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Abstract

For patients with chronic obstructive pulmonary disease (COPD) physical activity (PA) is associ-
ated with reduced lung function decline and an improvement of the overall health status. Therefore,
the goal of pulmonary rehabilitation (PR) is to increase PA in COPD patients, but often it does not
have a sustainable impact on the patients behaviour. To understand why, a better understanding
of the PA behaviour in COPD patients is needed. In this thesis, a cluster analysis was applied
to analyze daily PA of COPD patients and to distinguish daily activity profiles. In a data-driven
approach 92 features were defined as well as seven features in an expert-driven approach. For the
cluster analysis a hierarchical clustering algorithm and the k-means algorithm were applied and the
silhouette method was used as an internal evaluation criterion. As an external evaluation criterion,
an analysis of variance (ANOVA) was applied to additional clinical parameters, that were not
used for the clustering algorithm. The silhouette method identified the best cluster separation for
the k-means algorithm within the expert-driven approach. Four clusters could be identified which
show all significant differences in clinical parameters. These findings could contribute to a better
understanding of PA in COPD patients and therefore could be used to develop individualized
rehabilitation strategies.
Ubersicht

Bei Patienten mit chronisch obstruktiver Lungenerkrankung (COPD) fiihrt korperliche Aktivitit
(KA) zu einer verringerten Lungenfunktionsstdrungen und zu einer Verbesserung des allge-
meinen Gesundheitszustandes. Ziel der pulmonalen Rehabilitation ist es daher, die KA bei
COPD-Patienten zu erhohen, oft hat diese jedoch keinen nachhaltigen Einfluss auf das Verhal-
ten des Patienten. Aus diesem Grund ist ein besseres Verstindnis des Aktivititsverhaltens von
COPD Patienten erforderlich. In dieser Arbeit wurde die tigliche KA von COPD Patienten mit
Hilfe einer Clusteranalyse analysiert, um tigliche Aktivititsprofile zu identifizieren. In einem
datengetriebenen Ansatz wurden 92 Merkmal definiert sowie sieben Merkmale in einem ex-
pertengetriebenen Ansatz. Fiir die Clusteranalyse wurden ein hierarchischer Algorithmus und der
k-means-Algorithmus eingesetzt. Die Silhouetten-Methode wurde als internes Bewertungskri-
terium verwendet. Als externes Bewertungskriterium wurde eine Varianzanalyse (ANOVA) auf
weitere klinische Parameter angewendet, die nicht fiir das Clustering verwendet wurden. Die
Silhouettenmethode identifizierte die beste Clustertrennung fiir den k-means-Algorithmus inner-
halb des expertengetriebenen Ansatzes. Es konnten vier Cluster identifiziert werden, die alle
signifikanten Unterschiede in den klinischen Parametern aufweisen. Diese Ergebnisse konnten zu
einem besseren Verstindnis von KA bei COPD Patienten beitragen und somit zur Entwicklung

individueller Rehabilitationsstrategien genutzt werden.
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Chapter 1
Introduction

Regular physical activity (PA) has many well established health bene ts and reduces the risk
of many chronic disease¥ar0g. Especially for patients with chronic obstructive pulmonary
disease (COPD) PA is associated with reduced lung function decline and improves the overall
health status [GAO7, Spr13]. PA in patients with COPD is mostly described as a total amount of
activity per day or as an average of multiple day measuremév/atoR Pit08 Hil12, Egal2. The

review of Byrom and Rowe summarized the used methodologies and measured results derived
from the use of accelerometers to measure free-living activity in patients with CB®RDq.

They found that over 50% of the included studies were only reporting the total activity per day
or per hour. Contrary to this, Bussmann et al. described PA as a multidimensional construct
and suggested that PA should be described and analyzed in more detail to gain more insights
about the effects of PA on patients with chronic diseaBes13. Especially for the evaluation of
pulmonary rehabilitation (PR) strategies for COPD patients, a more detailed understanding of PA
can provide valuable insights into the effects of PR.
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1.1 The Role of Pulmonary Rehabilitation

PR is de ned as “a comprehensive intervention based on thorough patient assessment followed
by patient-tailored therapies that include, but are not limited to, exercise training, education,
self-management intervention aiming at behavior change, designed to improve the physical and
psychological condition of people with chronic respiratory disease and to promote the long-term
adherence to health-enhancing behaviors” [Spr13].

The bene ts for COPD patients from PR are considerable. In the of cial American Thoracic
Society & European Respiratory Society Policy Statement the authors stated that the provision
of PR as an evidence-based and standardized component of the overall integrated patient care
with COPD should be increaseR$c1g. PR would not only improve the physical and emotional
health and quality of life of the patient, but will also improve the quality of patient care and has
the potential to signi cantly reduce health care costs over time. Inactive patients with COPD
are reported to have worse exercise capacity, more dyspnea and a worse functional status which
can lead patients into a vicious cycle of increased dyspnea, declining lung function and mortality
[PitO6H. Increased PA of COPD patients is associated with improved health outcomes including
reductions in hospital admissions and respiratory mortaBi#(@6]. PR has also been shown to be
the most effective therapeutic strategy to improve shortness of breath, health status and exercise
tolerance McC15. It is appropriate for most patients with COPD and improved functional
exercise capacity and health related quality of life have been demonstrated across all grades of
COPD severity [Sah16].

