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Ubersicht

Die Fahigkeit, Sit-to-Stand (STS)-Bewegungen auszufiihren, zeigt den Gesundheitszustand
und die Mobilitdt an. Herkdommliche Methoden zur Erfassung dieser Bewegungen sind teuer
und auf Labore beschrinkt. Tragbaren Sensoren wie Inertial Measurement Units (IMUk)
bieten eine vielversprechende Methode zur Erkennung von [STSFBewegungen unter realen
Bedingungen. Bisherige Studien konzentrierten sich auf Sensoren am unteren Riicken und
an der Brust, aber nicht auf die vielversprechende Ohrposition. Weitere Studien zeigten,
dass Frailty mittels [STSFBewegungen beurteilt werden kann. In dieser Arbeit wurde einen
bestehenden Algorithmus zur [STSIErkennung mit [MUk am unteren Riicken, an der Brust
und am Ohr zu validieren. Die Optimierung und Evaluierung des Algorithmus fiir diese
Positionen fiihrte zu vielen false positives (EPs), was die Anwendbarkeit unter realen Be-
dingungen einschriankt. Daher wurde ein zweiter Schritt entwickelt, bei dem zusitzliche
Klassifikatoren fiir jede Position trainiert wurden. Nach der Optimierung zeigten die Brust-
und Ohrpositionen eine bessere Performance (F1-Score 91.7 % bzw. 95.1 %), wihrend der
untere Riicken mit den Standardparametern einen hoheren F1-Score von 97.3 % erreichte.
Die Precision der Positionen am unteren Riicken und Ohr wurde durch den Machine Learn-
ing (ML)-Schritt auf 100 % verbessert. Ein weiteres Ziel dieser Arbeit ist die Beurteilung von
Frailty andhand der erkannten [STSIBewegungen des zweistufigen Algorithmus. Es wurde
eine Studie mit dlteren, gebrechlichen Erwachsenen durchgefiihrt, die ein Horgerdt mit inte-
grierter [MUl trugen. Diese Daten wurde mit [STSFDaten von dlteren, gesunden Menschen
kombiniert. Ein ML}Modell wurde trainiert, um den Frailty-Status zu bestimmen, indem
Features aus den [STSFBewegungnen extrahiert wurden. Der Klassifikator erreichte einen
F1-Score von 74.4 % mit wenig falsch zugeordneten Bewegungen und eine Genauigkeit von
73.5 %. Die Unterscheidung zwischen den frailen und nicht-frailen [STSIBewegungen wurde
durch eine grapische Analyse der Features bestitigt. Diese Arbeit zeigt, dass der bestehende
[STSHErkennungsalgorithmus durch die Verwendung eines zweistufigen Ansatzes an andere
Sensorpositionen angepasst werden kann. Allerdings zeigte die Validierung an der Ohrpo-
sition bei dlteren Probanden ergab jedoch eine schlechtere Performance mit vielen [FPs und
false negatives (ENk). Fiir die Vorhersage von Frailty erzielte der trainierte Klassifikator
gute Ergebnisse, aber aufgrund des limitierten Datensatzes sollte man bei der Interpretation
vorsichtig sein. Es handelt sich um einen theoretischen Ansatz zur Analyse der Machbarkeit,

aber es wurde gezeigt, dass eine Unterscheidung zwischen frail und nicht-frail moglich ist.
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Abstract

The ability to perform sit-to-stand (STS)) transitions serves as an indicator of mobility and
health. Traditional systems for assessing these movements are expensive and limited to
laboratory settings. Wearable sensors, such as inertial measurement units (IMUs), offer
a promising solution for real-world detection. Previous studies focused on sensors
placed on the lower back and chest position and scripted transfers to detect transitions,
but the ear position, which has shown potential in motion detection, was not investigated
yet. Additionally, previous research had shown that transitions can be used to evaluate
frailty. This thesis aims to validate an existing detection algorithm with placed
on the lower back, chest, and ear. The algorithm was optimized and evaluated for these
positions but yielded a high number of false positives (EPk) during daily tasks, limiting its
applicability in real-world conditions. Therefore, a two-step approach was proposed consisting
of the optimized hyperparameters for the algorithm and an additional trained classifier for
each sensor position. After optimizing the algorithm, the chest and ear positions showed
better performance (F1-score 91.7 % and 95.1 %, respectively), while the lower back position
performed better with the default parameter set (F1-score 97.3 %). Applying the machine
learning (ML)-step improved the precision of lower back and ear position to 100 %. Another
aim of this thesis was to assess frailty status based on the detected [STS|transitions using the
developed two-step approach. A study was conducted with older, frail adults wearing a hearing
aid with an integrated This dataset was combined with another one containing
data from elderly, healthy adults. A MLl model was trained to predict the frailty status based
on extracted features during transitions. The classifier achieved an F1-score of 74.4 %
with few false classifications and accuracy of 73.5 % in correctly classified [STS] transitions.
The graphical analysis further confirmed these results, indicating differences in features
between the frail and non-frail transitions. This thesis demonstrates the adaptability
of the existing detection algorithm to other sensor positions using a developed two-
step approach. However, validation of this approach optimized for ear position in an older
population showed poorer performance with a high number of [FPk and false negatives (ENK).
The classifier trained to predict frailty in older adults showed promising results, but caution
is required due to the limitations of the data set, making it more of a theoretical approach
to investigate feasibility. However, the ability to differentiate between the frail and non-frail

groups was shown.
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Chapter 1

Introduction

1.1 Motivation

Standing up from a chair is an essential activity during daily living [Nuz86]. The ability
to perform these sit-to-stand (STS) transitions is important for maintaining independent
living [Hug96|, as it requires a combination of balance and muscle power [Atr20]. Therefore,
a[STSl transition can provide valuable information about the functional mobility and overall
health condition of an individual [[Ada20a]. Functional performance tests involving
transitions have proven to be effective tools for evaluating mobility impairments [Mill3al,
frailty [Sav13], and fall risk in elderly adults [Cam89]].

Frailty is a multidimensional geriatric syndrome [Ben21], describing the deficits developed
during the aging process [Roc11]]. Frailty in older adults is associated with an increasing
risk for falls and hospitalization [Lacl2]. The transitions can be used to assess the
frailty status of individuals. In a clinical setting, the frailty status is typically assessed using
questionnaires and functional performance tests. Due to the degenerative nature of frailty,
short and episodic clinical interventions, and tests may not adequately assess this process.
However, early detection is important to initiate appropriate interventions and to slow down the
progression [Grel4|]. Unobtrusive long-term measurements could offer objective information
about disease progression.

Clinical assessments commonly use[STS|transitions to evaluate disease progression and the
effectiveness of interventions [[Ada20al]. To obtain more detailed information about the health

status of an individual, motion capture systems [Abd21]] or force plates have commonly been
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used for assessing movements [Ber04; Khe99; Mou00; Pai94]]. However, these systems
have disadvantages as they are restricted to laboratory environments and are expensive [Abd2 1}
Seil2]]. Additionally, clinic-based mobility assessments have limitations as they can only
be performed episodically, therefore, are not able to map the whole range of motion of an
individual [Ada20a]. Moreover, the laboratory settings differ from the natural environment,
which limits the ability of clinical tests to accurately reflect natural performance [Kia97].

To overcome these limitations, wearable sensors, particularly inertial measurement units
(IMUk), enable continuous monitoring of movements in both clinical and unsupervised
real-world settings providing objective results within functional performance tests [Ada20a].
are small, lightweight sensors that enable continuous and unobtrusive measurements
of movements by capturing three-dimensional acceleration and gyroscope data.

With this kind of sensors, long-term measurements are enabled. However, the disadvantage
of long-term measurements, in general, is that there has to be worn a sensor in daily living. An
important requirement of this sensor is therefore to be ubiquitous and non-intrusive. Fulfilling
these requirements, the sensor can be seamlessly integrated into the life of an individual,
especially for health monitoring of older people [Cob20|]. Possible sensor positions for
this application can be the head or ear position as a high number of individuals already
wear devices on their ear during their daily-life activities, such as headphones or hearing
aids [Rod22]). Therefore, exploring the potential of ear-worn [MUk in assessing movements

such as transitions becomes interesting, especially for use in performance tests.

1.2 Related work

1.2.1 IMU-based automated STS detection

Several studies have investigated the potential of using IMUk for automated detection.
Nguyen et al. [Ngul5|] proposed a signal processing algorithm for automated recognition of
activities of daily living based on multiple worn on different body segments. The study
found the algorithm to be able to detect the activities of daily living from the extracted body
segments from a set of with 100 % sensitivity and specificity, respectively.

In contrast, other studies have focused on using a single Some of these studies
explored detecting transitions using multiple sensor modalities. An approach that

investigated accelerometer data in combination with an air pressure sensor integrated into
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an using a support vector machine (SYM)) with a Gaussian kernel function within the
detection algorithm was proposed by Zhang et al. [Zhal4]. Various movement characteristics
such as cross-correlation, intensity, orientation, and altitude change were used to train this
algorithm for detection. With this algorithm an F1-score of 86 % was achieved in
detecting transitions of older adults.

Another study used the two sensor modalities acceleration and angular velocity for as-
sessing transitions in older adults using a single on the lower back [vanl18|]. They
developed a signal processing algorithm for trunk angle calculation which was used for
detecting transitions, providing detailed insights into the quality of movements. Lep-
etit et al. [Lep18]] proposed a study using the same two sensor modalities, developing a motion
detection algorithm to detect transitions. The signal-processing algorithm identified
the start and end of a transition using thresholds for both signals determined within the data
of this study. The kinetic energy during the transitions was calculated using the detected
duration and this was used as a measurement indicator for assessing the health status.

Moreover, other studies investigated the detection of transitions using a single sensor
modality from the This configuration proves to be more useful for long-term measure-
ments in daily life. Different positions for the single sensor setup have been employed in these
studies. A single placed on the chest was used by Ganea et al. [Gan11]] to detect[STS|
transitions based on changes in the trunk tilt using only the gyroscope signal. The transition
detection was done with an algorithm proposed by Salrian et al., originally developed for
detecting tremors in Parkinson’s disease (PD) patients [Sal07]].

Another often used position was the lower back position. Millor et al. [Mil13a]] investi-
gated the use of a single on the lower back for evaluating the 30 seconds chair stand
test (30s CST)) in an older prefrail population. The vertical position was calculated based on
the vertical acceleration of the for automatic detection of the cycles. Additionally,
they determined three phases of the transition during the previously detected cycles. The
study concluded that the introduced method was able to analyze the cycles within the
from [[MU] data automatically.

Hellmers et al. [Hel19] proposed another study for automated detection of [STS]transitions
using the lower back position. The vertical acceleration was used for training and evaluating
classifiers to get the different movements performed in the five times sit-to-stand (3xSTS))
test. The multilayer perceptrons approach achieved an F1-score of 94.8 % for detecting

the transitions. In a third study, a single on the lower back was used to propose a
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signal-processing algorithm for detecting transitions [Ada20a]. The vertical acceleration
was used for detecting the transitions using a Butterworth filter and continuous wavelet
transform (CWT). This algorithm was used in this thesis for detecting the transitions.

Comparing the two sensor positions lower back and chest, Regterschot et al. [Reg15]] pro-
posed a method for automatic detection using a Butterworth filter on the vertical accel-
eration of the sensors validated on chest position and the right side of the hip. This
study revealed that the sensor on the chest position showed stronger associations with clinical
measurements than the hip position.

Another investigated position for placement in the detection of transitions was
the thigh. A study explored this position for detecting the[STSland stand-to-sit transitions using
the peak angular velocity [Pic19]]. Martinez-Hernandez et al. [Mar19] did an approach with a
tigh placed IMUl using the acceleration as a single sensor modality. The algorithm is based
on Bayesian formulation and a sequential analysis method for identifying transitions. Sit,
transitions, and stand activities were successfully identified by the proposed method and the
three phases of a[STS|transition were recognized by an accuracy of 100 %.

To remove the dependency on specific sensor positions, Atrsaei et al. [Atr20] developed a
location-independent algorithm for detecting postural transitions. The vertical acceleration
in the global frame was used as a sensor modality for assessing the transitions comparing
different sensor positions on the trunk. A was used for getting potential transitions,
validation of these transitions was done by using the vertical velocity of the data. The
best results were achieved for the sensor around the waist with a sensitivity over 90 % and a
precision over 97 %. In general, the positions on the lower back and chest were found to be
the most accurate for detecting postural transitions.

