed a range of frequency and time-domain

feature extracted using both the Fast Fourier Transform (FFT) and the Discrete Wavelet

Transform (DWT) as inputs to different machine learning classifiers. The FFT and the

DWT are both methods to extract the frequency content from a time-series signal. In

comparison to the FFT, the DWT is able to capture both frequency and time information

by using varying lengths of windows across which it extracts the frequency information.

Zhang et al. recruited 60 subjects and asked them to wear the GENEActiv wrist-band

whilst conducting activities of different intensities. It was found that a decision tree

performed best when classifying the different activities with an overall accuracy of 96%

or above depending on wearing location.

The methods described by Esliger et al., Rowlands et al. and Zhang et al. were

developed for the GENEActiv device. In contrast, many algorithms for other devices

are based on proprietary count values. One exception is the work conducted by Bonomi

et al. [143]. They developed an acceleration-based classification algorithm for the de-

tection of 20 different activities including, amongst others, sitting, lying and walking

activities using the TracmorD device (Philips New Wellness Solutions, Lifestyle Incu-

bator, Netherlands). The device is a wrist-worn tri-axial accelerometer with a battery

life of three weeks and storage capabilities for up to 22 days of recording. Bonomi et
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al. trained decision trees with varying lengths of input epochs and found that optimal

performance (accuracy of 93%) was achieved with epoch sizes of 6.4s or 12.8s.

Similarly, Ellis et al. [144] developed another machine-learning approach to classify

household, stairs, walking and running activities using raw accelerometer data from a

wrist-worn Actigraph GT3x+ monitor (ActiGraph, LLC., Pensacola, Florida, U.S.A.).

The Actigraph GT3x is device which contains a triaxial accelerometer and can be set

to operate at various sampling frequencies and epoch lengths. The ground truth (in

this scenario defined as the true energy consumption) used to train the random forest

classifier was a portable indirect calorimeter, a device that measures oxygen uptake.

Ellis et al. developed and tested the algorithm on 40 individuals, achieving an accuracy

of 87.5%.

In addition to providing signals to methods to identify different types of activities

and energy expenditure, accelerometers have also been used to detect sleep status. The

algorithm used for processing the raw accelerometer data into minute-by-minute sleep

labels was the method developed by Borazio et al. [116] as introduced in the previous

chapter.

6.3 Methodology

6.3.1 Study Population

Data for this analysis were drawn from the UK Biobank resource. The UK Biobank is a

registered charity with the aim of improving prevention, diagnosis and treatment of life-

threatening diseases [68]. Between 2006 and 2010, the charity recruited approximately

500,000 subjects aged 40-69 years from across the United Kingdom and collected a range

of self-reported data, physiological measurements and biological samples.
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Among the data collected were baseline demographic and socioeconomic information

(including age, sex, ethnicity, alcohol status, smoking status, Townsend index (an area

of residence based measure for social deprivation [145])) as well as self-reported PA data.

Baseline information was reassessed at the first repeat assessment in 2012-2013 (subset

of 20,000 participants) and at the imaging visits conducted 2014-present (subset of 5,000

participants).

Accelerometer data were collected for a subset of approximately 100,000 participants

between May 2013 and 2015 [69]. UK Biobank participants were contacted via email

and provided with an Axivity AX3 accelerometer, if they agreed to take part in the

activity data collection. Participants were told to wear the three-axial accelerometer

continuously on their dominant wrist for a period of seven days. The accelerometer

recorded data at a frequency of 100 Hz over a dynamic range of ±8g (gravities).

Long-term health-related information was linked to the UK Biobank from sources

including the Office for National Statistics (Death and emigration information) and the

Department of Health’s Hospital Episode Statistics (HES). The latter contained hospital-

admission data (up until March 2015) for English residents that were either NHS-funded

or NHS-treated. Figure 6.2 shows a timeline summarising the different stages of the UK

Biobank data collection and the data used as part of this analysis.

6.3.2 Data Preparation – Self-reported Physical Activity Data

At baseline assessment, patients filled in a touchscreen-based questionnaire providing

information about their PA levels. Patients were asked to state how many days they

were engaged in more than ten minutes of each, walking, moderate and vigorous activity

in a typical week. Participants were then questioned for how many minutes they were

engaged in each of the activities on a typical day. In the description of physical activities

carrying light loads, cycling at normal pace were given as examples of moderate activities,
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2004	 2006	 2008	 2010	 2012	 2014	 2016	 2018	

Recruitment	and	baseline	
data	collection	
•  Self-reported	physical	activity	
•  Age,	sex,	ethnicity,	etc.	

Accelerometer		
recordings	

Recruitment	

Repeat	assessments	

Accelerometer	
recordings	

Present	

Figure 6.2: Timeline of UK Biobank data collection showing time of baseline data collection,

collection of repeat assessments (run on sub-groups of the original participant pool) (orange

diamonds) and time of accelerometer data collection. Hospital statistics information is linked

yearly using participants’ HES records and is represented with a black dashed line.

and activities that make you sweat or breathe hard such as fast cycling, aerobics, heavy

lifting were given as examples of vigorous activities.

Self-reported PA data were processed using the method described by Bradbury et

al. [146] based on the International Physical Activity Questionnaire guidelines [147].

Self-reported average daily PA minutes of <10 minutes were recorded as 0, values of ≥

1,260 minutes per week (equivalent to an average of 3 hours a day) were truncated at

1,260 minutes.

Walking, moderate and vigorous activities were scored at 2.3, 3.0 and 7.0 excess

metabolic equivalents of tasks (METs) respectively [147]. In order to extract partici-

pants’ average METs per week, the average daily time spent in each of the activities was

multiplied by the average number of days doing the exercise and the respective MET

scores.
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6.3.3 Data Preparation – Accelerometer Data

The raw accelerometer data were calibrated [123] and wear-time periods were identified

using the UK Biobank preprocessing methods described by Doherty et al. [69]. In order

to minimise the computational cost of the UK Biobank analysis, all subsequent methods

were computed using an epoch length of 30s. This is in accordance with the epoch length

used for the published UK Biobank methods to date [69]. Figure 6.3 provides a visual

overview of the accelerometer-marker extraction process. All markers are also listed in

Table 6.3.