Despite the improvements made during PR, most patients return to pre-rehabilitation levels of
physical endurance within 6-24 months of program dischdtgg99 Tro0(J. Recent studies also
show that PR programs often fail to sustainably increase physical acBugld CN12 Sprl§

GS14. A closer look at the patient's daily PA pattern could contribute to a better understanding
of the effects of PR and would help to develop effective rehabilitation strategies to improve the
patients PA behaviour.

Geidl et al. investigated, in a randomized controlled trial, the additional effect of a pedometer-
based behavior-change intervention during inpatient PR on objectively measur&eRA [

They measured PA before the rehabilitation as well as 6 weeks and 6 months after the rehabilitation.
While Geidl et al. focused their research on the PA patterns of a week, the same data can also be
analyzed in the scope of a single day to get a better understanding of the determinants of PA in

patients with COPD.
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1.2 Monitor Physical Activity in COPD Patients

Several studies have been conducted to monitor the PA of patients, including direct observation,
self-report questionnaires and activity accelerometry monitoring. While direct observation is
impractical over long periods of time, self-report questionnaires failed to accurately asses PA
[Pit0O6d. Among activity monitoring methods, accelerometry has been shown to be more accurate
then pedometry, especially in COPD patier§$03 Pit05. The review of Byrom and Rowe
(2016) summarized 76 studies published between 1999 and 2014 that were using activity mon-
itoring devices to track PA in COPD patien®yfr16]. Therefore, there should be no technical
barriers for more detailed analysis of PA.

Furthermore, there are several patented systems that are related to PA monitoring (see Ap-
pendix B). In Appendix B.1 an implantable medical device that determines when a patient is
attempting to sleep is proposed by Heruth and Miesel. During the day, the device periodically
determines the patient's activity levels and it also determines values for a variety of metrics
that indicated the quality of a patient's sleep. This information could be used to evaluate the
effectiveness of a therapy. The invention that was patented by Yuen et al. (Appendix B.2) is a
portable activity monitoring system, that can detect the activity of the user and generate data
which is representative of the user's PA. Whereas the rst presented patent is directly related to
health care, the idea proposed by Yuen et al. is focusing on a portable system that can reliable
monitor the PA of the user. Coza et al. (Appendix B.3) have enhanced the idea of a portable
PA monitoring system and invented a sensor garment to monitor an individual engaged in an
athletic activity. The sensor module includes a single-purpose sensor con gured to sense a single
characteristic, and a radio antenna con gured to transmit data generated by the single-purpose
sensor. The patent review reveals that PA monitoring is used in various applications, which are
more or less related to health care and sports.

1.3 Analyzing Physical Activity in a Meaningful Way

Studies with different populations have shown that more detailed insights can be generated by
analysis of different PA parameters than by comparing the total amount of PA in a day. Bussmann
et al. stressed the importance of those alternative constructs and parameters and concluded
that the challenge for the future will be to determine which parameters are most relevant, valid
and responsiveHus13. Since the same amount of daily PA can be archived by many short
bouts interspersed throughout the day or from few long bouts, there needs to be a more precise
measurement of PA. For example, 60 minutes moderate PA during a day can be composed of 30
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bouts of two minutes, or two bouts of 30 minutes. The physiological effect of those two examples
will be considerably different. The importance of bout length and the bout distribution is well
described in the reviewed literature. A study by Healy et al. showed that the total amount of
sedentary time should be decreased to reduce the risk for cardiovascular diseases, but also that
interrupt sedentary time can have a bene cial imp&t#d1]. This nding can be supported by
Chastin et al. who showed that patients with Parkinson's disease compared to healthy subjects did
not differ in the total amount of sedentary time, but did signi cantly differ in the distribution of
sedentary time during the daglalqQ. In studies on PA behavior, the total measurement period
is often aggregated to an average value and possible effects are averaged out. For example, a
study by Rochester et al. compared volume measures such as amount of time walking, amount
of time standing, and number of walk periods in subjects with Parkinson disease vs. healthy
control subjectsRRoc0§. Whole-day analysis showed no signi cant difference, while the same
data expressed on a hourly basis did. This means that the relevance of the outcome depends not
only on relevant measures but also on the time window of analysis.

Furthermore, Paraschiv-lonescu et al. suggested the concept of 'barcoding’ for analyzing PA
in chronic pain patientsH112. Combining different features of PA (type, intensity, duration)
to de ne various PA states allowed the creation of a temporal sequence of different states.
The temporal sequence then was visualized as a 'barcode’. With this approach, daily activity
information can be contained in the temporal structure of the barcode. The research group
found, that signi cant information about pain-related functional limitations can be captured in the
structural complexity of PA barcodes.