In summary, various studies have examined the detection of [STS] transitions using IMUk.
The majority of these studies focused on sensors placed on the trunk, such as the lower back or
chest. A few studies used the extremities, such as the tight, for sensor placement. No studies

have investigated the detection of transitions using a sensor worn on the head or the ear.

1.2.2 Movement detection with ear-worn IMUs

IMUs worn on the ear position could be interesting for long-term measurements for assessing
mobility and health status, as many people wear already devices on the ear, such as earphones

or hearing aids, during daily living. Ear-worn[IMUk are portable and can be worn for extended
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periods during the day due to their small and lightweight characteristics. These earables were
among others used for gait detection, activity classification, and recognition, as well as for

activity type recognition [Rod22]].

Several studies investigated the use of earables for activity recognition tasks. Atal-
lah et al. [Atal1] compared an ear-worn [MU] sensor with six other sensor positions placed
on the whole body during different activities of daily living including preparing food, getting
dressed, and cleaning. The sensor attached to the knee was the best sensor for recognizing
these activities and the ear position was second best, outperforming for example chest and
waist position. Another study got similar results for comparing seven different sensor positions
to classify different activities, such as climbing stairs, jumping, lying down, standing, sitting,
running, and walking [Szt16]. Only the knee and shin performed better than the ear position,
but the study also concluded that the sensors performed differently depending on the activity.

Therefore, for different activities different sensor positions worked best.

Min et al. [Min18]] applied a classifier on different activities, such as walking, stepping
up, and down, with sensors integrated into earbuds achieving a mean accuracy of 88 %
for classifying the activities correctly. Similarly, Burgos et al. [Bur20] used ear-worn
sensors for classifying different gait activity tasks, which were walking and running. The
study compared and k-nearest neighbour (k-NN)) as classifiers resulting in the same

accuracy of over 99 % for both.

A comparison of the performance of a head-mounted [MU] with a chest-mounted IMU]
for detecting postural transitions was done by Abdollah et al. [Abd21]. Within the study
standardized performance tests including transitions were performed. The two sensor
positions were compared to a motion capture system. An algorithm for the detection of
postural transitions via head inclination angle and accelerometer was developed. As a result,
the head-mounted device showed high accuracy, sensitivity, and specificity for detecting

postural transitions and walking events compared to the chest-worn sensor.

In summary, earables find applications in a wide range of fields. They are capable of
detecting the physiological state within health monitoring purposes, facilitating hands-free and
eyes-free interaction with devices, and performing motion analysis tasks such as gait detection,
activity classification, and activity recognition [R6d22]]. The mentioned studies demonstrate
that an placed on the ear yields good results in these different tasks compared to other

positions on the body.
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1.2.3 Evaluation of frailty based on STS transitions

Different studies investigated the assessment of frailty in older people through [STSltransitions.
Millor et al. [Mil13b] proposed a study in which the standardized was used for
assessing the transitions for evaluating the frailty status. They applied a previously deployed
algorithm by Millor et al. [Mill3a]] for automatic detection. In this study, kinematic
parameters were defined for assessing the frailty level of an individual and it was found
that the positive vertical velocity peaks during standing up and sitting down phases, and the
area under curve (AUCQ) for the vertical acceleration were promising parameters for frailty
classification within transitions [Mil13b].

Based on this study, Millor et al. [Mill7] proposed another study for investigating frailty
status with measurements. They used kinematic parameters from the and the
timed up and go (TUG) tests with a single placed on the lower back. The previously
proposed method for detecting transitions [Mill3a]] and a decision tree analysis were
employed for getting relevant frailty parameters and validating the classification. The selected
parameters were found to be better in getting frailty status than the number of cycles performed
and the normally used criteria including gait speed. Furthermore, it was found that with an
increasing frailty level, the movement became slower, the trunk movement became greater,

and there was a decrease in the vertical acceleration, velocity, and power peaks.

Another study explored the automatic and quantitative assessment of frailty status based
on MUl parameters obtained during [TUG] performance with a shank-mounted IMU] [Gre14].
A regression-based model was used for differentiating the two groups of frail and non-frail,
achieving a mean classification accuracy of 72.8 %.

Besides these standardized performance tests, a study investigated the sensor-based as-
sessment of functional status using normal [STS|transitions [Reg15]]. The two sensor positions
chest and lower back were compared for getting the frailty status. The chest sensor was found
to be able to indicate the functional status of an individual, including frailty.

Zhang et al. [Zhal7] investigated the [STS|performance through continuous measurements
of daily living. Peak power measurements in daily life showed negative associations with
clinical assessment of mobility, limitation in activities, and frailty. The results showed that the
functional status of individuals could be assessed through long-term at-home measurements.

Another study, which investigated the frailty status in older people through daily postural

transitions, was conducted by Parvaneh et al. [Parl7]. The aim was to differentiate between
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non-frail and pre-frail/frail. The participants wore the sensor for 48 hours, recording
their daily postural activities, and an algorithm previously developed by Najafi et al. [Naj02]
was used to identify the different postures. Additionally, an algorithm was developed to
identify and count the number of postural transitions, as well as to calculate the ratio of
cautious sitting. A lower total number of postural transitions per day and a higher ratio of
cautious sitting were found to indicate frailty, although the accuracy of these indicators was
not as high as that of the Fried frailty index.

Letpetit et al. [Lep19] conducted a study to develop a diagnostic tool for detecting func-
tional deficits during transitions using a single [MU] placed at the chest. The objective
was to differentiate between frail older individuals and healthy older individuals, as well as
healthy older individuals and young subjects. Frail individuals were classified as those with a
frailty index greater than 5 according to the Rockwood index, which categorizes individuals
into seven groups ranging from very fit (category 1) to severely frail (category 7) [RocO5]]. A
frailty score was established by performing a multifactorial analysis of various parameters,
which were then reduced into a quantitative score using the first principal component of a
principal component analysis (PCAJ). The maximal value of trunk velocity was significantly
influenced by age and frailty, but a single parameter was deemed insufficiently accurate for
evaluating performance [Lep19].

1.3 Purpose

Several prior studies have primarily focused on using placed on the lower back and
chest for[STS| detection, showing consistent accuracy results in these positions. However, the
ear position has shown promising outcomes in activity recognition tasks and motion detection,
outperforming other positions. Yet, no investigations have been conducted on exploring the
use of ear-worn for detecting transitions. Therefore, one aim of this thesis was to
validate the performance of ear-worn in comparison to the lower back and chest position
for[STS| transition detection. Additionally, another aim of this thesis was to use the features
of transitions obtained through an algorithm using an ear-worn to determine the
frailty status of individuals.

For validating the performance of different sensor positions, the open-source algorithm
proposed by Adamowicz et al. [Ada20a] was used for automated detection. While the
algorithm has been validated for detecting [STS| transitions and for activities of daily living,
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such as drinking water or putting on a coat, its validation specifically for movements similar to
transitions has not been conducted. As the algorithm was developed for an [MUl placed
on the lower back, an extension of the algorithm to other sensor positions and the assessment
of its performance on different sensor systems is of interest. The chest position, for example,
offers the potential to capture additional signals like an electrocardiogramm (ECG)), aiding in
the investigation of postural dizziness [Hap21]]. The ear position offers potential advantages
for long-term measurements due to its ubiquity, and the possibility of integrating the
into earbuds or hearing aids. Therefore, the algorithm was optimized and applied to data
of placed on the lower back, chest, and ear position to compare their performance.
Additionally, classifiers were trained and compared to further enhance the performance.
These evaluations were conducted using an existing dataset recorded by a previous study
containing data from young, healthy adults.

Furthermore, the optimized algorithm with the additional classifier for ear position was
validated on a second existing dataset. This dataset consists of data collected from elderly,
healthy adults using two different [IMU] systems. The performance of the two different sensor
systems was compared.

Another objective of this thesis was to assess the frailty status using the detected
transitions. Previous studies have revealed that frailty status can be assessed using automated
detection by [IMUk. However, most of the studies used standardized performance tests
including [STSltransitions for frailty assessment. For that reason, this thesis aims to investigate
the frailty status on transitions from both standardized tests and naturally performed
transitions. The features extracted from the detected transitions, acquired by the
detection algorithm, were used for assessing the frailty status in individuals. To achieve this,
a study with elderly, frail participants was conducted. Frailty prediction was done by training

and evaluating different classification pipelines and get the best performing one.

1.4 Outline

This thesis is structured as follows: Chapter 2 offers an overview of the fundamentals relevant
to this thesis, including the evaluation of functional mobility, frailty, and its assessment, as
well as an introduction to and traditional MLl classifiers. The two previously existing
datasets used in this thesis are described in Chapter 3, as well as the details of the data

acquisition for the conducted study. Chapter 4 outlines the methods employed in this thesis,
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such as the detection algorithm, parameter optimization through grid-search, additional
[MLltraining, a comparison of two different [MUl systems, the frailty prediction using a trained
classifier, and the evaluation of all obtained results. The results and their discussion are
presented in Chapter 5. Chapter 6 provides a summary of the discussion and presents the
limitations of this work. Finally, Chapter 7 summarizes the findings, offers an outlook on

further research questions, and concludes the thesis.






Chapter 2
Fundamentals

In this chapter, the fundamentals essential for this thesis are presented. First, the assessment
of functional mobility and the evaluation of the health status of individuals is described,
including an overview over functional performance tests, giving a description of frailty, and
its assessment. Additionally, general information about MUk is provided. Subsequently, a

description is given for the four different [MLI classifiers used in this thesis.

2.1 Functional mobility and assessment

This section focuses on describing the medical fundamentals relevant to this thesis. First,
an overview of the functional performance tests, which include transitions, is provided.
Following that, the concept of frailty is introduced, encompassing the different approaches for
defining frailty in practice, followed by an overview of frailty assessment methods commonly

employed in clinical practice.

2.1.1 Functional performance tests

With people living longer and getting older, the likelihood of dependency on medical service,
welfare, and other services increases [Mill4b]. The aging process is often accompanied
by a decline in muscular mass and strength, which can result in several issues such as
reduced mobility, increased risk of falls, frailty, and disability [Wall2]. Therefore, regular
clinical assessment of muscle strength are crucial in evaluating therapy effectiveness and

providing a reliable indicator of the severity of the disease process [[Csu85]. Clinicians use a
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battery of tests based on activities of daily living to evaluate the physical function of elderly
individuals [Mil14al]. While these tests provide qualitative information about the functional
status of individuals [Atr20], they often lack in quantitative outcomes making it difficult to

detect small differences and changes in movements.

One of the used movements within these tests is the STS|transition. This transition, similar
to the gait cycle, is a fundamental movement pattern [Nuz86|]. Standing up and sitting down
are daily tasks that require muscle power and balance [Atr20]. Difficulties in performing
this task can be attributed to deficits in muscular strength or joint ranges of motion [Ale91].
Performance tests including transitions are used in clinical practice to gain insights
into functional mobility and overall health status of individuals [Ada20a]. Analyzing the
biomechanics of the performed transition during those tests allows for an investigation
into the impact of natural aging and illness on immobility, as well as the identification of

crucial factors that contribute to maintaining mobility [Ale91].

Standardized tests, such as the 30s CST]and test, are commonly used to assess the
ability to perform [STS|transitions and to evaluate the quality of the transitions [Atr20]. These
tests provide valuable information on the functional status of older individuals [Cob20].

During the test, the time required to perform five consecutive [STS] transitions with
arms crossed over the chest is measured, providing a quantitative measurement of lower body
strength and functional capacity [[Csu85; |Gur94]]. The is often performed as part of the
Short Physical Performance Battery (SPPBI), which also includes a walking test and several
balance stand tests for assessing the healthy status [Gur94].

Another widely used test is the[30s CST] in which the number of transitions completed
within 30 seconds, with arms folded over the chest, is recorded. This test is used to assess the
functional status of older individuals, including the assessment of lower body strength and
the detection of muscle weakness in participants. The evaluation of this test ranging from
those who cannot complete a single stand (score of zero) to highly fit individuals who can
perform 20 or more transitions during the 30 seconds [Jon99].

The test is another functional performance test that combines standing up with
a walking component. During this test, participants have to rise from a chair, walk three
meters, and return to the chair while the time needed to complete the task is measured. The
mobility level of participants is then categorized from unrestricted everyday mobility to

distinct restrictions [Pod91]].
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Development and progression of frailty

1

s N N N N
Demographic and Clinical apsects Lifestyle Biological factors
social factors
- Higher age - Multimorbidity - Little physical - Endocrine factors
- Female - Adiposity activity - Micronutrient
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Figure 2.1: The different factors for the development and progression of frailty according to
Benzinger et al. [Ben21]

2.1.2 Frailty

Frailty is a syndrome characterized by an increased vulnerability to both internal and external
stressors, such as aging, disease, fitness, nutritional status, and other factors [Roc99]. It
is associated with a decrease in the general health status [Brol0]. The development and
progression of frailty involve various factors from different aspects, including demographic and
social factors, clinical aspects, lifestyle, and biological factors, as shown in Fig. [Ben21].
Elderly individuals affected by frailty face higher mortality rates and an increased risk of falls,
hospitalization, and long-term care needs [Lac12].