Summary statistics using the mean vector magnitude of acceleration (VMgs) were

extracted and averaged over the total number of wear-epochs of a participant. Summary

statistics included the mean (x1), standard deviation (x2), median (x3), 25th (x4) and

75th percentile (x5) of VMgs extracted over 30s epochs. In addition to the 24-hour

markers, the statistics were also calculated separately for wake times (xW1 − xW5) and

sleep times (xS1 − xS5). The onset and end of sleep was thereby defined using the

PDF-based sleep-boundary detection algorithm described in the previous chapter.

Derivative markers, such as the amount of time spent in different intensities of PA

(extracted using the approach of Rowlands et al. and Hildebrand et al.), were also

extracted over the 24-hour period and averaged over the total number of wear days of

a participant. Using the algorithm-derived sleep-boundary times, the markers were also

extracted separately for wake times. Markers describing the sleep duration and quality of

sleep were extracted for sleep times. The latter was done using the algorithm developed

by Borazio et al., which assigns minute-by-minute sleep labels based on the standard

deviation of the accelerometer signal along the z-axis (see section 5.2.1 for more detail).

Methods with epoch-length-dependent thresholds were adjusted to the new epoch
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Accelerometer Signal

Preprocessing
(calibration, wear-time detection)

Summary Statistics Derivative Markers

24 h Sleep-
boundaries

24 h Sleep-
boundaries

Wakefulness Sleep Wakefulness Sleep

{xW1, xW2,
...,xW5}

{xS1, xS2,
...,xS5}

{x1, x2,
...,x5}

PA variables using
Hildebrand et al.

and Rowlands et al.
{x6,...,x68}, {xW6,...,xW68}

Sleep variables
using

Borazio et al.
{xS69,...,xS78}

Figure 6.3: Flow diagram of the accelerometer feature extraction. Variables x1 to x78 are

defined in Table 6.3. All derivative markers were derived for 24-hour periods and then averaged

over the number of wear-days of each participant.

length of 30s. Equation 6.6 shows the calculation used to transform the length of the

smoothing filter in the sleep-boundary detection (NPDF ), equation 6.7 the formula used

to adjust Borazio’s idleness length (Nbor) (the duration for which sleep episodes are

required to occur continuously to be classified as sleep).

NPDF = NPDF ∗
30

60
(6.6)

Nbor = Nbor ∗
30

1
(6.7)
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Rowland’s intensity thresholds were adjusted as shown in Equation 6.8.

thresh100Hz,30s = thresh100Hz,15s ∗
30

15
(6.8)

Where appropriate, the average number of times a specific activity occurred during

wake/ sleep as well as the mean duration for which it occurred were also included as

markers. For this purpose a vector of length Nrec (where Nrec is the total number of

epochs in the recording and n corresponds to an individual epoch) was created. Each

element of this vector was set to one for every epoch in which the type of activity

occurred, as shown for the example of light PA (based on Rowland’s method) in Equation

6.9.

lightn =


1 if Rowlandsn = light

0 otherwise

(6.9)

The vector (e.g. lightn) was smoothed using a uniformly-weighted moving-average

filter of five minutes in length in order to remove the effect of short-term changes in

activity. The mean duration and mean number of times the activity occurred during a

24-hour period, wake period and sleep period were then stored as markers. Table 6.3

provides an overview of all accelerometer-derived markers included in the second part of

the analysis described in this chapter.
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Variable type Variable name Description
24 hour Wake Sleep

Statistic x1 xW1 xS1 Mean VMgs averaged over recording period.
Statistic x2 xW2 xS2 Standard deviation of VMgs averaged over recording period.
Statistic x3 xW3 xS3 Median of VMgs averaged over recording period.
Statistic x4 xW4 xS4 25th percentile of VMgs averaged over recording period.
Statistic x5 xW5 xS5 75th percentile of VMgs averaged over recording period.

Derivative x6 xW6 Daily MET score using the approach of Hildebrand et al.
Derivative x7 xW7 Daily percentage of time spent in light PA (Hildebrand et al.)
Derivative x8 xW8 Mean duration of light PA bouts (Hildebrand et al.)
Derivative x9 xW9 Mean duration of light PA bouts (≥ 5 minutes) (Hildebrand et al.)
Derivative x10 xW10 Mean duration of light PA bouts ≥10 minutes) (Hildebrand et al.)
Derivative x11 xW11 Number of light PA bouts (Hildebrand et al.)
Derivative x12 xW12 Number of light PA bouts (≥ 5 minutes) (Hildebrand et al.)
Derivative x13 xW13 Number of light PA bouts (≥ 10 minutes) (Hildebrand et al.)
Derivative x14 xW14 Daily percentage of time spent in moderate PA (Hildebrand et al.)

... ... ...
Derivative x20 xW20 Number of moderate PA bouts (≥ 10 minutes) (Hildebrand et al.)
Derivative x21 xW21 Daily percentage of time spent in vigorous PA (Hildebrand et al.)

... ... ...
Derivative x27 xW27 Number of vigorous PA bouts (≥ 10 minutes) (Hildebrand et al.)
Derivative x28 xW28 Daily percentage of time spent in sleeping PA (Rowlands et al.)

... ... ...
Derivative x33 xW33 Number of sleeping PA bouts (≥ 10 minutes) (Rowlands et al.)
Derivative x34 xW34 Daily percentage of time spent in light PA (Rowlands et al.)

... ... ...
Derivative x40 xW40 Number of light PA bouts (≥ 10 minutes) (Rowlands et al.)
Derivative x41 xW41 Daily percentage of time spent in moderate PA (Rowlands et al.)

... ... ...
Derivative x47 xW47 Number of moderate PA bouts (≥ 10 minutes) (Rowlands et al.)
Derivative x48 xW48 Daily percentage of time spent in vigorous PA bouts (Rowlands et al.)

... ... ...
Derivative x54 xW54 Number of vigorous PA bouts (≥ 10 minutes) (Rowlands et al.)
Derivative x55 xW55 Daily percentage of time spent in sederary/lying PA (Rowlands et al.)

... ... ...
Derivative x61 xW61 Number of sedetary/lying PA bouts (≥ 10 minutes) (Rowlands et al.)
Derivative x62 xW62 Daily percentage of time spent in standing PA (Rowlands et al.)