1.4 Clustering of Physical Activity

In order to get even more insights, cluster analysis can be a useful tool to identify subgroups
of patients with distinct PA characteristics. The rst study that applied cluster analysis to
accelerometer data was conducted by Lee etak]3. The authors were able to identify two
clusters of subjects in middle-aged Chinese adults, one more active than the other and could
correlate the clusters to health characteristics like the body fat percentage. Mesquita et al. applied
cluster analysis to a total of 1001 patients with CORIe$17. Based on PA measures and
hourly patterns they could identify ve clusters and characterize them based on demographics,
lung function and clinical data. These detailed analyses could then lead to new insights regarding
subgroups of patients with COPD with speci ¢ physical activity patterns, which may be used in
further investigations and intervention strategies.
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1.5 Purpose of this Thesis

The literature review shows, that a greater amount of studies only reported the total amount of
activity per day or per hour, but did not differentiate the behaviour that leads to the amount of PA.
This can lead to relevant differences in PA not being detected. Especially in context of PR a closer
look at the patient's PA behaviour can contribute to a better understanding of the effectiveness of
rehabilitation strategies.

Thus, the purpose of this thesis was to analyze the data, provided by the STAR study (Stay
Active after Rehabilitation)Geil?, with a high time resolution in order to identify typical PA
patterns throughout a day and to identify subgroups of patients with different PA behaviour and
health characteristics. Different approaches for the feature extraction and different clustering
algorithms were applied to evaluate, which approaches and algorithms are most effective to cluster
PA in COPD patients.

1.6 Research Questions

The following research questions were developed for this thesis:
- Is it possible to identify clusters with different PA behaviour based on accelerometer data?
- Can those clusters objectively distinguish daily pro les of PA?

- Which clustering approach can provide the best differentiation?

1.7 Outline

The remainder of the thesis is organized as follows: Chapter 2 provides basic information on the

prevalence, diagnosis, assessment and rehabilitation of COPD and on the functionality of the
ActiGraph monitor. In Chapter 3 the methodology is described. The results of the cluster analysis

is presented in Chapter 4 and discussed in Chapter 5. Finally, Chapter 6 provides a conclusion of
the thesis with open questions that should be answered in future studies.
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Chapter 2

Fundamentals

2.1 Chronic Obstructive Pulmonary Disease

As described in the Executive Summary of the Global Strategy for the Diagnosis, Management,
and Prevention of Chronic Obstructive Pulmonary Disease, COPD is a common, preventable and
treatable disease, that is characterized by persistent respiratory symptoms and air ow limitation
caused by airway and/or alveolar abnormalitiésg17]. These abnormalities are usually caused

by a signi cant exposure to noxious particles or gases and the most common symptoms include
dyspnea, cough and sputum production.

2.1.1 Prevalence

COPD is one of the leading causes of morbidity and mortality worldwige1Z. The prevalence,
morbidity and mortality vary across countries and they are the result of a complex interplay of
long-term cumulative exposure to noxious particles or gases as well as a variety of host factors
including genetics, airway hyper-responsiveness and poor lung growth during childhood, which
can predispose individuals to develop CORRrj15 Ste07 Tas93. However, determining the
existing COPD prevalence is complex because the data vary widely due to differences in survey
methods, diagnostic criteria and analytic approacM=(g. According to a systematic analysis

for the global burden of diseases by Murray et al., approximately 329 million people (around
4; 77%of the population) were affected by COPD in 20Murl2]. Besides, a systematic review

and meta-analysis by Halbert et al., including studies from 28 countries between 1990 and 2004,
provided evidence that the prevalence of COPD is signi cantly higher in smokers and ex-smokers,
compared to non-smokers as well as in thosé0years of age compared to those40, and also

7
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in men compared to womeipl0g. Furthermore the prevalence of COPD is likely to be directly
related to the prevalence of tobacco smoking and other environmental exposures such as biomass
fuel exposure and air pollution [Eis10, Sal09].

2.1.2 Disease Development and Progression

COPD results from a complex interaction between genes and the environment. Although cigarette
smoking is the leading environmental risk factor for COPD, even within the group of heavy
smokers, less thatD%develop COPD during their lifetiméjen0g. Genetics may modify the

risk of COPD in smokers and there may also be other risk factors involved.

For instance, a generic risk factor is a severe hereditary de ciency of alpha-1 antitrypsin
(AATD), a major circulating inhibitor of serine protease&xg0g. Furthermore, a signi cant
family-related risk of air ow limitation has been observed in people who smoke and are siblings of
patients with severe COPIMcCO01]. Additionally, several genome-wide associated studies have
linked genetic loci with COPD. But it remains uncertain if those genes are directly responsible
for COPD or are merely markers of casual ger@sd1Q Pil09, SA1l, Repl1Q Chol4. Age is
also often listed as a risk factor for COPD, but it is unclear whether healthy aging as such lead to
COPD or if age re ects the sum of cumulative exposures throughout life [Mer15].