In the field of frailty, there is no consensus regarding a uniform definition and assessment,
leading to the emergence of different concepts [Ben21|]. One prominent concept is the frailty
phenotype proposed by Fried et al. [FriO1], also known as the physical frailty phenotype. The
definition focuses primarily on assessing functional aspects, such as strength, mobility, and
activity. With these aspects, the objective and subjective decline in performance capacity
and weight loss were recorded. Fried et al. [FriO1] defined frailty as the presence of three or
more of the following criteria: unintentional weight loss (shrinking), weakness (measured
by grip strength), poor endurance and energy, slowness (walking speed), and low physical

activity level. Based on these five criteria, individuals can be classified as robust (0 criteria
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are fulfilled), pre-frail (1-2 criteria are fulfilled), and frail (3 or more criteria are fulfilled).
Another concept, proposed by Rockwood and Mitnitski [RocO7], is the Deficit Accumula-
tion Index (DAI) or Frailty Index. This approach considers the accumulation of 70 deficits,
including functional, social, cognitive, and morbidity components. The Frailty Index is calcu-
lated as the proportion of potential deficits that are present in an individual, encompassing
symptoms, signs, disabilities, diseases, and laboratory measurements. It was found that the
coefficient of variation of the frailty index decreases with age, indicating its relevance

in capturing the frailty status of an individual.

2.1.3 Assessment of frailty

The frailty status of an individual can be used as a guide for clinical decision making and as
a target for interventions [Butl6]]. Various instruments are employed for the assessment of
frailty, based on the two previously introduced concepts of frailty.

The frailty concept proposed by Fried et al. [FriO1]] provides the basis for the widely used
instrument physical frailty phenotype (PED)). This instrument involves the investigation of
functional aspects of an individual, including the assessment of five criteria. With this tool,
only the current state of an individual is assessed and it provides a high diagnostic effort
with the test of walking speed and grip strength measurement additional to the question-
naire [Ben21]]. Despite the increased effort, the PED|remains the gold standard for assessing
frailty due to its validation across different geriatric settings [But16]. A more simplified in-
strument based on this frailty concept is the frail scale [Mor12]. It is easier to assess compared
to the as it evaluates frailty without clinical interventions. Four of the five questions
are based on the Fried criteria. Additional diseases out of 11 prescribed were queried. The
FRAIL scale can be assessed by medical personal or also by patients or relatives.

The Frailty Index, based on the concept of frailty defined by Rockwood and Mitnitski,
is less commonly used in clinical practice. However, an instrument based on this index,
known as the Clinical Frailty Scale (CES)), is used in various clinical settings [Ben21]]. The
enables healthcare professionals to assess the degree of frailty of an individual [Roc0O5].
The assessment involves disease symptoms, functional decline, cognitive limitations, and
life expectancy of an individual two weeks before the current acute illness based on an
original seven point scale. Another concept based on the definition of frailty by Rockwood

and Mitnitski is the Groningen Frailty Indicator, which includes 15 questions. Each item
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is dichotomized to calculate a score, where a higher score indicates the greater frailty of a
subject with a maximum score of 15. The items cover physical, and cognitive impairments as
well as psychosocial aspects. Additionally, there are other instruments available for assessing
frailty, including the Gill Frailty Measure, Frailty/Vigor Assessment, Brief Frailty Instrument,

Vulnerable Elders Survey, Frail Scale, and Winograd Screening Instrument [Ben21|].

To summarize, frailty can be assessed using different concepts and instruments consisting
of questionnaires and functional tests. The assessment provides insights into the progression

of frailty, clinical significance, and potential interventions.

2.2 Inertial measurement unit

IMUs are small devices that incorporate multiple sensors to detect acceleration and angular
rates of motion [Zhal2]]. There are two types of commonly used. The first type includes
an accelerometer and a gyroscope, which measure acceleration and angular rate in three axes,
respectively. The second type incorporates an accelerometer, a gyroscope, and a magnetome-
ter, all measuring in three axes (Fig. [2.2). The magnetometer primarily enhances the data
quality of gyroscope measurements [Ahm13]]. with accelerometers and gyroscopes
typically have three accelerometers and three gyroscopes mounted orthogonally to each other

to enable measurements in three axes [Shk21]].

find application in various fields, including quality control in the manufacturing
industry, medical rehabilitation, robotics, inertial navigation systems, learning sports, and

motion tracking in virtual reality systems [[Ahm]13|.

Accelerometers were used in health care applications for measuring gait parameters,
detecting falls, or recognizing activities [Atal 1]. The acceleration can be obtained without the
need for an external reference, as the acceleration of a rigid body is proportional to the force
applied to it (Newton’s second law) [Shk21]]. The acceleration is typically measured in g-forces.
Gyroscopes, on the other hand, measure the rotation [Shk21]]. They are employed in various
applications, such as automotive rotation detection, platform stabilization, gyrocompassing,

and inertial navigation [Shk21]]. The rotation is measured in degrees per second.
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Figure 2.2: The axes in three directions for acceleration and gyroscope of an inertial measure-
ment unit [MUl

2.3 Machine learning classifiers

In the field of machine learning (ML), there are several approaches for training the models.
Supervised learning involves providing the machine learning model with a training set consist-
ing of input-output pairs. The goal is to train the model to generalize well to unseen data and
avoid overfitting, where the model becomes too specialized for the training data. In contrast,
unsupervised learning does not rely on labeled data. It aims to find patterns, structures,
or relationships within the data without explicit guidance. The evaluation of unsupervised
learning models is based on absolute error measures. These ML models generate output that
can be grouped into numerical-continuous or categorical (discrete) values, which leads to
different processes. For the first case, the process is called regression, while the second case
is called classification [[Bon17]].

A pipeline, as shown in Fig. 2.3 is used for applying ML algorithms on data. Classifiers
are built based on features extracted from preprocessed data. These features are then used as
a training set to adapt the parameters of the classifier model. The classes of these features
are known in advance. After training the model, it can be used for determining the classes
of new input data, known as test set [Bis09]. The splitting of an existing dataset into test
and training data can be done in various methods. One approach is using one part of the
data for training and the remaining part for estimating performance. Another technique is
performing cross-validation, where the training set is divided into mutually exclusive and
equal-sized subsets. The classifier is then trained on the union of all other subsets for each
iteration. Leave-one-out validation is a special case of cross-validation where each data point

serves as a validation set [Mag07]].
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Figure 2.3: The steps of a machine learning (ML) pipeline according to Niemann [Nie83].

This section gives an overview of some existing[ML classifiers. The introduced classifiers
were used in this thesis for training the classifiers for optimizing the algorithm approach
and for predicting frailty.

2.3.1 K-nearest neighbors

The k-NNlis a classification algorithm that operates based on the principle of proximity. It
assumes that dataset instances sharing similar properties tend to be closer to each other in the
feature space and therefore tend to belong to the same class. An unclassified instance will
then be classified by the algorithm by examining the class labels of its k-nearest neighbors.
The algorithm identifies the class of this instance to the query instance based on the class

label that most frequently occurs among these neighbors [Mag07]].

2.3.2 Support vector machine

are a class of machine learning algorithms that use the concept of a margin, which is the
space on either side of a hyperplane separating two data classes. By maximizing the margin,
[SVMEk aim to achieve the largest possible distance between the hyperplane and the instances
from each class, leading to a reduction in the expected generalization error. The hyperplane

is defined by the closest samples from each class, known as support vector points [MagQ7].

Linear[SVME are used for binary classification with linearly separable data, and the goal
is to find the optimal separating hyperplane that maximizes the margin between two classes
and therefore to reduce the probability of misclassifications. For non-linear problems,
can leverage kernel functions to transform the feature vectors into a higher-dimensional space

where the data become linearly separable again [Bon17]].
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2.3.3 Decision tree

Classification models that sort instances based on their feature values are called decision
tree (DT)s. In a[DTl each node represents a feature and its corresponding instance to be
classified. Each branch represents a possible value that the node can take. The classification
problem starts at the root node and is sorted recursively based on their feature values [MagO7]].
The construction of a[DTlinvolves training data consisting of objects described by attributes
and class labels. The [DTlis built by finding a test that splits the data into subsets at each
internal node [Mur98]]. Binary DTk, specifically, operate through a sequential decision
process. Starting from the root node, a feature is evaluated, and one of the two branches is
selected based on the feature value of the instance. This process is repeated recursively as
the tree is transversed until a final leaf node is reached, which represents the classification
target [Bonl7].

2.3.4 Random forest

A random forest (RF) is an ensemble of decision trees constructed using random samples
from the data. Unlike decision trees that seek the best choice for splitting a node, [RE employs
a different strategy. It randomly selects a subset of features and tries to find the thresholds
that separate the data best. This process is repeated for multiple trees in the forest, resulting
in a set of weaker models, each with its prediction. Interpreting these results can be done
using either a majority vote or by averaging the predictions from the individual trees [Bon17].
One advantage of REs over [DTlis that they do not tend to overfit the data [BreO1]].



Chapter 3
Datasets

This chapter provides an overview of the data used for this thesis, which were analyzed to
address the aims of this thesis. To accomplish this, three distinct datasets were employed. The
first section of this chapter focuses on two datasets obtained from previous studies, providing
a detailed description of each. In the second section, the third dataset is introduced, which was
obtained through the conduction of a study. Tab.[3.1|provides an overview of the demographic

data and conducted transitions for all three datasets.

3.1 Existing datasets

This section provides a detailed description of the two existing datasets used for analysis. The
first dataset consisted of data from young, healthy adults who participated in a previous study,
worn on the lower back, chest, and ear position. The second existing dataset includes
data from older, healthy adults, which wore on the ear.

3.1.1 Dataset 1: young, healthy adults

This dataset containing data from young, healthy adults will be referred to as Dataset 1 in the
thesis. The study involved the participation of 15 healthy, young individuals (8 males and 7
females; aged 25.6 + 3.4 years; BMI 23.0 4 3.6 kg/m?). Before participation, their physical
condition was assessed by the Physcial Activity Readiness Questionnaire [Tho92].
The study was approved by the local ethics committee of Friedrich-Alexander-Universitét
Erlangen-Niirnberg (FAU), Germany (Re-No. 106_13B).
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Figure 3.1: Sensor positions for Dataset 1.

For recording data, three NilsPod sensors (Portabiles GmbH, Erlangen, Germany)
were used, which recorded triaxial acceleration (range: + 16 g) and triaxial gyroscope data
(range: £ 2000 °/s) at a sampling rate of 256 Hz. To ensure synchronization, a wireless
synchronization protocol [Rot18] was used and calibration was performed using the method
introduced by Ferraris et al. [Fer94]]. The sensors were attached to the lower back (L5 position),
the chest (middle of the sternum), and over the right ear as shown in Fig.

The study protocol involved performing five consecutive transitions on five different
chairs and sofas, with a rest period of 20 seconds between each transition. Additionally,
the participants performed different tasks of daily living, such as walking, climbing stairs,
loading the dishwasher, getting items from the fridge, tying shoelaces, picking up objects,
and lying down on a sofa. These tasks were selected to simulate movements in daily-life
activities, which are similar to standing up from a chair. This selection aimed to ensure that
the algorithm could distinguish between these tasks and actual transitions. The daily
tasks were performed without receiving any further instructions on how to perform them.

During the data acquisition process, the different daily tasks and events were labeled
using the smartphone application aTimeLoggerﬂ This application allowed the configuration
of different tasks and recorded the start and end times, as well as the duration, to serve as
references. In total, each participant performed 54 transitions, which included the 5x5

transitions from different chairs and two daily task-related transitions, all repeated twice.

Thttps://play.google.com /store/apps/details?id=com.aloggers.atimeloggerapp
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Figure 3.2: Position of the NilsPod sensor on the headband and of the Signia hearing aid with
integrated IMU. These sensors were attached to both sides of the head.