... ... ...
Derivative x68 xW68 Number of standing PA bouts (≥ 10 minutes) (Rowlands et al.)

Derivative xS69 Sleep duration according to sleep-boundary times
Derivative xS70 Sleep duration according to Borazio et al.
Derivative xS71 Sleep efficiency bor_sd

sb_sd

Derivative xS72 Daily percentage of time spent awake at night (Borazio et al.)
... ...

Derivative xS78 Number of wake bouts during sleep (≥ 10 minutes) (Borazio et al.)

Table 6.3: List of summary statistics and descriptive markers included in the UK Biobank
analysis. The dotted lines represent the different types of duration and frequency markers as
shown for the example of light PA using the approach of Hildebrand et al. (x8 to x14).
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6.3.4 Data Preparation – Hospital Admission Data

Hospital admission data were extracted from HES data. HF-related entries were de-

fined as entries with ICD10 codes of ’I500’, ’I501’ or ’I509’ or ICD9 codes of ‘4280’

or ‘4281’ according to the international classification of disease (ICD) code definitions.

The time since first HF diagnosis (tfirst) was defined as time since first HES-recorded

hospitalisation with a primary or secondary cause of HF.

6.3.5 Statistical Analysis

The aim of this analysis was to i) evaluate the ability of accelerometer-derived markers

to differentiate between UK Biobank participants with and without HF, as well as to ii)

study their added value in combination with evidence-based markers and in comparison

against self-reported PA information. For this purpose two analyses were run: the

first analysis (from this point onward referred to as ’baseline analysis’ ) utilised the

UK Biobank data collected at baseline to evaluate the classification performance of

established HF markers by themselves and in combination with self-reported PA data.

Established HF markers were chosen based on the MAGGIC (Meta-Analysis Global

Group in Chronic Heart Failure) score [148], a multivariate score developed for HF

risk prediction. The score includes age, sex, ethnicity, alcohol status, smoking status,

previous diagnosis of COPD and diabetes as markers in its prediction. Other markers

such as creatinine levels and ejection fractions are also included in the MAGGIC score,

however these were not available for this analysis.

The second analysis (from this point onward referred to as ’accelerometer analysis’ )

used the subset of UK Biobank participants with available accelerometer recordings to

evaluate the classification performance of accelerometer-derived markers by themselves

and in combination with established HF markers. Established markers were collected

at baseline assessment with exception of disease status information and age, which were

extracted for the time of accelerometer recording. Although there is an overlap between



Chapter 6 - Heart Failure Classification using Wrist-worn Accelerometer Data 151

participants in the first and second analysis, the time-difference of three to nine years

between the collection of the baseline characteristics and accelerometer-recordings results

in differences in the individuals with HF included in the analyses, as well as expected

differences in the performance of established HF markers across the two datasets.

Baseline characteristics were presented as medians (inter-quartile range (IQR)) for

continuous and as percentage for categorical markers, grouped by sex and HF status at

time of baseline recording and accelerometer recording. In order to provide an initial

measure of the difference in the values of markers between the HF and no-HF groups, two

statistical tests were run. Continuous markers were tested using the Wilcoxon rank sum

test, a statistical test suitable for non-normal distributions (such as the age distribution

in this analysis). Markers displayed in categorical form were tested using the χ2 test (see

section 3.6 for more detail). P -values of 0.001 or smaller were considered to correspond

to a significant difference between the HF and no-HF groups for this analysis.

For both analyses, HF participants were matched with age and sex-matched controls.

For each HF participant, a control with the same sex and minimum difference in age

was found. Controls were found without replacement, i.e. once a participant without

HF had been identified as a match, they could not be matched to a second HF patient.

If more than one individual without HF matched a HF patient equally well, one of them

was selected by chance.

In order to evaluate the predictive value of accelerometer-derived markers, UK Biobank

participants and their matched controls were randomly divided into a training and a test

set following a 70:30 split (see Figure 6.4 ). The training set was used for the training of

the classifier. The test set remained unseen until the final evaluation of the trained clas-

sifier. The process from training to evaluating the classifier was repeated 20 times with

different 70:30 partitions of the dataset to provide a valid estimate of the performance

of the markers.
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Dataset

Training set Test set

Feature slection

Trtrain set Trvalid set

Figure 6.4: Flow diagram summarising the training, validation and test sets. Ten-fold cross-

validation was used to identify the best-performing subset of accelerometer-derived markers for

heart failure classification. The derived classifier was then tested on the previously unseen

testing set and compared to the evidence-based heart failure markers. This process was repeated

20 times.

Including a large number of potentially correlated markers in a classifier can introduce

noise and therefore worsen the performance of a classifier. Dimensionality reduction can

be employed to reduce the number of markers included in a classifier. This can be

achieved through feature selection or feature extraction. The prior approach identifies

the subset of input markers with the individual or combined greatest predictive power.

Feature extraction on the other hand transforms input features onto an optimised feature

space. Whilst this method potentially results in better performance, it comes at the

cost of interpretability. As the purpose of this analysis is to identify accelerometer-

derived markers for eventual use in a clinical home monitoring system, interpretability

is favoured.

Feature ranking is a commonly used method to optimise the features included in a

classifier. Features can be ranked based on their individual performance (e.g. correla-

tion, predictive value etc.) or the amount of added information they contain (mutual

information ranking). The subset of Nbest best-performing features can then be selected,

where Nbest is chosen using classifier-efficiency or performance restrictions [149].



Chapter 6 - Heart Failure Classification using Wrist-worn Accelerometer Data 153

For the purposes of this analysis, sequential forward selection (SFS) was used to

identify the best-performing subset of accelerometer features. The method was applied

during the training stage of the algorithm. For this purpose, the randomly selected

training set was separated into a training (Trtrain) and a validation (Trvalid) subset

following a 70:30 split. The individdual performance of each marker trained on the

training set (Trtrain) was subsequently evaluated on the validation set (Trvalid) and the

area under the curve (AUC) of the receiver operating curve (ROC) recorded. The process

of splitting the training set into subsets and recording the performance of each marker

was repeated 10-fold in order to obtain reliable measures of performance. After the

cross-validation, the marker with the best mean AUC on the validation set was selected

as first marker to be included in the classifier. Using the same approach of performance

evaluation, subsequent markers were added until any additional marker resulted in a

decrease of performance on the validation set (Trvalid), suggesting an overfitting on

the training set (Trtrain). The selected features were then used to re-trained the final

classifier on the entire training set and evaluate it on the previously unseen test set.