Incidents occurring during pregnancy and birth as well as exposure during childhood and
adolescence can affect lung growBaf91 Tod93. A study by Lange et al. evaluated three
different longitudinal cohorts and found that approximat&yoof patients developed COPD due
to accelerated decline of lung function over time, while the o886 developed COPD due to
abnormal lung growth and development with a normal decline in lung function over ltiames §.

2.1.3 Diagnosis and Symptoms

COPD should be considered in any patient who has dyspnea, chronic cough or sputum production
and/or a history of exposure to risk factokajv09. But to make a diagnosis in a clinical context,

a spirometry is required. Spirometry measures the volume of air forcibly exhaled from the point
of maximal inspiration (forced vital capacity, FVC) and the volume of air that can forcibly be
blown out in one second after full inspiration (forced expiratory volume in the rst second; FEV

The calculated ratio of FEMFVC < 0:70con rms the presence of air ow limitations and thus

the presence of COPD in patients with appropriate sympt@u®}]. Chronic and progressive
dyspnea is the most characteristic symptom of COPD next to less characteristic symptoms like
cough or sputum production and is a major cause of the disability and anxiety that is associated
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with the disease [Mirl14].

Chronic cough on the other hand is often the rst symptom of COPD, but is frequently ignored
by patients as an expected consequence of smoking or environmental exposures. With coughing,
COPD patients commonly raise small quantities of tenacious sputum. Sputum production as a
symptom is often dif cult to evaluate because patients may swallow sputum rather than expectorate
it [Mog17]. Also to mention are the concomitant chronic diseases that occur frequently in COPD
patients, including cardiovascular disease, skeletal muscle dysfunction, metabolic syndrome,
osteoporosis, depression, anxiety, and lung cancer [Vogl17].

2.1.4 Clinical Assessment

In order to guide the therapy, the goals of the assessment are to determine the level of air ow
limitation, to de ne its impact on the health status of the patient and to identify the risk of future
events such as exacerbations, hospital admissions or death. To achieve these goals, the COPD
assessment must address the following aspects of the disease separately [Vogl7]:

The presence and severity of the spirometric abnormality

Current nature and magnitude of the patient's symptoms

Exacerbation history and future risk

Presence of comorbidities

The FEV; cutoff-point that are used for classi cation of air ow limitation severity in COPD as

well as the four corresponding GOLD statuses can be found in Table 2.1. However, Jones et al.
showed, that there is only a weak correlation between FEBymptoms and impairment of a
patient's health status [Jon09a]. Therefore, a formal and symptomatic assessment is required.

GOLD Status| Severity | FEV;

1 Mild 80 %
2 Moderate | 50 - 80 %
3 Severe 30-50%
4 Very Severe 30 %

Table 2.1: Classi cation of air ow limitation severity in COPD
in patients with FEV/FVC < 70%
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The widely used COPD Assessment Test (EXJ is a short, eight-item questionnaire, which
measures the health status impairment in COPD patients. Thé"CiTconsidered as valid,
reliable and standardized measure of COPD health status with worldwide releyan68l.

One way to interpret the CAT result is by the COPD ladder of severity (Tab. 2.2) as proposed
by Jonas et al.Jon1]. Representative items for each 5-point step along the'®Adire listed in
ascending order of severity. At each level it is likely that the patient will also have experienced
the development of many of the health affects associated with the milder steps up to their current
severity. As a test for the functional status of the patient, the 6-min walk test (6MWT) can be
used. The distance walked in the 6MWT can help to predict the mortality in patients with COPD
[Cas08].

2.1.5 Pulmonary Rehabilitation

According to the report of the Global Initiative for Chronic Obstructive Lung Disease, PR is the
most effective therapeutic intervention for reducing dyspnea and improving physical performance
as well as the quality of life in COPD patientgojgl7]. PR is an intervention that is usually
delivered by a multidisciplinary rehabilitation team, in which a comprehensive assessment forms
the basis of an individual rehabilitation program. Obligatory components of such a program
include exercise training and breathing retraining, patient education on inhalation techniques
and nutritional advice, treatment optimization and exacerbation manage@®ied]| The
effectiveness of PR is supported by highest-level evideRee(f7, McC15. However, the effects

on the PA behaviour caused by the PR has also been questioned by several studies, because it fails
to substantially enhance PA long-terBus14 CN12 Sprl5 GS14. The exercise therapy is a
personalized combination of endurance training, strength training and respiratory muscle training
and can also include neuromuscular electrical stimulation or whole body vibration training.
The primary objective of educating the patients during PR is to cause patients change their
behavior. Positive examples for behavior changes in COPD patients are an improved adherence to
medication, a continuation of the exercise and dietary modi cations, an increased PA, smoking
cessation and the use of energy saving strategies during activities of daily life [Glo18].
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CAT score Descriptions

40 Cannot move far from bed or chair
Have become frail or an invalid
Cannot do housework

35 Cannot take bath/shower or takes a long time
Breathless walking around the home
Chest trouble has become a nuisance to friends/relatives