3.1.2 Dataset 2: older, healthy adults

The second existing dataset, referred to as Dataset 2, comprises data from 21 healthy, elderly
adults (10 males and 11 females; aged 70.9 4= 5.7 years; BMI 26 + 3.1 kg/m?). All participants
were healthy with no limiting health conditions and provided written informed consent. The
study received approval from the local ethics committee at[FAUl Germany (Re-No. 106_13B).

For data recording, two wearable NilsPod sensors (Portabiles GmbH, Erlangen,
Germany) were used. These sensors recorded triaxial acceleration (range: + 16 g) and
triaxial gyroscope data (range: 4+ 2000 °/s) at a sampling rate of 204.8 Hz. Additionally,
two Signia hearing aids with integrated MUl sensors (Sivantos GmbH, Erlangen, Germany)
were used, which recorded triaxial acceleration (range: 4+ 2 g) and triaxial gyroscope data
(range: + 1000 °/s) at a sampling rate of 200 Hz. Both sensor systems were synchronized
and calibration was done using the method introduced by Ferraris et al. [Fer94|]. The
integrated into the Signia hearing aids were placed in the right and left ear of the participants,
while the two NilsPod sensors were attached over the right and left ear using a headband
(Fig.[3.2)). This setup resulted in four sensors for each participant, two on each ear.

To synchronize the two different sensor systems, participants performed synchronization
movements at the beginning and the end of the measurement, involving nodding the head three
times. During the measurement, participants performed the test and the These
tests, which included walking tests, different balance tests, and a[5xSTS|test, were described



22 CHAPTER 3. DATASETS

in Chapter2.1.1] A video was recorded during the measurement to enable subsequent data
labeling. For the labeling process, the Python package MaDGUI [Ol1122]] was used.

In total, each participant performed seven to 15 transitions during the measurement.
These transitions included one or two transitions during the test, depending on
whether it was performed once or twice, and five transitions during the of the
Two participants performed the 5xSTS|twice, resulting in 5 additional transitions. The number
of additional transitions depends on how many times the participants sat down in between the

tasks. Overall, 176 transitions were performed within Dataset 2.

3.2 Data acquisition: Dataset 3

In this section, the data acquisition for Dataset 3 is described, which was collected within
a study conducted as part of this thesis. The section provides a description of the sensor
setup, followed by an explanation of the study procedure. More detailed information about
the comprehensive study design, protocol, and setup pictures can be found in Appendix [Al
Additionally, this section provides information about the individuals who participated in the

conducted study.

3.2.1 Sensor setup

The objective of this study was to evaluate the frailty status of participants by analyzing data
obtained from [STS| transitions using an ear-worn[MUL To collect this data, a Signia hearing
aid (Sivantos GmbH, Erlangen, Germany) with an integrated [MU] was used. The IMU]sensor
recorded triaxial acceleration (range: 4 2 g) and triaxial gyroscope data (range: + 1000 °/s)
at a sampling rate of 50 Hz. The sensor was attached to the right ear of each participant and

was calibrated using the method introduced by Ferraris et al. [Fer94].

3.2.2 Study procedure

The study was divided into two parts, which were conducted on separate days with a two-day
rest period in between. The study protocol was approved by the local ethics committee at
IFAUL Germany (Re-No. 23-66-S). The study protocol is shown in Fig. the detailed study

procedure including protocol and pictures can be found in Appendix[Al
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Figure 3.3: Protocol of the conducted study with older, frail participants. The timed-up-and-
go (TUQG)) test was performed on both days, as well as different sit-to-stand (STS) transitions.

fﬁﬁﬁﬁ

On the first day, participants received a brief introduction about the overall content of the
study. After the introduction, several questionnaires were filled out in collaboration with the
participants to assess their frailty status and current mood: Profile of Mood States [Dal02],
Sarcopedia (SARC-F)) [Mal13]], Fried Frailty Phenotype (FEP) [Bral8]], and Patient Health
Questionnaire [Gri04].

Following the questionnaires, participants were provided with the hearing aid, and the
data recording was started in the smartphone application of the hearing aids. The participants
performed then the test twice. Subsequently, the natural transitions were assessed
by focusing on performing small tasks at five different stations. These tasks were solving a
memory, completing a puzzle, building something with building blocks, filling out a crossword,
and describing a picture. Each station was repeated twice, resulting in participants standing
up 10 times during this study part. If participants were physically capable, the was
conducted at the end. In total, the participants were standing up 7 to 16 times on the first
study day, depending on the number of tests and stations performed.

After a two-day rest period, the second part of the study took place. The questionnaire
aktuelle Stimmungsskala (ASTS)) was repeated, and subsequently, the hearing aids were
attached and data recording was started. The participants then performed the test, twice.

The main part involved participants performing five consecutive transitions from two
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different chairs with armrests. To provide rest periods between the transitions, participants
were instructed to collect puzzle pieces after each transition and solve it during sitting.

In total, the participants performed 14 to 18 transitions during the second part of the
study. These transitions included 10 transitions from the chairs, two transitions from
and additional transitions in between the study parts. During both study days labels indicating
the transitions were directly assigned to the data via the smartphone application of the

hearing aids. These labels served as references during the analysis.

3.2.3 Participants

In order to participate in the study, participants needed to meet certain criteria. They were
required to be 60 years old or older and capable of standing up without assistance. Exclusion
criteria included the inability to perform 15 transitions and having a care degree of five,
which indicates the highest level of care required by an individual. Participation in the study
was voluntary and all participants provided written informed consent before the study was
conducted. Data were collected from 4 participants (1 male and 3 female) who did not have
limiting health conditions regarding the study criteria. However, the participants exhibited
a certain level of frailty, either pre-frail or frail. The age range was 80 to 91 years, with an
average age of 86.8 & 5.0 years. Their height ranged from 160 cm to 166 cm, with an average
of 162 +3 cm, and their weight ranged from 48 kg to 70 kg, with an average of 60 + 10 kg.
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Table 3.1: Overview of the three described datasets with characteristics and demographic
data. The timed-up-and-go (TUQG)) test and the short physical performance battery (SPPBI)
were performed in two datasets.

‘ Dataset 1 Dataset 2 Dataset 3
Demographic data Number 158m,7f) 21 (10m, 11f) 4(1m,31)
Age 256+ 34 70.9 +£5.7 86.8 +5.0
Height (cm) | 176 4+ 0.1 167 £ 8 162 +3
Weight (kg) 72 £ 16 72 £ 10 60 £+ 10
Characteristics Young v
Old v v
Healthy v v
Frail v
Sit-to-Stands TUG v v
SPPB v vE
natural v v
daily tasks v

* SPPB was only performed if participants were physically capable






Chapter 4

Methods

This chapter provides an overview of the methods used in this thesis. An overview of the
preprocessing procedure is given, followed by a description of the detection algorithm
by Adamowicz et al. used for detecting the transitions in all three datasets. In the subsequent
section, the parameter optimization of the algorithm for the three sensor positions lower back,
chest, and ear using grid-search is described. Additionally, the postprocessing step, involving
feature extraction and training of classifiers to enhance the performance of the algorithm,
is presented. This chapter further provides a description of the comparison between the
two different [MU] systems within the NilsPods and the Signia hearing aids, followed by a
description of the training process for the frailty prediction classifiers. Finally, an overview

of the evaluation methods used in this thesis is provided.

4.1 Preprocessing

To ensure proper alignment with the uniform coordinate system required by the used
detection algorithm, preprocessing of the raw [MU]data was done. As the sensors were placed
on the three positions lower back, chest, and ear, and different sensor systems (NilsPod IMUI
and Signia [IMUlintegrated into the hearing aid), every sensor had to be processed separately.

Each sensor was calibrated using the method introduced by Ferraris et al. [Fer94]. The
first processing step was to apply the calibration on the raw data of each sensor. Subsequently,
the coordinate system of each sensor was adjusted within its respective sensor frames through

rotation. For the ear-worn sensors, an additional alignment to gravity was performed to orient
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Figure 4.1: Overview over the axes of all sensors after preprocessing.

them into the body frame. Since two different generations of hearing aids were used within
Dataset 2 and Dataset 3, the axis alignment differed.

After this preprocessing step, the coordinate system of each sensor was aligned with the
standardized coordinate system. The resulting coordinate system for each sensor is shown in
Fig.[d.1] It forms a right-handed coordinate system, with the z-axis representing the vertical
direction, the y-axis pointing to the front, and the x-axis to the left. Generally, the specific

direction of the axis is not critical as the applied algorithm works independently of orientation.

4.2 STS detection algorithm

The performed transitions of the datasets were detected using the open-source algo-
rithm by Adamowicz et al. [Ada20a]. This algorithm is available in the Python package
Sit2StandPy [Ada20b]. It uses the vertical accleration data from the [MUland it provides the
start and end time of the detected [STS|transitions, as well as the transition duration, maximum
acceleration, minimum acceleration, vertical displacement, and spectral arc length (SPARC).
Fig. 2] displays the filtered vertical acceleration of one transition of the three sensor
positions lower back, chest, and ear. The by the algorithm detected [STSlinterval is highlighted.
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Figure 4.2: Reconstructed vertical acceleration of lower back position, chest position, and ear
position as provided by the algorithm, detected sit-to-stand (STS)) period is highlighted in

grey.

The algorithm applies signal processing methods for detecting the transitions. Firstly, pre-
processing of the raw acceleration data was performed by applying a fourth-order Butterworth
filter with a cutoff frequency of 5 Hz. It is then smoothed by a rolling mean with a window
of 0.25 s with uniform weighting. Next, a is applied to the filtered acceleration data
to identify potential intervals for[STS]transitions. This is done by summing the coefficients
in the 0-0.5 Hz band at each time point for getting the power. Within this power, the

peaks are identified as possible time points for a transition.

In the second step of the algorithm, these potential transitions are validated. The
periods of stillness within the filtered acceleration signal are identified by analyzing the rolling
means and standard deviations. A set of predefined conditions is then applied to confirm or
reject the potential transitions. These conditions are predefined and consist of criteria such
as vertical velocity surpassing a specific threshold, a period of stillness required before the
transition, the duration of the transition, the vertical displacement during the STS
transition, and the duration between two consecutive transfers. These conditions serve
as hyperparameters of the algorithm and can be modified using the application programming
interface (API) provided by the Python package Sit2StandPy.
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Table 4.1: Overview over the parameter with the default values and the parameter ranges of
the sit-to-stand (STS)) detection algorithm for grid-search.

Parameter name \ Default Grid
Acceleration moving average 0.2 [0.10,0.12,0.14, ..., 0.24]
Acceleration moving std 0.1 [0.05,0.10,0.15, ...,0.30]

Displacement factor 0.75  [0.65,0.66,0.67, ...,0.85]
Duration factor 10 6,7,...,11]

Jerk moving average 2.5 [1.6,1.7, ..., 3.5]
Jerk moving std 3 [2.0,2.5,3.0,...,6.0]
Moving window 0.3 [0.2,0.3,0.4, ..., 1.0]

Transition velocity 0.2 [0.05,0.10,0.15, ..., 0.4]
Long still 0.5 [0.4,0.5,0.6, ...,4.5]

Adamowicz et al. [Ada20a]] provided default values for these conditions within the open-
source package. These values were optimized for the performance of the algorithm using
their own dataset, where an was worn on the lower back. This provided parameter set

will further be referred to as the default version of the algorithm.

4.3 Algorithm optimization for different sensor positions

In this thesis, the described algorithm was used and a further step was taken by optimizing
the default parameter set specifically for the three sensor positions lower back, chest, and
ear. To achieve this, experiments were conducted using a grid-search implemented using the
Python package tpcp [Kud23|]. This package enables the setup of a pipeline for computing
the transitions for each sensor position and evaluating these results using the concept of
optimizable pipelines.

To evaluate the detected [STSItransitions, the reference[STS]transitions were compared with
the detected transitions provided by the algorithm. These references were used to determine
true positive (TP) and false positive (EP) within the transitions, enabling the computation
of metrics and validation of the detected transitions. A true detected transition was
considered to be within a matching tolerance of two seconds around the reference time.

The grid-search for hyperparamter optimization was done on a high-performance cluster
of A list of possible values was defined for each adjustable parameter of the
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algorithm. The optimization process was performed using the F1-score as a metric. The range
of each parameter used in the grid-search is provided in Tab.[#.1] Based on the grid-search
results, optimized parameter sets were identified for each sensor position, improving the
performance of the algorithm. Three different parameter sets were obtained: one for the lower
back position, one for the chest position, and one for the ear position. These parameter sets

will furhter be referred to as optimized version in this thesis.