Each classifier was evaluated based on its classification performance. The primary

outcome measure used for the evaluation was the average test set AUC achieved by the

classifier across the 20 random partitions of training and test sets. Accuracy, sensitivity

(proportion of correctly-identified HF patients) and specificity (proportion of correctly-

identified no-HF patients) were also recorded and confusion matrices created for each

classifier.

6.4 Results

Out of a total of 502,602 UK Biobank participants, 390,047 provided complete self-

reported PA information at baseline. This included 1,605 participants with previously

diagnosed HF. Baseline characteristics of the UK Biobank population stratified by HF

status are presented on the left hand side in Table 6.4.
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Accelerometer-based PA data with good calibration and wear-performance were col-

lected for 96,705 UK Biobank participants between 2013 and 2015, 596 of whom had

previously been diagnosed with HF at the time of recording. Characteristics of the par-

ticipants with available accelerometer data are shown in the right side of Table 6.4 and

are based on data collected during baseline assessment with the exception of age and pre-

vious diagnosis of COPD or diabetes, which were based on the first day of accelerometer

recording.

For both the self-reported and accelerometer-based populations, patients with HF

were on average older than no-HF participants and more likely to be male. At base-

line, participants with diagnosed HF in both study populations were less likely to be

underweight and more likely to be overweight or obese than no-HF participants. HF

participants were more likely to have given up alcohol and to class themselves as previ-

ous or current smokers in both analyses. There was a larger percentage of HF patients

in the highest social deprivation class compared to no-HF participants. Nearly a third

of HF patients had been previously diagnosed with diabetes at baseline in comparison

to 5% of no-HF participants. In the UK Biobank sample with accelerometer recordings,

21% of HF patients had previously been diagnosed with diabetes versus only 2% of the

participants without a HF diagnosis.

6.4.1 Baseline Analysis

Age and sex matched controls for UK Biobank HF patients were found by grouping

participants with complete information (no missing values in the markers of interest)

by sex and identifying the no-HF participants with minimum difference in age. If more

than one participant with the same difference in age was found, one of them was selected

by chance. The age distributions of participants in the baseline analysis before and after

matching are shown in Figure 6.5. The median (interquartile range) ages were 63 (59-67)
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Self-reported PA Accelerometer-derived PA

No HF HF P-value No HF HF P-value

N 388,469 1,605 96,109 596
Age (years) 57 (50-63) 63 (59-66) <0.001 63 (56-69) 69 (65-72) <0.001
Female 202,621 (52%) 324 (20%) <0.001 54,294 (56%) 153 (26%) <0.001
Male 185,848 (48%) 1,281 (80%) 41,815 (43%) 443 (74%)
Ethnic background 0.750 0.557
White 367,556 (95%) 1,526 (96%) 92,803 (96%) 579 (98%)
Mixed or
non-white 18,917 (5%) 67 (4%) 2,969 (3%) 15 (2%)
Missing <1% <1% <1% <1%
BMI (kg/m2) <0.001 <0.001
<24.9 127,499 (33%) 259 (17%) 36,817 (38%) 120 (20%)
≥ 25 and <30 1,165,916 (43%) 619 (39%) 39,489 (41%) 247 (42%)
≥ 30 and <35 64,899 (17%) 467 (30%) 13,737 (14%) 144 (25%)
≥ 35 24,213 (6%) 226 (14%) 4,810 (5%) 77 (13%)

Missing 2% 2% 1% 1%
Systolic BP (mmHg) 134 (120-147) 138 (125-151) <0.001 137 (125-151) 140 (127-155)
Missing 6% 9% 6% 7%
Alcohol status <0.001 <0.001

Never 14,891 (4%) 94 (6%) 2,790 (2%) 27 (5%)
Previous 12,987 (3%) 156 (10%) 2,620 (2%) 48 (8%)
Current 359,524 (93%) 1,349 (84%) 90,618 (94%) 521 (87%)

Missing <1% <1% <1% 0
Smoking status <0.001 <0.001

Never 212,498 (55%) 565 (35%) 54,840 (57%) 237 (40%)
Previous 134,928 (35%) 842 (53%) 34,478 (35%) 307 (52%)
Current 39,201 (10%) 189 (12%) 6,635 (6%) 50 (8%)

Missing <1% <1% <1% <1%
Socioeconomic status 0.058 0.863

Q1 (least deprived) 77,640 (20%) 213 (13%) 21,160 (22%) 110 (18%)
Q2 77,615 (20%) 274 (17%) 20,362 (21%) 130 (22%)
Q3 77,712 (20%) 288 (18%) 19,707 (20%) 121 (20%)
Q4 77,583 (20%) 329 (21%) 18,952 (19%) 117 (20%)
Q5 77,424 (20%) 498 (31%) 15,818 (16%) 118 (20%)

Missing <1% <1% <1% 2%
Previous COPD 2,630 (1%) 109 (7%) <0.001 283 (<1%) 26 (4%) <0.001
Previous Diabetes 17,858 (5%) 459 (29%) <0.001 2,739 (2%) 570 (21%) <0.001

Table 6.4: Baseline information for UK Biobank participants. Quantile borders for the
Townsend score Q1 - Q5 were ]-3.97,-2.43,-1.43-1.55,1.125[ based on the participants with
self-reported PA data. PA = physical activity.BP = Blood pressure. BMI = Body mass in-
dex. COPD = Chronic obstrusive pulmonary disease. Age reported as median (25th, 75th
percentile).
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for males and 63 (58-66) for females. The corresponding median ages in the matched

controls were 63 (59-67) and 63 (58-66) respectively, suggesting that the matching was

successful.

(a) Entire female UKB population. (b) Entire male UKB population.

(c) Female UKB population with diagnosed

HF.

(d) Male UKB population with diagnosed

HF.

(e) Female matched controls. (f) Male matched controls.