30 Everything seems too much of an effort
No good days in the week
Stops patient doing most of what they want to do

25 Feel that not in control of chest problem
Cough/breathing disturbs sleep
Get afraid or panic when cannot get breath

20 Wheeze worse in the morning
Breathless on bending over
Wheezing attacks on most days

15 Cough several days a week
Breathlessness on most days
Housework takes a long time or have to take rests

10 Usually cannot play sports or games
Gets exhausted easily
Walk slower than other people or stop for rests

5 Breathlessness stops patient doing one or two things
Chest condition causes a few problems
Breathless walking up hills

Table 2.2: COPD ladder of poor health
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2.2 Actigraphy

A widely used activity monitor to assess free-living PA is the ActiGraph (Pensacola, Florida,
USA) [Wel02 Sasl]. The latest ActiGraph generation GT3X was developed in 2009 using a
triaxial capacitive microelectromechanical system sensor with a full-scale rang& @& PJoh12.

The small and light GT3X accelerometer (27 g; 4.6 cm x 3.3 cm x 1.5 cm) is capable of recording
accelerations in three axes (vertical, antero-posterior and medio-lateral) and can be worn on the
wrist or hip. For an accurate assessment of sedentary and non-sedentary behaviour a hip-worn
sensor is recommended [Byrl6].

Figure 2.1: ActiGraph wGT3x-BT [Act09]

The main output of the ActiGraph GT3X (Fig. 2.1) are activity counts that are generated
through several processing steps of the original raw acceleration sigg8b]. Activity counts
can be used to determine PA intensity as rst shown by Freedson étraB{. Several studies
validated the accelerometry-based PA monitors and con rmed their correlation to different levels
of PA intensity and their energy expendituRaf93 Swa0Q Wel0(. Santos-Lozano et al. also
con rmed the reliability of the ActiGraph GT3X as an accurate tool to estimate free-living physical
activity [SL12].



Chapter 3

Methods

The group of subjects and the signal processing steps for the feature extraction and cluster
analysis will be presented in the following sections. All described methods and calculations were
implemented in python (version 3.6).

3.1 Data Source

The investigations in this thesis are based on the data provided by the STAR study (Stay Active
after Rehabilitation) by Geidl et aldeil7. The study took place within the German rehabilitation
system which typically provides an inpatient rehabilitation for a duration of three weeks. Eligible
to participate were patients with COPD who are enrolled for PR with the rehabilitation clinic Bad
Reichenhall. The goal of the STAR study was to investigate the additional effect of a pedometer-
based behavior-change intervention during inpatient pulmonary rehabilitation on objectively
measured PA. The physical activity was measured by using a hip-worn physical activity monitor
(ActiGraph wGT3X-BT - Pensacola, Florida, USA) for a period of at least 7 days, rstly two
weeks before rehabilitation as well as 6 weeks and 6 months after rehabilitation. For the scope
of this thesis, only the data from the rst period was included. In total, 418 patients participated
in the study. Among those, 75 participants had to be excluded from the analysis due to refuted
COPD status (n=62), retrospective withdrawal of consent to data use (n=1) or non-participation
in the rst measurement period (n=12). This led to an overall sample of 343 participants (234
men and 109 women). The participants were asked to wear the ActiGraph during waking hours
and outside of any water-based activities. On average, patients wore the ActiGraph @, 14 (
8-29) days. In total, 5083 day measurements were recorded during the rst measurement period.
General characteristics of the participants can be found in Table 3.1.

13
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General Characteristids n | Mean| SD Range
Weight (kg) 331| 81 22 35-177
Height (cm) 329| 171 9 148-195
Age (years) 343 | 58 6 43-85

FEV; (%) 328 | 53.5 18.3 | 15.5-102.5
CAT™ 236 | 23.5 6.7 2-39
6MWT (m) 317 | 448.5| 103.0| 120-715

Table 3.1: General characteristics of the COPD patients

3.2 Data Pre-Processing

For further data processing only valid days were included. A day was considered valid, when the
participant wore the device for ten or more waking holgr[L6]. Non-wear time was de ned by

at least 60 minutes of zero counts of which up to two minutes may be within the 0 - 100 count
range [Geil7. Days with at least 60 minutes of non-wear time were also excluded from the
further data processing. This results in a total of 2255 valid days. For the scope of this thesis, only
the rstten hours of a valid day were used to improve the comparability.

The ActiGraph assessed acceleration by transforming the raw signal into cumulated activity
counts attributable to different intensity categories. For the purpose of this thesis, the activity
counts were cumulated to 120 seconds intervals. In order to interpret the activity counts, the
cut-off points introduced by Freedson et &r¢9§ were used to characterize activity by intensity.

The classi cation was further re ned by the sedentary cut-off de nition by Evenson eEake15.
Therefore, Sedentary behaviour was de nec&d$0 counts/minute, light intensity as 101-1951
counts/minute, moderate intensity as 1952-5724 counts/minute, vigorous intensity as 5725-9498
counts/minute and very vigorous intensity=a8498 counts/minute.