4.4 Machine learning-based postprocessing of STS events

After optimizing the hyperparameters of the[STS|detection algorithm, it was evaluated whether
the performance of can further be improved by a[MILlbased post-processing approach. The
aim of this approach was to reduce the number of falsely detected events (EP). Thus,
time-series features were estimated for each detected transition using the raw tri-axial
acceleration and gyroscope data recorded between the start and the end points of the transitions
as determined by the algorithm by Adamowicz et al. [Ada20a]. These features were extracted
using the Python package tsfresh [Chr18|] and served as input for training different classifiers
to correct possible misdetections made by the detection algorithm. The ground truth
labels, indicating true or falsely detected transitions, were determined by the references of the
recorded datasets, respectively.

To identify the best pipeline in terms of classification performance, different combinations
of preprocessing and classification algorithms were compared. Two preprocessing approaches
were employed during this[MLEstep: scaling all features to a range of [0, 1] (Min-Max Scaler),
or scaling the features to have a distribution with a mean value of zero and a unit variance
(Standard Scaler). Four different classifiers were trained and investigated: k-NNI [DT] support
vector machine with linear basis function or support vector machine with radial
basis function (SVM-rbf]), and RE

All the different combinations of pipelines were evaluated using a five-fold nested cross-
validation (CV)) with non-overlapping groups as employed in previous work for the evaluation
of classification pipelines (e.g. [Ull123]). The evaluation process involved two loops: the inner
loop performed hyperparameter optimization, while the outer loop conducted the training and
evaluation of the classifiers. The F1-score was used as a metric for the optimization process.
An overview of the parameter search space for each classifier can be found in Tab. For

the [RE classifier, a randomized search with 1000 iterations was used, while a grid-search
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Table 4.2: Overview over the selected parameter search space for the classifiers for the
postprocessing of sit-to-stand (STS)) events. For the random forest a random search with 1000
experiments was conducted, for the others a grid-search was used.

Classifier \ Parameter Value range
k-NN neighbors (7,10, 15]
weights uniform, distance
Decision Tree criterion [gini, entropy, log,0ss]
max depth 8, 16]
Random Forest estimators [100, 200, 300...1000]
criterion lentropy, log,0ss, gini]
depth 8, 16]
features [0.33, sqrt, log2]
min samples split 2,5, 10]
max samples leaf [1,2,4]
SVC linear kernel C [—5,—4,-3, ..., 5]
SVC radial basis function C [—5,—4,-3, ..., 5]
gamma [scale, auto)

was performed for the other classifiers. The Python packages BioPsyKit [Ric21|] and scikit-
learn [Ped11]] were employed for training and evaluation of the MLl algorithms. For the final
classification, the classifier with the highest average F1-score across the outer[CV]folds was

chosen independently for each sensor position. These classifiers were then used to predict the
classes of the detected transitions.

4.5 Comparison of different sensor systems

In order to validate in the two-step approach described in the previous sections, which
involves parameter optimization and the application of a classifier, Dataset 2 was used. The
performance of the[STS|detection algorithm using this approach was evaluated on two different
systems: the NilsPod sensors and the [MU] integrated into the Signia hearing aids.
Before applying the algorithm to the data of the two sensor systems, preprocessing
steps were performed, which included synchronizing the two Signia sensors with the both

NilsPod sensors to enable comparability. This was achieved by identifying the synchronization
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movement performed at the beginning and end of the data recording within both sensor data
and the recorded video.

The synchronization point was defined as the moment when the chin reached the deepest
position during the first trial of nodding. This point was identified in the gyroscope data of
both sensors as a zero crossing from negative to positive on the x-axis. This axis corresponded
to movements to the side. In the video data, the frames were obtained by identifying the first
deepest point of nodding in both synchronization movements. Using these synchronization
indices, the data from the NilsPod sensors were labeled using the MadGUI [Ol122] interface.
Labels were set to identify the indices of the performed tests and transitions. These
labels served as the ground truth for validating the detected transitions and analyzing the
performance of the algorithm.

Following the labeling process, cross-correlation was performed on the data from both
sensor systems. First, the lags between both signals were computed using the norm of the
gyroscope data. Then, the correlation was calculated. With the correlation signals, the labels
set in the NilsPod data can be used for the Signia data. The labels were used as a reference
for validating the detected transitions. Due to the different sampling rates (NilsPod 204.8 Hz,
Signia 200 Hz) and the resulting data drift, the matching tolerance was increased for the
Signia data to four seconds around the reference time.

After completing these preprocessing steps for the signals, the algorithm by Adamow-
icz et al. with the optimized parameter set for the ear position and the additional classifier
for this position was applied. The performance was compared between the left and right

positions within each sensor system, as well as the performance between them.

4.6 Frailty prediction from STS features

To predict the frailty status, feature-based MLl classifiers were trained using only the [TP of the
detected [STS] transitions which were identified based on the references events of the dataset,
respectively. Feature estimation was performed using the Python package tsfresh [Chrl8].
The features were trained using the raw acceleration and gyroscope data from start to end of
the [TP of the detected transitions, similar to the training of the classifiers for optimizing
the algorithm. The extracted features provided by tsfresh were extended with the transition
duration and feature selection was done. These selected features were used as input for

training the classifiers that predict the frailty status.
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Figure 4.3: Overview over the used sit-to-stand (STS)) transitions from Dataset 2 and Dataset 3
for training the classifier for frailty prediction and the categorization of the used transitions.

To obtain the required input data, frail and non-frail participants were needed. Since the
participants within Dataset 3 were categorized into frail and pre-frail, additionally participants
of Dataset 2 were used for getting this group. The frailty status was assessed based on the
MUGI time, resulting in non-frail, pre-frail and frail participants. To increase statistical power,
the frail and pre-frail groups were combined into one for classification. For the participants
included in Dataset 2, only the data from the right Signia sensor were used. The transitions
performed during the [5xSTS]| within the were excluded from the prediction process, as
they were fast, consecutive, which distinguished them from the other transitions. Additionally,
participants in Dataset 3 did not perform the test. The used transitions from both
datasets and the categorization of these are shown in Fig.[4.3] Consequently, this led to 12
participants within the frail group and 13 participants (8 from Dataset 2 and 4 from Dataset
3) within the non-frail group, based on the time. For detection, the optimized
parameter set for the ear position was combined with the trained classifier for this position.

Similar to Chapter 4.4] different preprocessing approaches and classifiers were combined
to identify the best pipeline for frailty prediction. The min-max scaler and the standard
scaler were used for preprocessing. The k-NNJ the [DT], the the and the
[RE were trained and tested as classifiers. All pipeline combinations were evaluated using a
stratified four-fold cross-validation with non-overlapping groups. The inner loop was used for
hyperparameter optimization, while in the outer loop training and evaluation of the classifiers
was done. The selection of the best-performing classifier was based on the Fl-score. A

randomized search with 1000 iterations was used for the [RF classifier, and a grid-search was
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Table 4.3: Overview over the selected parameter search space for the classifiers for frailty
prediction. For the random forest a random search with 1000 experiments was conducted, for
the others a grid-search was used.

Classifier \ Parameter Value range
k-NN neighbors 2,4,6,...20]
weights uniform, distance
Decision Tree criterion lgini, entropy, logloss]
max depth 2,4,8,...20]
Random Forest estimators [100, 200, 300...1000]
criterion lentropy, logloss, gini]
depth [4,8,16]
features 10.33, sqrt, log2]
min samples split 2,4,6,8,10]
max samples leaf [1,2,4]
SVC linear kernel C [—5,—4,-3, ..., 5]
SVC radial basis function C [—5,—4,-3, ..., 5]
gamma [scale, auto]

employed for the others. An overview of the parameter search space is provided in Tab. 4.3
The classifier that achieved the highest average F1-score across the outer[CV]folds was chosen

for predicting the frailty status.

4.7 Evaluation

For the evaluation and validation of all used methods, several metrics were used, such as
F1-score, precision, and recall. For all metrics, the detected transitions by the algorithm
were validated with ground truth obtained from the reference labels in the different datasets.
Precision (also known as positive predictive value) serves as metric to evaluate the ability
of the algorithm to detect the transitions. It was calculated as the ratio of [TP| of the
detected to the sum of [TPland [FP| which corresponds to all detected events:

.. TP @.1)
precision = o :
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Recall (also known as sensitivity or true positive rate) is a metric that quantifies the ability
to identify all performed [STS] transitions correctly. It is defined as the ratio of [TPlto the sum
of TP and false negative (ENJ), which represents the total number of all performed events:

TP

recall = m—m (42)

The F1-score, which is the harmonic mean of precision and recall, provides a balanced
measure of the performance of the algorithm:
2 - precision - recall

Fl-score = — (4.3)
precision + recall

Additionally, for evaluating the performance of the classifier for frailty prediction, accuracy
was employed as metric. It is defined as the ratio of correctly predicted transitions (TPs and
true negatives (TNK)) to all predictions:

#correct predictions TP+TN

A = = 4.4
couracy #total predictions TP+TN+ FP+ FN (4.4)

Within Dataset 1, data from one participant were excluded from the data analysis due
to failed sensor synchronization. Additionally, two participants had missing data from the
ear-worn sensor. This resulted in data from 14 participants for the lower back and chest and
in 756 performed transitions within these two sensor positions. For the ear-worn sensor,
12 participants remained, resulting in 648 performed [STS transitions.

The comparison of the performance of the algorithm with the default and optimized
parameter sets within each sensor position was performed using all available data, respectively.
However, when comparing the three sensor positions lower back, chest, and ear, only the data
from participants with data available from all sensors were used, resulting in 12 participants.
The training and evaluation of the MI}based postprocessing step was also done using data
from these 12 participants.

Dataset 2 was used for evaluating the performance of the algorithm on healthy, old
participants. For this, data from all 21 participants were used, resulting in the analysis of 176
transitions. Additionally, the two different [MU]l systems were compared within the data of
this dataset and the performance of the algorithm on other sensor systems was evaluated. The
optimized parameter set and the best classifier for the ear position was used for this evaluation

and analysis, as the sensors were placed there.
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For evaluating the performance of the algorithm on older, frail participants, Dataset 3 was
used. Data from all four participants from both study parts were included, resulting in 49
transitions for day one, 66 performed transitions for day two and in total 115 transitions.

The acquired Dataset 3, combined with the participants from Dataset 2, was used for the
evaluation of the frailty status using the detected transitions. For assessing the frailty
status the frail and pre-frail participants of both datasets were combined in one group. For
the non-frail group transitions without the test of the non-frail participants from the
Dataset 2 were used resulting in 13 participants. The performance served as a reference

for the frailty status in both groups.






Chapter 5
Results and discussion

In the following chapter, a comprehensive analysis and discussion of all obtained results is
presented. Firstly, the results of the hyperparameter optimization are analyzed and discussed.
This is followed by an examination and discussion of the trained[MLlapproaches. Subsequently,
the validation of the two-step approach on Dataset 2 is presented, along with a comparison of
different [MUl systems. Finally, the results of the trained classifier for frailty prediction are

analyzed and discussed.

5.1 Algorithm optimization for different sensor positions

5.1.1 Results

The performance of the algorithm on the three positions lower back, chest, and ear was
evaluated using Dataset 1, which consists of young, healthy adults. First, the performance
of the default and optimized parameter sets within each sensor position was compared, the
results are shown in Tab. When applying the detection algorithm to the lower back
position using the default parameter sets, an Fl-score of 97.3 % was achieved. However,
after optimizing the hyperparameters on this position, the performance declined to 96.5 %.
In contrast, using the optimized parameter sets on the algorithm for chest and ear position,
both improved in performance. The F1-score for the chest sensor increased from 90.4 % to
91.7 %, while for the ear sensor it improved from 90.5 % to 95.1 %. Both increased F1-scores
were obtained from improved recall in the optimized parameter set compared to the default

parameter set.
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Table 5.1: Performance metrics of the default and optimized parameter sets, including the
number of true positives (TP), false positives (FP), and false negatives (FN). The highest
F1-scores for each sensor position are highlighted in bold.

Position ‘TP FP FN ‘ Precision Recall Fl-score

Default Lower back | 628 15 20 0.977 0.969 0.973
Chest 549 17 99 0.969 0.847 0.904
Ear 551 18 97 0.968 0.850 0.905

Optimized Lower back | 621 22 27 0.966 0.958  0.965
Chest 568 22 80 0.963 0.877 0917
Ear 635 52 13 0.924 0979  0.951

The F1-scores of the default and optimized parameter sets for the three different sensor
positions are visualized as boxplots in Fig. The plots include available data of Dataset 1
from all participants for each sensor, 14 participants for lower back and chest, and 12 for ear
position. Therefore, comparison from the plot is only reliable within each sensor position. The
boxplot for the lower back sensor with the optimized parameter set showed a higher variance
compared to the one with the default parameter set. Additionally, an outlier is observed in
the optimized results. Conversely, for chest and ear positions the boxplots for the optimized
parameter sets decreased in variance compared to the default parameter set. The outliers of
these positions are observed to be closer to the plots comparing the optimized parameter set

with the default one for both sensors, respectively.