Figure 6.5: Histograms of age distributions by sex before and after control-matching in the

baseline analysis.
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The final baseline analysis was performed on HF participants with complete data

and their matched controls (combined number of 2,848). The feature selection process

for the baseline analysis classifier including only established markers is shown in Figure

6.6. The figure shows the average performance of the classifier across the 20 random

partitions for both the Trtrain and the Trvalid set on the vertical axis and the number of

consicutively added markers on the horizontal axis. After the inclusion of four markers,

the discrepancy between the mean AUCs of the two sets began to increase, suggesting

that the classifiers started to overfit to the training sets at that point. For the final

evaluation of each classifier on the test set of each of the 20 random partitions, the

combination of input markers that achieved the best AUC on the training set was selected

of each partition.

Figure 6.6: Performance of the baseline analysis classifier using only established markers as

inputs. Performance was quantified as the mean area under the receiver operating curve (AUC)

across 20 random partitions of training and test sets. The horizontal axis shows the number of

cumulatively included markers at each stage of the feature selection process, starting with only

a single feature on the left hand side of the figure.

Figure 6.7 shows the number of times each of the established markers was selected

at different points of the feature selection process across the 20 random partitions. BMI

followed by systolic blood pressure were selected most frequently as the first marker in the

classifier, suggesting that these obtained the highest AUC score when taken individually.
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Diabetes status was also among the markers selected early during the feature selection

process.

Figure 6.7: Frequency and rank of markers selected for baseline analysis. BMI = body mass

index. SBP = systolic blood pressure. COPD = chronic obstrusive pulmonary disease. DM =

diabetes mellitus. The marker most frequently selected as initial marker was BMI, followed by

SBP and DM.

The final performance of the baseline analysis classifier by itself and in combination

with the self-reported PA information (in form of mean daily excess METs) on the

previously unseen test sets is shown in Figures 6.8 and 6.9. The baseline analysis classifier

using only established HF markers itself achieved an average AUC of 0.72. Adding the

self-reported PA information did not improve the performance of the classifier (average

AUC =0.72). The PDFs in Figure 6.9 show that for both versions of the classifier

there was a significant overlap between the HF and no-HF distributions, however some

differentiation was possible.

Performance measures of the classifiers are summarised in Table 6.5. Both classifiers

achieved accuracies of 67% and were better at correctly identifying participants without

HF (specificities of 0.76 and 0.76) than at correctly identifying those with HF (sensi-

tivities of 0.58 and 0.58), as is confirmed by the confusion matrices (see Tables 6.6 and

6.7).
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Figure 6.8: Receiver operating curves (ROC) showing the performance of the baseline anal-

ysis classifier using only established HF markers and including self-reported PA information.

Sensitivities and specificities were calculated as the mean across ten iterations of randomly se-

lected test sets. The shaded areas correspond to the mean +/- one standard deviation for each

set of markers.

Accuracy Sensitivity Specificity

Established markers 0.67 (0.02) 0.58 (0.02) 0.76 (0.03)
Combined with self-reported PA 0.67 (0.02) 0.58 (0.02) 0.76 (0.03)

Table 6.5: Mean (standard deviation) of performance of the baseline analysis classifiers across
the 20 random partitions of training and test sets. Sensitivity refers to the rate of correctly-
identified HF patients, specificity to the rate of correctly-identified participants without HF.
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(a) Classifier including only established

markers.

(b) Combined classifier with self-reported PA

marker.

Figure 6.9: Probability density functions (PDFs) of logistic classification scores assigned to

the test set. Solid line represents the mean values across 20 random partitions of training and

test sets. The shaded area correspond to the standard deviations across the partitions.

Ground truth
Positive (HF) Negative (No HF) Total

Classification

Positive (HF) 8266 3317 11583

29% 12%

Negative (No HF) 5987 10752 16739

21% 38%

Total 14244 14069 N

Table 6.6: Confusion matrix for the classifications performance of the classifier based on
established HF-markers evaluated on the test set (across 20 random partitions of training and
test sets). Numbers represent the number of 30s-epochs in each category. Percentages represent
percentage of 30s-epochs in each category versus overall number of 30s-epochs.

Ground truth
Positive (HF) Negative (No HF) Total

Classification

Positive (HF) 8271 3330 11601

29% 12%

Negative (No HF) 5973 10739 16712

21% 38%

Total 14244 14069 N

Table 6.7: Confusion matrix for combined activity and established marker classifications in
the test set averaged across 20 random partitions of training and test sets. Numbers represent
the number of 30s-epochs in each category. Percentages represent percentage of 30s-epochs in
each category versus overall number of 30s-epochs.
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6.4.2 Accelerometer Analysis

A total of 1,048 participants were included in the accelerometer analysis. The age

distributions of the included HF participants and their matched controls at the time of

accelerometer recording are shown in Figure 6.10. The median ages (IQR) in the HF

group were 69 (66-72) for males and 68 (64-72) for females. The matched control groups

had corresponding medians of 69 (66-72) and 68 (64-72) respectively, suggesting the age

and sex-matching was successful.

Figures 6.11 and 6.11a illustrate the training processes of the classifiers including

established HF markers (top) and accelerometer-derived features (bottom). In the first

classifier, BMI achieved the strongest performance by itself across the 20 partitions

of datasets, followed by diabetes status (at the time of accelerometer recording) and

smoking status (at baseline) (see Figure 6.12a). It can be seen that the training of the

classifier in this new sub-population of the UK Biobank resulted in a different selection

of markers than in the baseline analysis. This may be because of the difference of up to

nine years between the collection of some of the markers included in the classifier and

the accelerometer recording, at the time for which the HF status was extracted.

The training process of the accelerometer-based classifier is shown in Figure 6.11b

with the corresponding visualisation of the feature selection process in Figures 6.12b and

6.12c. It can be seen that there was a wide variability with respect to which markers were

selected across the 20 random partitions of training and test sets, potentially reflecting

the large correlation between many of the accelerometer-derived markers; however, light

PA during wake time as defined by Hildebrand et al. (x13) was selected most frequently

as the initial feature (n=7 overall). Other frequently included markers were the duration

of time spent in sedentary PA during wake hours as defined by Rowlands et al. (xW28,

n = 10), the duration of time spent in light PA for consecutive ten minutes or longer

(xW7, n = 8) and the number of sleep interruptions during the night that were of length
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(a) Entire female UKB population. (b) Entire male UKB population.