To reduce the complexity of the barcode in the intensity dimension, the higher intensity
categories were combined, which results into the following categories: Inactive was de ned
as< 100 counts/minute, Light Active as 101-1951 counts/minute and High Active E851
counts/minute. By this de nition every 120 seconds time interval of the day was tagged with
an intensity label. A numerical state was assigned to each intensity label in order to encode
the activity behaviour during the observation period into a numerical sequence. The basic idea
behind this encoding is to combine different dimensions of physical activity as duration, intensity,
frequency and temporal patterns. The sequence can then be analyzed to provide physical activity
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metrics and can be represented as a colour barcode to provide global illustrative visual information
(Fig. 3.1) [PI12].

Figure 3.1: Example of a barcode with a resolution of 120s

Additionally a moving median lter with a window-size dif5 data points was applied to
reduce spiky noiseJus8l. The moving median Iter processed the input data such that each data
point in the output data is the median of a window of points centered on the corresponding point
in the input data.

3.3 Clustering of PA Barcodes

Each data point of the PA barcode represents a PA state calculated for time windows of 120
seconds. For an analysis period of ten hours this results into 300 data points per barcode. In order
to perform the cluster analysis, features were extracted to describe the barcode. Two different
approaches for the feature extraction were applied: In a pure data-driven approach, 92 features
were extracted and in an expert-driven approach, seven features were selected by the research
group of the STAR StudyGeil7. Furthermore, principal component analysis (PCA) was used

for dimensionality reduction. Finally, a partitioning and a hierarchical clustering method were
used to separate the barcodes into clusters with distinct characteristics. The silhouette method
was used to evaluate the results as well as additional clinical parameters, that were not used for
the clustering algorithm. In the following sections the steps of the pipeline will be explained in
more detalil.
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3.3.1 Feature Extraction - Data-Driven Approach

In this approach, multiple features were extracted in order to describe the complexity and structural
patterns of the barcode. Basic features such as time per intensity and longest time in a sedentary
state were calculated. To describe the complexity of the barcode and also retrieve information
from the variety, temporal changes and duration of different activity levels, the information entropy
was used to calculate the overall entropy of the barcode. In Equation 3.1, the @dtpopys
calculated by the negativ sum of the probability mass fungtio) multiplied by the logarithm

of p(xi).

X0
H(x) = p(xi) log, p(xi) (3.1)

i=1
In addition, the entropy was calculated for two modi ed, binary barcode variations. The rst vari-
ation only distinguished between inactive and active while the second variation only distinguished
between high active and not high active. The entropy score takes large (small) values when there
are many (few) changes of the activity level in the barc&lead8. As shown in multiple studies
it is common to measure the time in bouts of activByf16]. Based on the study of McVeigh et
al., intervals for different intensity levels were de ned from 0 to 5, 5 to 10, 10 to 20, 20 to 30,
30 to 60 and> 60 minutes McV16]. In addition, several intervals 60 minutes were de ned to
capture long periods of inactivity. The total time per day within these intervals were calculated.
Furthermore, the mean of the barcode was also calculated. Due to the fact, that the amount of
activity in different parts of the day can diffevBB18], most of the calculated features were also
divided into different parts of the day. Altogether 92 features were computed for each barcode. A
full list of features can be found in Appendix D.

3.3.2 Feature Extraction - Expert-Driven Approach

The results of the pure data-driven approach explained above may be dif cult to describe with
respect to a clinically relevant interpretation. Therefore the research group of the STAR Study
[Geil7 de ned a subset of features, that are most relevant from their perspective. In total, seven
features were identi ed (Tab. 3.2). Four time-related features have been selected as well as three
features related to variability and complexity of the barcode.
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Feature Vector (Expert-Driven Approach)

Total Time Inactive (in % of Total Time)

Total Time Light Active (in % of Total Time)

Total Time High Active (in % of Total Time)

Longest Time Inactive (in % of Total Time)
Information Entropy

Information Entropy (Inactive vs. Active)

Information Entropy (High Active vs. Not High Active)

Table 3.2: List of features for the expert-driven approach

3.3.3 Dimensionality Reduction

Dimensionality reduction is the transformation of high-dimensional data into a meaningful
representation of reduced dimensionaliglfL]]. This can be achieved by using the PCA, which
transforms the d-dimensional feature $eto a d'-dimensional feature sé&t® the principal
components, while maximizing the variance of the transformed features dWithd, ideally
d°<< d ). To balance the variance of the features, the featurk sets re-scaled before applying
the PCA, such that all feature values were in the range [0, 1].

The feature spade® providing the maximized spread data is de ned by the eigenvectors of
the covariance matrix of the feature $et The eigenvectors can be calculated by solving the
eigenvalue problem

SUk = Uk, (32)
where
1 X :
S= N (Xn X)(Xn X) (3-3)
n=1

is the covariance matrix of the feature $etu are the eigenvectors &,  are the eigenvalues

of S, N is the amount of samples fn, x,, are the feature values of t& sample and are the
mean vector of the featuresfin[Bis0g. The eigenvectors and their corresponding eigenvalues
were computed using a singular value decomposition (Eq. 3.4).