Second, a comparison of the computed metrics between the different sensor positions
was done. Within this comparison, the lower back sensor maintained the overall highest
F1-score with 97.3 % with the default parameter set. Regarding the performance metrics of
the optimized parameter sets, the lower back sensor yielded also the highest F1-score with
96.5 %. The overall lowest performance with an F1-score of 90.4 % was recorded by the
chest sensor within the default parameter set. In terms of the other metrics, the ear-worn
sensor achieved the best overall recall with the optimized parameter set (97.9 %) and also the
lowest overall precision of 92.4 %. After optimization of the parameter sets, the number of
[EPl remained high across all sensor positions. Notably, the wrong detected transitions

occurred predominantly during daily tasks, as shown in Tab.[5.2]
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Figure 5.1: The boxplots were generated for default and optimized parameter sets, representing
individual Fl1-scores for each activity of each participant for the three sensor positions.
Outliers were omitted for visual clarity. The plots of lower back and chest position involved
14 participants, while the plot for the ear position included 12 participants.

5.1.2 Discussion

The first aim of this thesis was to optimize and validate an existing detection algorithm
for the three sensor positions lower back, chest, and ear. A focus was on validating the
performance of the algorithm on activities of daily living that involve movements similar to
transitions. With implementing a grid-search, an optimized parameter set was found for
each sensor position optimizing the performance of the algorithm for chest and ear positions.
Additionally, the evaluation indicated a lack of robust detection in real-world activities.

The algorithm by Adamowicz et al. [Ada20a]] was originally developed for the lower
back position. When applying this algorithm with the provided parameter set to other sensor
positions, a decrease in performance was observed compared to the original lower back
position. To address this issue, a grid-search was employed to optimize the parameter set for
all three sensor positions. This optimization led to improved performance of the algorithm
for chest and ear position, resulting in more detected transitions. However, for lower
back position the default parameter set outperformed the optimized parameter set.

A possible explanation for this could be that the algorithm by Adamowicz et al. was
already optimized for this position and the provided parameter set was already tuned on
F1-score for this position within their own dataset. This assumption is supported by the fact
that the F1-score of the lower back position using the default parameter set achieved the
best overall performance. In contrast to this, the F1-scores from the chest and ear position

improved after optimizing the parameter sets. This improvement in F1-score was primarily
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Table 5.2: Median and inter-quartile range (IQR) of the precision for the performed activity
of daily living in comparison to the chairs for the optimized parameter set of each sensor
position. The lower back and chest position involved 14 participants, whereas the ear position
included 12 participants.

Position Activity ‘Median IQR

Lower back Chairs 1.0 0.0
Daily tasks 1.0 0.5

Chest Chairs 1.0 0.0
Daily tasks | 0.75 0.5

Ear Chairs 1.0 0.0
Daily tasks | 0.75 0.5

based on an enhanced recall score due to fewer[FN] respectively. This indicated that more
real transitions were detected after optimizing the parameter set for both positions.

A closer examination of the performance within the different performed activities revealed
that the algorithm performed well for detecting the transitions of the different chairs
and sofas within all three sensor positions, showing few [ENland no [EPs. However, during
the simulated daily-life activities with [STSlnear movements, the algorithm showed a lack of
accuracy. All falsely detected transitions occurred during these daily tasks. This resulted in a
concern about the reliability of the detection algorithm within real-life situations and

unsupervised measurements.

Adamowicz et al. [Ada20a] achieved a recall of 94.7 % and a precision of 99 % within
their conducted lab study with data from young, healthy adults and the sensor placed on lower
back. Additionally, within the lab-based study on participants with[PD] the algorithm achieved
arecall of 85.3 % and precision of 98.8 %. Comparatively, the best performing sensor within
Dataset 1, which was the lower back sensor with the default parameter set, showed similar
results with a recall of 96.9 % and precision of 97.7 %. However, there were differences in
the protocols between the study from Adamowicz et al. and the study for Dataset 1. Both
studies conducted by Adamowicz et al. involved participants performing the test with
few additional natural transitions, while Dataset 1 contains participants performing five

consecutive normal transitions.
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Overall, the results showed that the algorithm by Adamowicz et al. [Ada20al] could be
applied to different sensor positions. However, it is necessary to adjust the parameter sets
individually for each position to achieve optimal performance. With this parameter adjustment,
the algorithm showed good performance within all positions. Each sensor position can be
used for specific monitoring tasks. Using a sensor worn at the chest provides the benefit of
capturing measurements enabling health analysis, such as postural dizziness [Hap21].
Ear-worn[IMUk, on the other hand, are promising for real-life assessment due to the possibility

to integrate them into commonly used devices such as hearing aids or earbuds.

5.2 Machine learning-based postprocessing of STS events

5.2.1 Results

Following the optimization of the hyperparameters for the detection algorithm for each
sensor position, the next step involved training classifiers to further enhance the performance
of the algorithm. The best-performing parameter sets, based on the F1-score, were selected
for each sensor position to be used for the [MIL}based post-processing step of the detected [STS|
events. Therefore, the default parameter set was used for the lower back position, while the
optimized parameter sets were employed for the chest and ear positions, respectively. Tab.
provides an overview of the performance metrics for all three sensor positions, both before
and after classification.

Among the four evaluated classifiers, the RH classifier showed the highest F1-score for
the lower back sensor, increasing it from 97.3 % to 98.4 %. This improvement in the F1-score
was primarily attributed to an increased precision from 97.7 % to 100 %. The recall score
for the lower back remained unchanged. For the chest sensor, the was the best
performing classifier. A similar F1-score was achieved compared to the metrics before the
classification step (91.8 % vs. 98.9 %). The improvement in F1-score comes from a slightly
increased precision score by 0.1 %, while the recall score remained the same. Lastly, for the
ear sensor, the [DT] classifier yielded the best performance. It achieved an F1-score of 98.9 %,
which was 3.8 % higher than before applying the classification step. This improvement can
be derived from an increase in precision from 92.4 % to 100 %, similar to the lower back
position. Consequently, the ear position exhibited the highest performance in F1-score among

all positions after the classification step.
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Table 5.3: Performance metrics before and after the classification of the detected sit-to-stand
(STYS) transitions of the three sensor positions. For this comparison, data from 12 participants
available in all positions were used.

Position \Precision Recall Fl-score

Lower back Before 0.977 0.969 0.973
After 1.000 0.969 0.984

Chest Before 0.963 0.877 0.917
After 0.964 0.877 0918

Ear Before | 0.924 0979  0.951
After 1.000 0.979  0.989

5.2.2 Discussion

After optimizing the algorithm on the three sensor positions lower back, chest, and ear
position, it was found that the algorithm was not robust in detecting [STSHike movements
during activities of daily living, resulting in a high number of [EP within all sensor positions.
To address this issue, a post-processing step was incorporated into the algorithm using the
best-performing parameter sets for each sensor position. A [MLlbased classifier was trained

specifically for each sensor position to improve precision and reduce [FPk.

The combination of the default parameter set and the classifier achieved 100 % precision
for the lower back position. This indicated that all falsely detected transitions (EP) were
eliminated successfully through classification. Similarly, the ear position achieved also a
precision of 100 % with the optimized parameter set combined with the best classifier for this
sensor position. This resulted in the ear position being the best performing sensor position
overall in terms of all three metrics, precision, recall, and F1-score. The precision for chest
position also improved slightly, but there remained [EPs after applying the classifier on the
algorithm with the optimized parameter set.

The achieved F1-score of over 98 % for lower back and ear position was higher compared
to the approach of the multilayer perceptrons-based classifier by Hellmers et al. [Hell9].
They achieved an Fl-score of 94.8 % using an worn on the lower back with older
participants performing the test. However, direct comparison is limited due to the
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different population characteristics and differently performed transitions. In a study with
comparable activities to Dataset 1, Zhang et al. [Zhal4] achieved a similar F1-score of 96 %
using a[SVM}based algorithm. However, the participants were older and a pendant [MU] was
employed for data recording.

Despite the improvements achieved by applying the classifier on the optimized
parameter sets in this thesis, there were still [ENl for all three sensor positions, indicating some
performed transitions were not detected by the two-step algorithm. It is important to
note that the two-step algorithm cannot reduce the number of [FN| since transitions undetected
by the algorithm in step one do not proceed to the classification step. However, this trade-off
was considered acceptable as the primary goal was to enhance the precision and eliminate the
[EPlin order to accurately assess the health status based on the detected [STS| transitions. This
is important in unsupervised and long-term measurements where the reliability of algorithm
results is crucial to avoid falsifying the health status with [FPks.

The incorporation of the classification post-processing step into the algorithm and combin-
ing it with the best-performing parameter sets resulted in more robust outcomes, particularly
for lower back and ear position. This makes the algorithm promising for real-world measure-

ments using the lower back and ear positions.

5.3 Comparison of different sensor systems

5.3.1 Results

For validation of the developed algorithm with the additional classifier step on a different
population than young, healthy adults, Dataset 2 was used containing older, healthy adults.
Additionally, a comparison of two different sensor systems was performed, as Dataset 2 con-
tains data from NilsPod IMU] and Signia [MUl (hearing aid integrated IMUk). The optimized
parameter set, along with the best classifier of the MLl process for the ear position, was used
to analyze the data.

The results of all four sensors are displayed in Tab. When comparing sensors of
the same system on the left and right ear, the ear-worn NilsPod sensors exhibited similar
performance. The differences in TP, [EP, and [EN| resulted in differences of around 1 p.p. in
all metrics. Specifically, the left sensor showed lower recall and the right sensor achieved

lower precision and F1-score. Comparing the left and right Signia sensors resulted in the
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Table 5.4: Performance metrics of all tested sensors including the NilsPod sensor on the
left and right position and the Signia sensor on the left and right position. The number of
detected true positive (TP)), false positive (EP)), and false negative (EN)) are listed. The sum of
transitions performed by all 21 participants is 176.

Sensor Position‘ TP FP FEN ‘ Precision Recall Fl-score
NilsPod  Left | 148 29 28 | 0.836  0.841  0.838

Right | 149 32 27 0.823 0.847  0.835

Signia Left 142 46 34 0.755 0.807  0.780
Right | 140 40 36 0.778 0.795 0.786

same differences. Recall was 1.2 p.p. lower for the right sensor, whereas precision was 2.3 p.p.
lower and F1-score was 0.6 p.p. lower for the left sensor.

The comparison between the different sensor systems indicated a slightly higher perfor-
mance for the NilsPod sensors within all metrics, including higher numbers of [TPs, lower
numbers of [ENk, and [EPs. Especially the number of [FP| was higher for both Signia sensors
compared to the NilsPod sensors. The left NilsPod demonstrated the lowest number of [EP]
whereas the left Signia sensor showed the highest falsely detected transitions.

5.3.2 Discussion

Dataset 2 was used for validating the previously developed two-step approach of the
detection algorithm for ear position. Results showed a lower performance compared to the
results obtained from the ear position within Dataset 1. This difference in performance could
be attributed to the fact that the algorithm was developed and optimized using data from
young adults, whereas Dataset 2 contains data from older adults. The two age groups display
variations in their standing up behavior. Due to typically having lower muscle strength, older
adults tend to employ an increased trunk movement as a compensatory mechanism when
standing up [Wall2]].

Besides the validation, a comparison between two different [MU] systems was done using
the data from Dataset 2. When comparing the left and right sensors within each system,

similar performance metrics were obtained. The differences observed were minimal, with
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only 1 p.p. differing in metrics for both the left and right NilsPod sensors. However, the
comparison results for the Signia sensors showed higher differences. Overall, both systems
demonstrated similar performance with a slightly higher F1-score of around 5 p.p. achieved
by the NilsPod sensors. Similar findings were reported by Abdollah et al. [Abd21]], where
different systems were used on chest and head positions during study conduction.
Preliminary investigations indicated no differences between the sensor readouts when placed

on the same body part.

The slight differences in performance within left and right sensors could be attributed to
head tilting during the transitions. As the advisor stood to the right or left side of the
subject during the examination, if the participant turned towards the examiner during the
process, it could have led to variations in the signals captured by the left and right sensors,

resulting in slightly different transition detection by the algorithm.