(c) Female UKB population with diagnosed

HF.

(d) Male UKB population with diagnosed

HF.

(e) Female matched controls. (f) Male matched controls.

Figure 6.10: Histograms of age distributions by sex before and after control-matching in the

accelerometer analysis.

five minutes or longer (xS77,n = 7). In general, markers describing the duration and

frequency of light and sedentary PA were more often selected than other markers.
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(a) Classifier including only evidence-based markers.

(b) Classifier including only accelerometer-derived markers.

Figure 6.11: Performance of the accelerometer analysis classifier. Performance was mea-

sured by means of the area under the receiver operating curve (AUC). The horizontal axis shows

the number of cumulatively included markers at each stage of the feature selection process, start-

ing with only a single feature on the left hand side of the Figure.

The final performance of the individual and combined classifiers on the previously

unseen test sets are shown in Figure 6.13. Despite the time-gap between the collection

of some of the established HF markers and the accelerometer recording, the evidence-

based markers were able to differentiate between UK Biobank participants with and

without HF moderately well and achieved an AUC of 0.64. The accelerometer-derived

markers by themselves achieved an AUC of 0.63. This showed that there is meaningful

information regarding a subject’s HF status contained in data collected from wrist-worn
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accelerometers. The combined classifier performed best (AUC = 0.67), suggesting that

the accelerometer-derived markers provided complementary information with respect to

that contained within the established HF markers.

The PDFs shown in Figure 6.14 provide further insight into the performance of the

different HF classifiers. The PDF of the classifier using established markers presented in

Figure 6.14a shows that the classification algorithm identified a subset of HF patients,

corresponding to the second peak with a score of about 0.8; however a larger proportion

of HF patients had scores lower than 0.5 and so were difficult to differentiate from the

no-HF participants. The addition of the accelerometer-derived markers resulted in a

larger proportion of HF patients being shifted beyond the 0.5 threshold of the classifier.

The performance measures for the three classifiers listed in Table 6.8 show that the

classifier using combined markers outperformed the classifier using established markers

with respect to their overall accuracy and sensitivity of identifying HF patients. The

final accuracy (measured with a classification threshold of 0.5) of the combined classifier

was 63%, with a sensitivity of 52% and a specificity of 71%. The overall relatively

low sensitivity of the classifiers strengthens the impression that whilst the classifier is

able to differentiate between a sub-group of HF patients and no-HF participants, it has

difficulties identifying a proportion of HF patients correctly. The confusion matrices

presented in Figures 6.9 to 6.11 provide further insight into the classification behaviour

of the different classifiers.

Accuracy Sensitivity Specificity

Established markers 0.61 (0.02) 0.42 (0.08) 0.79 (0.08)
Accelerometer-derived markers 0.59 (0.01) 0.56 (0.06) 0.62 (0.06)
Combined classifier 0.63 (0.02) 0.54 (0.06) 0.71 (0.05)

Table 6.8: Mean (standard deviation) of performance of the accelerometer analysis classifiers
across the 20 random partitions of training and test sets. Sensitivity refers to the rate of
correctly-identified HF patients, specificity to the rate of correctly-identified participants without
HF.
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(a) Established markers. BMI = body mass index. SBP = systolic blood pressure. COPD =

chronic obstrusive pulmonary disease. DM = diabetes mellitus. The markers most frequently

selected as initial marker was BMI, followed by DM status and smoking status.

(b) Accelerometer-derived markers. A wide range of markers were selected at each iteration.

The figure below provides more detail on which markers were selected most frequently.

(c) Frequently-selected accelerometer-derived markers. The markers most frequently selected

included light PA during wake time, the duration of time spent in sedentary PA during wake

hours, the duration of time spent in light PA for consecutive ten minutes or longer and the

number of sleep interruptions during the night that were of length five minutes or longer.

Figure 6.12: Frequency and rank of markers selected for accelerometer analysis.
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Figure 6.13: Receiver operating curves (ROC) showing the performance of the established

markers classifier by itself (grey solid line), the accelerometer analysis classifier using only

established markers (red solid line) and the combined classifier (blue solid line). The ROCs

show the average performance of the classifiers on the test sets, over 20 random partitions of

training and test sets. The shaded areas correspond to the mean +/- one standard deviation for

each set of markers.
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(a) Classifier including only established

markers.

(b) Classifier including only accelerometer-

derived markers.

(c) Combined classifier.

Figure 6.14: Probability density functions (PDFs) of logistic regresssion scores assigned to

the test set. The PDFs include all test set datapoints across the 20 random partitions of training

and test sets.
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Ground truth
Positive (HF) Negative (No HF) Total

Classification

Positive (HF) 2, 144 1, 133 3, 277

21% 11%

Negative (No HF) 2, 976 4, 199 7, 175

29% 40%

Total 5, 120 5, 332 N

Table 6.9: Confusion matrix for the accelerometer analysis outcomes using only established
markers across 20 random partitions of test sets.

Ground truth
Positive (HF) Negative (No HF) Total

Classification

Positive (HF) 2, 868 2, 011 4, 879

27% 19%

Negative (No HF) 2, 373 3, 321 5, 594

22% 32%

Total 5, 120 5, 332 N

Table 6.10: Confusion matrix for the accelerometer analysis outcomes using only
accelerometer-derived markers across 20 random partitions of test sets.

Ground truth
Positive (HF) Negative (No HF) Total

Classification

Positive (HF) 2, 747 1, 551 4, 298

26% 15%

Negative (No HF) 2, 373 3, 781 6, 154

23% 36%

Total 5, 120 5, 332 N

Table 6.11: Confusion matrix for the accelerometer analysis outcomes using the combined
markers across 20 random partitions of test sets.
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6.5 Discussion

The aim of this chapter was to evaluate whether accelerometer-derived markers by them-

selves or in combination with established HF markers are able to differentiate between

UK Biobank participants with and without HF, to study whether they do this bet-

ter than self-reported PA information and to identify the accelerometer markers that

are the most discriminatory and may therefore be suitable for implementation in fu-

ture home monitoring solutions. The analysis, which was split into two parts because

of the nature of the data available for this research, showed that the addition of self-

reported PA data did not improve the classification performance of established PA mark-

ers. Accelerometer-derived markers on the other hand were able to identify HF patients

moderately well and provided added information in addition to established markers.