Ss=uUv T (3.4)

The decomposition db results in , which has non-negative diagonal elements arranged in
descending order of magnitude, and the orthogonal matdcasdV . The elements of are
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called singular values & and are the square roots of the eigenvalue8®f. The columns of
U are eigenvectors @S and the columns df are eigenvectors @TS. By using

fO=UTf; (3.5)

f can now be transformed infd®[Str93. The resulting principal componentsfir? are weighted

linear combinations of the original features, uncorrelated and sorted in descending order such
that the rst component describes the most variance. The variance explained by every principal
component can be calculated by the corresponding eigenvalue divided by the sum of all eigenvalues.
The cut-off point for the dimensionality reduction was set to 90% of the cumulated explained
variance. In the following the feature-sief is used for the cluster analysis. The PCA was
implemented by using the scikit-learn python library [Ped11].

3.4 Clustering

Clustering de nes a task of grouping similar data into the same cluster, such that each data point
in a cluster is more similar to data points of the same cluster then those in other clB&t66. [
Grouping similar data points together can help to pro le attributes of each group and can give
insights into underlying patterns. There are different approaches to solve this task, that can
basically be distinguished between hierarchical and partitional approatai89.[ For the scope

of this thesis, both approaches were used and compared.

3.4.1 Hierarchical Clustering

Hierarchical clustering can be divided into a divisive and an agglomerative approach. In the
agglomerative approach each data point initially represents a cluster and then the clusters are
successively merged until all clusters are merged. The divisive approach begins with all data
points in a single cluster and will split a cluster in every iteration until a stopping criterion is met
[Jai9g. For the scope of this thesis the agglomerative approach was used. In order to decide,
which clusters should be merged a measure of dissimilarity between sets of data points is required.
Therefore a distance metric and a linkage criterion which speci es the dissimilarity between sets
as a function based on the distance metric is needed.
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The euclidean distance was used as the distance metric. The didiabetween the data
pointsx; andx; was calculated with:

(Xik X )% (3.6)
k=1

As a linkage criterion the Ward's method was uséflp3. The method minimized the total
within-cluster variance of the clusters being merged. The within-cluster variéhoga clusterC
Is computed by

W(CQ) = kxi ¢ k? (3.7)

i=1

wherex; are the data points within the cluster ards the centroid of the cluster. The hierarchy
of merged clusters is represented in a dendogram, where the root is the unique cluster that gathers
all the samples and the leaves are all clusters with only one data point in it. The dendogram also
contains distances between merged clust&skp3. Accordingly, the agglomerative clustering
algorthim will not determine a certain number of clusters. Therefore, evaluation methods are
needed to determine the optimal number of clusters. The agglomerative clustering algorithm was
implemented by using the scikit-learn python library [Ped11].

3.4.2 Partitional Clustering

A partitional clustering algorithm produces one partition instead of a clustering structure, such
as the dendogram in the hierarchical approach. The partitional clustering produces cluster by
optimizing an objective function. The most frequently used objective function is the squared error
criterion, rst suggested by MacQueen et &lldc67. The squared error for the clusterihgof a
data seX, which contains K clusters, is
XX .
E(L;X) = kx9) ¢k (3.8)

j=1 i=1

Wherexi(” is thei™ data point belonging to the" cluster andt; is the centroid of th¢" cluster.

In the scope of this thesis the k-means clustering algorithm is used, which is based on a squared
error criterion as the objective function. In contrast to the hierarchical approach, the number of
clusters must be speci ed in advance. In a rst step, the algorithm chdossasdom initial cluster
centers and assigns every data point to the closest cluster center. Then every cluster center will be
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recalculated based on the current cluster memberships and every data point will be reassigned
to the closest cluster center. The algorithm converges when there are no reassignments of data
points to new cluster centers, which is equivalent to a minimal squared dai6g[ But based

on the random initialization, the algorithm could lead to different clustering results, even to
no result ha0g. Therefore, the algorithm was run ten times with different initializations and
returns the best result regarding the objective function. For the evaluation, this algorithm was
run withk 2 [2; 20]initial cluster centers. The k-means algorithm was implemented by using the
scikit-learn python library [Ped11].

3.5 Clustering Evaluation

A clustering evaluation can be based on internal and external criteria. Internal criteria for the
quality of the clustering are typically based on an objective function with the goal of high intra-
cluster and low inter-cluster similarity or distance, while the external criteria are based on previous
knowledge about the data [Ren11].

3.5.1 Silhouette Method

As an internal criterion the silhouette method was used to interpret and validate the consistency
within clusters Rou87 and provides a graphical representation of how well each data point has
been clustered. The silhouette value for each data point can be calculated with

bi) a(i)

SU) = axfal): Ki)g

(3.9)

wherea(i) is de ned as the average distance fromo all points of the same cluster abd) is
de ned as the smallest average distance wf all points of any other cluster of whighs not
assigned to. The silhouette ranges from -1 to +1, where a high positive value indicates that a data
point is well matched to its own cluster. As a distance measurement the euclidean distance (Eq.
3.6) was used.