Overall, the performance of the Signia sensors was slightly lower compared to the Nilspod
sensors, despite minimal differences in sensor positions on both ears. This discrepancy in
performance was possibly due to the use of NilsPod data for setting the labels for the references.
Although the Signia data were correlated with the Nilspod data to incorporate the references,
the different sampling rates (NilsPod 204.8 Hz, Signia 200 Hz) may have caused a mismatch
in the timing of the references within the Signia data. This was tried to be compensated by
increasing the matching tolerance in the validation of the transitions. However, it cannot be

ruled out that this discrepancy contributed to an increased number of [EPs.

Examining all occurring [FPlmore closely, no specific pattern or prominent movements
were identified within the detected transitions classified as[FPl Video recordings of the partic-
ipants revealed that head movements particularly increased nodding during the instructions,
were noticeable. This increased nodding may have contributed to the higher number of [EPs
observed across all sensors. It is worth noting that the data collection for Dataset 2 took place
during the period of mandatory mask-wearing during the COVID-19 pandemic. In compari-
son to Dataset 1, which was recorded without masks and did not exhibit remarkable [FPs in the
ear sensor data, the presence of masks could potentially amplify gestures and head movements
to compensate for communication limitations. A study has indicated that found an increase
in hand gestures and movements during a speech when wearing masks [Kha22]. Additionally,
another study suggests the use of body language as an assistance to verbal communication,

including appropriate head movements such as tilting to the side or nodding [Mur21]].
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Table 5.5: Overview over the number of performed transitions on day 1 and 2 and in a total
of the study, with true positives (TP)), false positives [FP, and false negatives [FN] and the
corresponding metrics.

\ Transitions \ TP FP FN \ Precision Recall Fl-score

Day 1 49 17 1 33| 0944 0340 0.500
Day 2 66 10 8 56| 0556 0152 0239
Total | 115 [27 9 89| 0750 0233 0355

5.4 Frailty prediction from STS Features

54.1 Results
STS detection

First, the performance of the detection algorithm on Dataset 3 with old, frail participants
was investigated using the algorithm with the optimized parameter set in combination with the
best-performing classifier for ear position. The results were listed in Tab.[5.5] The algorithm
detected successfully 27 transitions out of 115 performed transitions within the two study
days, resulting in a low detection rate of 23.5 %. Overall, 36 transitions were detected by the
algorithm, whereas 9 transitions were identified as [FPl

On the first study day, 17 out of 49 performed transitions were detected by the algorithm
as [TP, and one additional false transition was detected. However, the performance of the
algorithm within the second day was lower, with 10 [TP and additional eight [FP| detected
transitions out of 66 performed transitions. The overall Fl-score was low with 35.5 %,

primarily due to the low recall of 23.3 %.

Frailty prediction

For training the classifier to predict frailty, only the true detected transitions were used. This
resulted in a dataset consisting of 83 transitions including 47 transitions from frail participants,
including 20 transitions from Dataset 2 and 27 transitions from Dataset 3. Additionally, 36

transitions from non-frail participants, all from Dataset 2, were included as input for the
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Figure 5.2: Confusion matrix yielded by the classifier for frailty prediction.

classifiers. Among the trained classifiers, the RE| performed best, achieving a precision of
82.1 Y% in predicting frailty. Only seven non-frail transitions were falsely classified as frail
transitions. Overall, 32 transitions out of the 47 were predicted as frail, resulting in 15
Therefore, the recall was 68.1 %, and the F1-score was 74.4 %. The results are shown in
the confusion matrix in Fig.[5.2] demonstrating an overall accuracy of 73.5 % in correctly
classifying the transitions. Specifically, the accuracy of correctly identifying frail transitions

was 68.1 %, while for non-frail transitions, 80.6 % were classified correctly.

5.4.2 Discussion

STS detection

Validating the performance of the algorithm on Dataset 3 with frail participants revealed a low
recall rate of 23.5 %. This indicates that a high number of performed [STS] transitions were
not detected by the algorithm, indicating limitations in accurately identifying all performed
transitions within frail participants. However, the algorithm showed better performance on
day one of the study compared to day two, particularly in terms of [EPs, which contributed to
a good precision rate of 94.4 %. Therefore, within the first day, one can rely more or less on
the fact that a detected transition was a real one. Unfortunately, many transitions were

missed throughout the recording, resulting in a low recall rate.
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The better performance within data from day one could be attributed to the participants
performing better transitions with rest periods in between, during which the small tasks
were performed. Additionally, the focus was not solely on the transitions. On day two, the
participants performed the transitions faster and consecutively, requiring greater effort.
This could contribute to the differences in the performance of the algorithm compared to
day one. Although attempts were made to incorporate rest periods on day two, they were

apparently not sufficient.

Frailty prediction

The initial plan was to apply the classifier for frailty prediction on the performed tran-
sitions identified by the algorithm within data of Dataset 3, with the assessed Fried Frailty
Index serving as the variable to be predicted. However, this approach was rejected due to
the small number of participants in Dataset 3 and the absence of non-frail individuals in
the study. Difficulties in recruiting participants from the retirement home resulted in the
few participants, and establishing further collaborations within the given time frame was
not possible. Consequently, Dataset 2 was additionally used to obtain the non-frail group
for frailty prediction. Nevertheless, the Fried Frailty Index was not acquired for Dataset 2.
Therefore, the duration time of the [TUGI test was employed to classify all participants from
both datasets (Dataset 2 and Dataset 3) into frail, pre-frail, and non-frail categories. For
training the classifiers for frailty prediction, the frail and pre-frail participants within Dataset

2 and 3 were combined into one group.

The trained classifier demonstrated good performance in predicting frailty based on the
detected transitions. It achieved a good precision rate, indicating a low number of
transitions falsely classified as frail. However, due to the small number of participants and
therefore a low number of transitions used for training the classifier, results have to be treated
with caution. The findings have to be seen as an initial approach to explore the differentiation
between the frail and non-frail groups. Additionally, a visual representation of the four most
important features in Fig. further supports the findings of the classifier. The graphic
indicates differences in the assessed features from the transitions between the two groups.
Specifically, it reveals that the non-frail transitions tend to display a more uniform pattern,
whereas the frail transitions are more scattered. This emphasizes the ability of the classifier

to predict the frailty status based on automatically detected transitions.
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The accuracy rate for correctly identifying the frailty status of a transition was 73.5 %.
Similar results were achieved by the classifier trained by Greene et al. [Gre14]|], which achieved
an accuracy of 72.88 %. In this study, a logistic regression model was trained for frailty
prediction using transitions obtained by the test.

Another study conducted by Millor et al. [Mill7] focused on frailty prediction using a
classification tree model and kinematic parameters. Their results showed an accuracy for the
non-frail group of 100 % and 70.1 % for the frail group. Participants were categorized into
non-frail, pre-frail, and frail groups, and transitions of the[30s CSTwere used for classification.

However, direct comparison between the studies is limited due to the different tests used
to obtain [STS] transitions for predicting frailty. Furthermore, Millor et al. [Mil17]] compared
the metrics specific to the different groups and did not provide an overall evaluation like in
this thesis. In this thesis, the accuracy of correctly frail detected transition was 68.1 % and
80.6 Y% of the non-frail transitions were classified correctly. These results demonstrate similar
performance within the frail group compared to Millor et al. [Mill7]. However, in this thesis,

the pre-frail and frail participants were combined into one group.
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Figure 5.3: The four most important features according to the selected features of feature
extraction of the detected sit-to-stand (STS) transitions for frailty prediction.
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Discussion and limitations

6.1 General discussion

The sit-to-stand (STS) detection algorithm developed by Adamowicz et al. [Ada20a] was
used within this thesis for the automatic detection of transitions. In a previously conducted
study, the algorithm with the default parameter set was applied to the sensor positions lower
back, chest, and ear to evaluate the performance. However, the two additional sensor positions
performed worse compared to the lower back. This was because the parameter set of the
algorithm was originally optimized to the lower back position. Therefore, a grid-search
was conducted in this thesis to optimize the parameter sets for the three sensor positions
lower back, chest, and ear. The results showed better performance for chest and ear sensors
using the optimized parameter sets on the algorithm. In contrast, the lower back sensor
remained better performance with the default parameter set. This was because the default
parameter set was developed for this position. Overall, the results showed that the algorithm

by Adamowicz et al. can be applied to different sensor positions when properly adjusted.

Further analysis of the results from the best-performing parameter sets focused on the
[EPL It was found that these false detected transitions occurred especially in the performed
daily tasks, which were selected because of [STSInear movements. These results limit the
use of this algorithm in unsupervised or real-world measurements. Therefore, a second
[ML}based postprocessing step was applied to the algorithm. This classification step improved
the performance on the lower back and ear positions, eliminating all [EPs, whereas the ear

position performed best comparing all three sensor positions.
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The ear position is beneficial for use in long-term measurements because they can be
integrated into devices many people already wear during their daily-life activities such as
headphones or hearing aids [Rod22]]. Therefore, validation of this two-step approach was
done for ear position using Dataset 2, which included a population of healthy older individuals.
Additionally, a comparison of different [MUl systems was performed. The NilsPod sensors
performed better compared to the Signia sensors. This could be due to the references set up
based on labels from the NilsPod data. The findings could be attributed to the development

of the two-step approach on the NilsPod sensor worn on the right side over the ear.

The performance detection algorithm with the two-step approach of the ear-worn
IMU]l was validated on data of older people, both healthy and frail. The algorithm performed
worse for Dataset 2 and Dataset 3 compared to the results of the ear position in Dataset 1. This
was due to a high number of [FPs and [FNk, emphasizing both missed true transitions and false
detected transitions. These discrepancies in performance could be attributed to differences in
motion patterns between the older adults and the younger ones. Older adults, who typically
have lower muscle strength, tend to stand up with more dynamic trunk movements [vanlg|.
This increased trunk use may be a compensatory mechanism due to the progress of muscular
decline during aging [Wall2]. Consequently, the algorithm performed worse by applying it

to data of older adults, as it was initially developed on young, healthy individuals.

These findings were also observed when visually analyzing the video recordings of
Dataset 2. Especially during the participants exhibited more trunk movement and
momentum when standing up. This behavior could be due to the compensation of lower leg
strength. Similar findings were also observed in Dataset 3. For the older frail population,
the algorithm detected only few transitions, resulting in a high number of [FNk. The

performance of the algorithm was worse for Dataset 3 compared to Dataset 2.

The detected transitions from participants in Dataset 2 and Dataset 3 were used for train-
ing the classifier for predicting frailty, combining the pre-frail and frail to one group. By
considering only the [TP| of the detected transitions, the classifier successfully differenti-
ated between frail and non-frail transitions, achieving a good precision rate and indicating
few misclassified transitions. This difference in the two groups was further confirmed by a
graphical analysis that revealed differences in features between the two groups, especially in
the distribution within both groups. Due to the limited dataset, these results indicate an initial

approach for predicting frailty with the two-step approach developed by the algorithm.
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6.2 Limitations

The used datasets for the investigations all have limitations as they were collected in laboratory
environments. However, attempts were made to get more natural settings. In Dataset 1,
daily-life activities were included within data recording to capture more natural movements.
However, performing five consecutive transitions followed by standing was deemed
unnatural. In real-live scenarios, participants would typically engage in activities like walking
after standing up. Within Dataset 2, only standardized tests were performed by participants.
The [TUGI test involved walking immediately after the transition, which aimed for a more
natural transition. However, the transitions during test differed from a typical
transition. Dataset 3 provided the most natural setting, with small tasks to be completed and
the transition serving as a means to reach the tasks on day one.

The optimization of the parameter sets and the additional classification step were per-
formed using Dataset 1. However, the lower performance of the algorithm on the other two
datasets, which consisted of different populations compared to Dataset 1, indicates that the
two-step approach may have been overfitted to the movement patterns of young, healthy adults.
This limitation may restrict its applicability to other populations, such as older adults who
exhibit different movement patterns during standing up, including more trunk movements.

Regarding the frailty prediction, the small number of participants available for training
the classifier represents a limitation. Only 12 participants were classified as frail, with eight
from Dataset 2 and four from Dataset 3. Additionally, Dataset 2 contributed 13 participants
classified as non-frail. This limited sample size restricts the reliability of the results. Moreover,
the frail group comprises participants from two different datasets, with participants of Dataset
3 performing a higher number of transitions, while the non-frail group consisted of more
participants, who performed fewer [STS|transitions. Another limiting factor is the low number
of performed transitions detected within Dataset 3. However, there were also few [FP| detected
transitions, indicating the reliability of the detected transition. Therefore, the results of the
classification and their interpretation should be treated with caution.