Accelerometer-derived derivative markers outperformed accelerometer-derived statistic

summary markers in their ability to differentiate between subjects with and without HF.

Markers describing the frequency and duration of different PA intensities provided the

most meaningful information on HF status. In addition to this, meaningful information

seemed to be contained in the number of sleep interruptions experienced by individuals.

Limitations of this research include the fact that accelerometer data provided by

the UK Biobank may be affected by selection bias resulting in a healthier than normal

HF population represented in the analysis described in this chapter. In addition to

this, there may be a survival bias of participants included in this analysis, with patients

being better-off simply because of the fact that they were still alive at the time of data

collection. Both biases would lead to a sample of HF patients that is less differentiable

from subjects without HF than the typical HF population, which could provide some

explanation for the relatively large rate of false negatives in all classifiers.

In addition to this, the analyses of the accelerometer cohort may have been affected by

the fact that baseline characteristics collected up to nine years ahead of the accelerometer
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recording were included in the classifier. As the baseline analysis of the same markers

showed better performance, it would be expected that the overall performance of the

combined accelerometer and established marker classifier would improve with a more

recent set of input markers.

6.6 Conclusion

Accelerometer-derived markers provide discriminating information, which allows differ-

entiation between individuals with and without HF, information, which is additional

with respect to established HF markers. Markers that perform best at identifying HF

patients are derivative markers relating to the time spent in different intensities of PA,

as well as the number of sleep-interruptions experienced by individuals. These markers

may be suitable for implementation in future home monitoring systems.



Chapter 7

Conclusion and Future Work

7.1 Repeated-Measure Risk Stratification using Tra-

ditional Heart Failure Markers

This thesis set out to explore markers for HF repeated-measure risk stratification. It

started with an evaluation of measurements traditionally recorded in HF monitoring

studies, namely weight, blood pressure, heart rate and NYHA symptom scores, and in-

vestigated their ability to differentiate between next days with and without HF-related

adverse events, when using classifier-learnt rather than accepted population-derived

thresholds.

The evaluation of multi-variate risk prediction methods found that a logistic classi-

fier trained on markers of three-day change in measurements outperformed the generic

population-based thresholds used in the past, without giving major improvements. These

findings are in agreement with previous findings from the literature, which have shown

that individual weight, blood pressure, heart rate and NYHA changes do not provide

reliable markers for repeated-measure risk stratification. As a result, additional markers

are required.

The analysis of traditional HF markers was limited by the size of the SHF2 study

171
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as well as the small number of HF-related adverse events that occurred during the

study: 202 patients were recruited and only 38 patients experienced HF-related adverse

events (26 of them with sufficient information to be included in the analysis). An

even smaller number of patients experienced HF decompensation, a worsening of HF

symptoms which would be expected to be the easiest phenomenon to identify using the

recorded measurements. Future work on HF repeated-measure risk stratification should

therefore focus on subgroups of patients for whom adverse events or certain types of

adverse events are most likely to occur.

In addition to the population size, missing data affected the ability to extract mean-

ingful information from the SHF2 data. Patients may miss measurements because of

forgetfulness or non-compliance. Future research should look into the factors affecting

missing values and how patients can be encouraged to develop the correct self-monitoring

and self-management behaviours. One of the causes for missing values may be patients’

inability to take measurements because of disease deterioration. The analysis described

in this thesis did not include missing values as a marker to predict adverse outcomes.

This is a shortcoming of the presented analysis. Future research should explore the in-

formation contained in missing values and include them as a potential marker for patient

deterioration. Also, patient baseline characteristics, such as demographic information

and mortality risk as assessed by scores such as the MAGGIC score should be considered

as input variables for repeated-measure risk prediction models.

7.2 Heart Failure Classification using Wrist-worn Ac-

celerometer Data

After the evaluation of traditional HF markers, the analysis described in this thesis

explored the predictive value of new HF markers, in particular PA and sleep markers

derived from wrist-worn accelerometers. The limited previous research on PA patterns
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of HF patients had focused mainly on common derivative markers, such as step counts

and total PA. The research described in this thesis went beyond this to look at which

PA characteristics contain most information on HF status. For this purpose, data from

the UK Biobank were used, which captured self-reported PA and seven-day accelerom-

eter recordings for more than 600 individuals with HF and a much greater number of

individuals without HF. The analysis of the UK Biobank data showed that data from

a wrist-worn accelerometer can differentiate between individuals with and without HF

and that such data contains additional information to that of established single-measure

markers. It furthermore found that derivative markers describing the frequency and

intensity of PA performed best at differentiating between the two groups.

Whilst the SHF2 data provided access to a large amount of data on a relatively

small number of HF patients, the UK Biobank offered access to a larger number of HF

patients, however at the cost of less detailed information on disease status and severity.

As a result, the analysis of UK Biobank HF patients was restricted to an analysis of

the ability of markers to differentiate between individuals with and without HF. Future

work should focus on the collection of continuous or repeated accelerometer data for HF

patients, and the trend analysis of these data in longitudinal studies. This may provide

a greater insight into changes that occur prior to adverse events and thereby offer a tool

for repeated-measure risk stratification.

As part of the SHF2 research conducted for this thesis, a small (n=13) workshop

on HF patient interest in wearable technologies was conducted. This workshop showed

that even older HF patients are aware of PA and sleep trackers and that they are willing

to wear such devices for the purpose of health and wellbeing. Whilst the real test for

wearable technologies will be longer-term compliance (as well as the added value of

the collected data), it appears feasible that they form part of future home monitoring

technologies for HF patients.
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7.3 Automated Sleep-boundary Detection usingWrist-

worn Accelerometers

Finally, the work conducted as part of this thesis included the development and eval-

uation of data-driven sleep-boundary detection methods for wrist-worn accelerometers.

This work was inspired by the fact that current polysomnography-validated measures of

sleep status from wrist-worn accelerometers cannot be used in fully automated analysis

as they rely on self-reported sleep-onset and –end (sleep-boundary) information [66].