The silhouette scorsc is a quality measurement of the clustering result and is de ned as
mean of alln¢ silhouettes of a clustez.

Sc = %: s(i): (3.10)
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The average silhouette score of a clustering result was used for the evaluation of different
initial numbers of clusterk.

3.5.2 External Evaluation

While the silhouette method is using the clustering result itself for the evaluation, there is also
the possibility to evaluate the clustering result based on data that were not used for the clustering.
Therefore, the clinical information of the patients was used as an external criterion to evaluate the
guality of the clusters we identi ed based on the average silhouette score. For all patients in the
data set, information was available on their REEMWT and the outcome of the CA¥ (Fig.
3.1).

To evaluate the outcome of the clustering algorithm, the distribution of the clinical information
within the clusters was calculated and an analysis of variance (ANOVA) with a signi cance level
of 0:05was applied, in order to determine whether the clusters differ signi cantly from each other
[Edw93]. To describe the magnitude of the result, the effect sizeas calculated by [Fer09]:

2 _ SSeffect .
SSotal ’

whereS St IS the sum of squares for the effect of interest &%l is the total sum of
squares for all effects in the ANOVA. The sum of squares was calculated with Equation 3.12,
wherey is the mean of the data points of intergst

(3.11)

SS= (v y)? (3.12)

The testing hypothesis of the ANOVA was:
Ho: No Difference between cluster means exists (8:g= X, = X3)
H ;: Differences between cluster means exist (8.6 X, or x; 6 X3 0rx; 6 Xa)

In cases of a signi cant difference in the cluster means, the Bonferroni post-hoc test was used to
determine which clusters differ signi cantly. Therefore, the signi cance level of 0.05 needed to
be divided by number of planned comparisoB&PY. The alpha level of the post-hoc test then
needs to be less than the calculated quotient.
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Chapter 4
Results

In the following sections the results of the cluster analysis will be presented. The results are
divided into the data-driven and the expert-driven approach. For both approaches the result
of the PCA will be shown as well as the results of the different clustering algorithms and the
corresponding evaluation.

4.1 Data-Driven Approach

In the data-driven approact? features were de ned to describe the data-set (Appendix D). The
following results are divided accordingly to the clustering algorithms.

PCA

The PCA identi ed42 components, which accounted f0.0% of the total variance of the data.

The rst three principal components accounted 28r9% of the total variance ( rst component,
15.6%; second componend;2%; third component6:1%). The most relevant features for the rst
three principal components were: rst component, the total time inactive; second component, the
entropy between inactive and active in negative direction of the axis; third component, the time
spent in< 60 minute bouts of inactivity in the third period of the day. The visualization of the
rst three principal components is shown in Figure 4.1.

23
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Figure 4.1: The result of the principal component analysis for the data driven approach. The rst
three principal components displayed here accounte®98€4 of the total variance.
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4.1.1 Hierarchical Clustering

The agglomerative clustering algorithm was evaluatedkfdusters (withk 2 [2; 20]). For the
evaluation, the dendogram and the average silhouette score was used as well as the external
evaluation. As shown in Figure 4.R,= 2 created the best clustering result with an average
silhouette score d3:101 The dendogram did not show a clear differentiation between the clusters
(Fig. 4.3). In Figure 4.4 the silhouette value of each data point is shown next to the result of the
agglomerative clustering algorithm flar= 2. The clustering result with the rst three principal
components can be seen in Figure 4.5. The average FEAT'™ score and 6MWT distance

of the two clusters as well as the time in different activity intensities and the overall entropy of
the barcode are shown in Table 4.1. The ANOVA showed a signi cant difference between the
clusters for the FEY, for the 6MWT and for the CAT™ . The following post-hoc tests revealed
also a signi cant difference between the clusters for the EEd the 6MWT and for the CATM

(Tab. 4.1). Representative barcodes for the two clusters are shown in Figure 4.6 and Figure 4.7.

Cluster 1| Cluster 2| P-value | Effect size

N 1420 836
Time Inactive (in % of 10h) 61.7 26.6 - -
Time Light Active (in % of 10h)| 36.5 67.5 - -

Time High Active (in% of 10h) 1.8 5.9 - -
Entropy 0.89 0.95 - -
FEV; (in %) ** 51.1 58.1 <0.001 0.035
6MWT (in m) ** 438.1 476.1 | <0.001 0.033
CATTM % 24 22 < 0.001| 0.008

Table 4.1: Average characteristics of the different clusters of the agglomerative clustering
algorithm within the data-driven approach

**: Signi cant difference between Cluster 1 and Cluster Z(001)
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Figure 4.2: The average silhouette scores for a different number of clistier [2; 20]) of the
agglomerative clustering within the data-driven approach

Figure 4.3: Dendogram of the data-driven approach
(only the last 100 merged cluster are shown)
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Figure 4.4: Silhouette value of every data point with the average silhouette score on the left side
and the corresponding cluster result of the agglomerative clustering within the data-driven
approach on right sid&k (= 2)

Figure 4.5: The agglomerative clustering result for the data-driven apprkaci
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