This information is typically collected through means of a sleep diary [66] or through a

button on the accelerometer which participants can press as they go to bed and wake

up [150]. As a result, it is not feasible to collected self-reported sleep-boundary times

for all participants in large scale studies, such as the UK Biobank [69].

The sleep-boundary detection methods developed as part of this thesis performed

well at identifying minute-by-minute sleep and wake times of individuals as defined by

self-reported sleep-onset and wake-up times. In order to evaluate the methods’ actual

ability to perform minute-wise sleep scoring, additional validation against PSG would be

required. The mean absolute error between self-reported and algorithm-derived sleep-

boundary times ranged from 35.5 - 40.7 minutes. This is comparable to the agreement

between different self-reported sources (as found through the comparison of different self-

reported measures in the CAPTURE24 study), however further research on the levels

of accuracy required for a heart failure population should be conducted and should

inform potential future improvements of the methods (e.g. using additional sensors).

The best performance was achieved by the random-forest-based method, which used a

large array of input variables to differentiate between sleep and wake times. These were

subsequently filtered to provide sleep-onset and wake-up times. The performance of the

random forest method was closely followed by the performance of the much simpler PDF-

based thresholding method. This method used a single, easy to extract input variable
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(the standard deviation of the vector magnitude across the three accelerometer axes)

and may therefore be more suitable for use in future accelerometer research.

All sleep-boundary detection methods were trained using self-reported sleep and

wake information as their ground truth. Self-reported sleep times have been shown to

be less accurate than objectively-collected sleep-onset and end-times [150] and may be

seen to provide a weaker ground truth than polysomnography assessments. Collecting

free-living rather than laboratory data does however provide a more realistic setting for

sleep analysis, where recordings may be affected by periods of rest prior to sleep and

after wake-up that may otherwise be missed. In addition to this, allowing participants to

stay in their natural sleeping environment reduces the impact of data collection on their

sleeping behaviour [151]. Nevertheless, future work on the sleep-boundary detection

method should include a validation of this method using polysomnography data.

7.4 SUPPORT-HF3: Proposal for the Next Stage of

the Study

The intervention evaluated in the SUPPORT-HF2 study relied on guideline-based treat-

ment decisions guided by optimal treatment plans and daily assessments of a patient’s

risk of disease deterioration. Patients’ risk of deterioration was assessed using population-

based thresholds, which resulted in a large number of false alerts, particularly when a

patient’s normal measurements fell outside the normal population-based values. This in

turn forced medical staff to rely on their clinical judgement rather than the data-driven

alerts themselves. Similar findings of alerting systems with population-based thresholds

leading to large numbers of false alerts and subsequent dismissal of the alerts by clinical

staff were found in a recent retrospective study by Murphy et al. [109].

Based on this knowledge, future home monitoring studies could involve more specific
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deterioration alerts enabling a reduction in the number of false alerts and subsequently

an increase in both the objectiveness and consistency of treatment decisions. This could

be achieved through more suitable markers of patient deterioration, e.g. the standard

deviation of three days changes evaluated in this thesis or the repeated down-sampling

markers proposed by Koulaouzidis et al. Another approach that may provide more

specificity is the alerting system described by Velardo et al. [152], which established the

normality of a measurement based on a patient’s previous measurements and triggered

an alert whenever a value lay outside the 95% percentile of the distribution of previous

measurements. In either scenario, it will be important for alerts to occur with sufficient

lead time to allow for appropriate intervention.

The inclusion of new, objective markers may furthermore improve the performance

of deterioration alerts. These could include the occurrence of missing values and long-

term risk scores, such as the MAGGIC score. In addition to this, as shown through the

assessment of the UK Biobank data in this thesis, PA and sleep data collected from wrist-

worn accelerometers contain valuable information on HF status and should be further

evaluated in the next SUPPORT-HF study. Ideally, this would involve the continuous

collection of raw accelerometer data to gain a better understanding of time-series changes

ahead of deterioration. Should this not be possible, weekly day-time assessments of the

amount of time spent in different intensities of activities may provide a useful insight

into patient PA trends over time. Sleep quality and fragmentation of sleep can be

assessed using accelerometers, however other technologies such as mattress-embedded

sensors could provide potential alternatives depending on feasibility (e.g. battery power

and storage capability of devices) as well as patient preference.

Whilst improved HF markers will likely have some impact on the effectiveness of HF

monitoring systems, previous evidence suggests that predicting adverse events (’crisis

prediction’) will remain a challenging task [153]. The more dynamic approach of ’health

maintenance’ has therefore been proposed as a potential alternative to ’crisis prediction’.



Chapter 7 - Conclusion and Future Work 177

This approach aims to retain patients in a safe state by adjusting treatments on a

regular, potentially even daily, basis. Based on the normality of collected measurements,

patients could either take on the responsibility of adjusting their treatments themselves

or obtain treatment instructions from their health professional. Cleland et al. [153] state

that ’health maintenance’ may even increase patient engagement with tele-monitoring

systems due to its more dynamic nature in comparison to traditional HF monitoring

approaches. This in turn may help lead to better and more consistent performances of

HF home monitoring systems.

Previous reviews of home monitoring systems for HF patients have shown varying

performances, which may at least partly be explained by differences study population

and the intensity/ involvement of interventions. Keeping patients engaged in their home

monitoring system may increase their involvement with their care and consequently lead

to better long-term outcomes.

The combined monitoring system, including personalised alerts/ treatment adjust-

ment instructions should be appropriately evaluated [154]. In its initial phases, the focus

of the evaluation should lie on ease of use and the technical feasibility of the system. In

the later phases, emphasis should lie on the clinical and economic benefit of the system.

At this point, system evaluation should be done in form of a randomised controlled

study. Similarly to the SUPPORT-HF2 study, patients in the control group could be

provided with the SUPPORT-HF system without the personalised alerts and feedback,

whilst patients in the intervention group could receive access to the system in addition

to alerts and feedback. A longer monitoring duration of at least twelve months would

be recommended to increase the likelihood of patients experiencing disease deterioration

during the study duration. If the alerts and feedback were found to be effective in re-

ducing patients’ likelihood of adverse events before the end of the monitoring periods,

it could be considered to move all patients to the intervention arm for ethical reasons.
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