Overall, the frailty prediction can be seen as theoretical approach to investigate the
feasibility of such a prediction. The results obtained by the classifier, along with the graphical
representation showing the separation of frail and non-frail classes, provide initial insights
into the potential of the approach. The next step would involve acquiring additional data from

both frail and non-frail participants to further validate and evaluate the approach.






Chapter 7
Conclusion and outlook

This thesis addressed several objectives. The first aim was to optimize and evaluate the
performance of the detection algorithm proposed by Adamowicz et al. on the different
sensor positions lower back, chest, and ear. For this, an optimization process of the hyper-
parameters of the algorithm was done with a grid-search for each sensor position using the
previously existing dataset containing young, healthy adults (Dataset 1). The performance of
the positions was already good before optimization with the chest and ear position achieving
an F1-score above 90 %, and the lower back above 97 %. However, the optimization process
resulted in improved performance for the chest and ear position (F1-score 91.7 % and 95.1 %,
respectively). On the other hand, the performance of the lower back position did not improve,
as the parameter set of the algorithm was originally defined for this position. The lower
back sensor with the default parameter set showed the best F1-score with 97.3 % among all
positions and parameter sets. The enhanced performance of the chest and ear position with
the optimized parameter sets resulted from an enhanced recall, indicating fewer [ENL Overall,
the optimization process showed, that the algorithm by Adamowicz et al. could be adapted to
other sensor positions. Furthermore, by appropriately adjusting the parameter sets for each
new position, the already good performance could be further enhanced.

However, the algorithm showed reduced precision with the optimized parameter sets,
primarily due to a lack of performance within daily tasks resulting in falsely detected tran-
sitions. Therefore, an additional postprocessing step was developed. [ML] classifiers were
trained using the detected transitions for every sensor position to reduced the [FPs. This

resulted in a precision of 100 % for lower back and ear position, making the algorithm more
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robust, especially for real-world measurements. After applying the classifiers, the ear position
achieved the best performance with an F1-score of 98.9 %, indicating that this position could
be used in further investigations.

The next step of this thesis involved validating the ear position of the two-step development
of the algorithm by Adamowicz et al. using the previously existing Dataset 2 with older,
healthy adults. This dataset included data from two different systems: the NilsPod
sensor and the Signia hearing aid sensor. The performance of these two systems on the
algorithm was compared. Results showed a better performance of the NilsPod sensors
compared to the Signia sensors, resulting in a higher F1-score of around 5 % for both sensors,
respectively. This could be attributed to the fact, that the grid-search and the training of the
classifier were done based on data from a right NilsPod sensor. Additionally, the references
were not reliable for the Signia sensors, resulting in an overall lower performance compared
to the NilsPods. The lower performance of all four sensors in detecting [STS| transitions could
be due to the development of the algorithm with the two-step approach using data from young,
healthy participants.

Furthermore, the performance of the algorithm was validated on Dataset 3, which com-
prised older, frail participants. A study was conducted to assess data from these participants.
During this study, participants were required to perform several transitions on two sep-
arate days. These transitions were carried out as part of the test and were integrated
into different small tasks. The performance of the algorithm was even lower within this
Dataset 3 compared to the performance on Dataset 2. This could attributed to the fact that the
transitions performed by the frail participants differ even more from those of the young,
healthy ones compared to the older, healthy participants.

The last aim of this thesis was to assess the frailty status with the automatically detected
transitions. For this purpose, all (frail) participants from Dataset 3 and all ( frail and
non-frail) participants from Dataset 2 were selected to train a classifier for frailty prediction.
The trained classifier showed good performance in predicting frailty, achieving an F1-score
of 71.4 %. However, due to the limited number of participants and the combination of two
different datasets for frailty prediction, these results have to be treated with caution. A
graphic representation of the most important features underlines the results of the classifier
and demonstrated that there are differences in performing the transitions between the
non-frail and frail groups. Therefore, further investigations should be done to achieve a

reliable classifier for frailty prediction using more data for training the classifier.
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The developed two-step approach showed lower performance on Dataset 2 and Dataset 3,
which comprised different populations compared to Dataset 1. This suggests that the two-
step approach was overfitted to the movement patterns of young, healthy adults, limiting its
applicability to other populations. Therefore, in a further step, the grid-search for optimizing
the parameter set of the algorithm and the training of the [MLI classifier should be done
including a wider range of populations with participants from different age groups and health
status to get as much motion patterns for[STS|transitions as possible and to make the algorithm
more robust for different populations.

The approach of frailty prediction in this thesis showed, that there are differences in the
transitions of non-frail and frail participants. However, to develop a robust classifier, a larger
number of participants is needed. It is recommended to conduct a study with participants
representing all three stages of frailty: non-frail, pre-frail and frail.

Furthermore, it is recommended to conduct a real-life study to further investigate frailty
prediction in natural settings, potentially extending the study duration to assess the decline
in frailty over time and observe any differences in movement patterns. In these subsequent
studies, the frailty status of participants can be assessed using the Fried Frailty Index as the
gold standard, enabling a comparison with the frailty status determined by the classifier.

To enhance the planning of the study and to ensure reliable results, it would be beneficial
to recruit a larger number of participants who have to perform fewer [STS] transitions to ensure
that all can successfully complete the tasks. Despite these limitations, this thesis showed
promising results in predicting the frailty status based on detected transitions using
ear-worn [MUk. These sensors offer an unobtrusive placement suitable for everyday life and

can be integrated into hearing aids or earbuds.
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Study description



Study design:

“Evaluation der Erkennung von Gebrechlichkeit tiber Aufstehen in verschiedenen Alltagssituationen”

1.

General Information
1.1. Purpose

The aim of this study is to collect motion data from hearing aids for the development and
evaluation of an algorithm for assessing frailty based on sit-to-stand transitions.

The level of frailty has an impact on the sit-to-stand movement, which is already being
investigated in clinical tests. Frailty is a degenerative process, and therefore, information about
the frailty level can be drawn from standing up in daily living, enabling early detection of this
process.

In a previously conducted study, an algorithm for detecting sit-to-stand transfers using different
sensor positions was developed and evaluated on young, healthy adults.

The aim of this study is to transfer this existing algorithm to older adults and to assess the level of
frailty using the motion data. This data will be obtained using inertial measurement units
integrated in hearing aids (accelerometer and gyroscope) worn on the ear.

1.2. Participants & Requirements
- 30 Participants
- Inclusion criteria:
(1) Age > 60 years
(2) Ability to concentrate for 60 — 90 minutes
(3) Ability to stand up independently
(4) Willingness and ability to participate
- exclusion criteria
(1) Not able to stand um 15 times
(2) care level 5

1.3 Date & Location

- Pilot study: 26th May 2023

- Study: 8th May — 17th May 2023

- Duration: 60 min on day 1, 30 min on day 2

- Location: Haus Fronmiller, FronmullerstraBe 129, 90763 Fiirth

1.3. Sensor system

The sensors are ear-worn intertial measurement units (accelerometer and gyroscope). The
sensors are integrated into a hearing aid housing and do not affect the hearing ability of the
participants. The transitions were tracked using an app.



Figure 4: Station with cross word as task Figure 5: Picture to be described within a task from a
Video, min 0:11[1]

Day 2:

Figure 6: Small tasks within transitions on day two

[1] https://www.youtube.com/watch?v=NeMB6XFi9SMO



Zubehor fur Studie

Unterlagen pro Probanden:

- Studienprotokoll (Tag 1 und 2)
- Datenschutzbestimmung + Einverstandniserklarung
- Fragebdgen fir Probanden
o Fried Frailty Phenotype
SARC-F
CFS (vorab an Personal)
ASTS (2x)

O O O O

Material fir Aufnahme

- Handys (4) + Ladekabel + USB-C Kabel
- Horgerate

- Domes (versch. Grofden)

- Receiver (versch. GrofRen)

- Batterien

Material fir Aufgaben

- Memory

- Bausteine

- Kreuzwortratsel + Stift
- Puzzle

- Fineliner

- Balle

Sonstiges

- Skalen der Fragebdgen
- Handkraftmessgerat

- Klebeband

- Zollstock

- Laptop + Ladekabel

- Ordner fur Unterlagen



Studienprotokoll - TAG 1

VPN: Datum:

Versuchsleitung:

VORBEREITUNG

Fragebdgen bereitgelegt + beschriftet

Fragebogen CFS von Pflegekraften ausgefillt vorliegend (+ Einverstandniserklarung)
Sensor-1D, Handy-ID und VPN in Tabelle eingetragen

Studienhandy aufgeladen, neue Batterie fir Horgerat

O 0O oog o™

Stationen mit Aufgaben vorbereitet: 5 Tische mit Stiihlen (Kreuzwortratsel + Stift, Bausteine, Memory,
Videos auf Laptop, Puzzle)

O

Stuhl und Streckenmarkierung fiir TUG vorbereitet (Stuhlhdéhe ca. 46 cm, 3 m hin- und zurtick)

O

Strecke fur SPPB abgemessen und markiert (4 m)

O

Strecke fur Fried Frailty abgemessen und markiert (4,78 m) + Handkraftmessgerat bereit liegen

Start (Uhrzeit): __ :

] BegriiRung L] Ablauf erklart
FRAGEBOGEN
] CFS (vorab von Pilegepersonal ausgefillt) Punktzahl:
] SARC-F Punktzahl:
] ASTS Punktzahl:
L] Fried Frailty Punktzahl:
SENSOR ANBRINGEN Label: ,,Nothing

] Horgeratsensor: Verbinden in App, Title Messung: VPN + Tag 1, DataRate: 50
[ Start Messung

[1 Horgerat anbringen (rechtes Ohr) + Sitz Giberpriifen




Label: ,Walking“ jeweils fir einen

e Durchgang, danach: ,Nothing“

Durchfiihrung des TUG mdoglich?
I ja O nein

Dauer:

Gehilfe bendtigt?

; : Auswertung:
O 1a [ nein (Interpretation siehe Dokument , TUG®)

Wenn ja, folgende Gehhilfe:

0 = keine, 1 =1 Stock, 2 = 2 Stocke,
3 = 4-Punktstock, 4 = 1 Kriicke, 5 = 2 Kriicken,
6 = Rollator, 7 = Gehgestell, 8 = Rollstuhl

Label VOR jedem Aufstehen: ,Sitting®,

Nattrliches Aufstehen dazwischen: ,Nodding’

Durchgang 1
1 Memory (6 Paare)
] Bausteine (Dorf bauen)

O Video anschauen (Frage: Sieht man in dem Anzahl absolvierter Aufgaben:
Video verschiedene Tiere oder Landschaft?)

L1 Puzzle (Variante 1)

[ Kreuzwortratsel (2 min Timer)

Durchgang 2
] Memory 2 (6 Paare)

] Bausteine (hohen Turm bauen)
O Video anschauen (Frage: Sieht man in dem Anzahl absolvierter Aufgaben:

Video das Meer oder Baume?)

L] Puzzle (Variante 2)

L1 Kreuzwortratsel (2 min Timer)




Label: ,Running”
SPPB bei 5x STS: ,Talking”
nach Beenden: ,Nothing“
1. Balance-Test
Dauer: (max. 10 sek)
Geschlossener Stand
Punktzahl:
Dauer: (max. 10 sek)
Semi-Tandem Stand
Punktzahl:
Dauer: (max. 10 sek)
Tandem Stand
Punktzahl:
Auswertung: 10 Sek. — 1 Pkt., < 10 Sek. — 0 Pkt.
2. Gehgeschwindigkeit
4 m (2 Versuche: schnellerer z&hlt, Hilfsmittel erlaubt) Versuchl: (max.10sek)
Versuch 2: (max. 10 sek)
Bendtigtes Hilfsmittel: Punktzahl:

Auswertung:

4 Pkt. < 4.8 Sek, 3 Pkt. 4.8 — 6.2 Sek., 2 Pkt. 6.2 — 8.7 Sek., 1 Pkt. > 8.7 Sek., 0 Pkt. Nicht mdglich

3. Chair Stand Test

1x Aufstehen moglich?

O ja O nein Dauer: (max. 10 sek)
Punktzahl:
5x Aufstehen
(ohne Armlehnen, Arme vor Brust verschrankt)
Auswertung:

4 Pkt. < 11.2 Sek., 3 Pkt. 11.2 — 13.6 Sek., 2 Pkt. 13.7 — 16.6 Sek., 1 Pkt. > 16.6 Sek., 0 Pkt. > 60

Sek. oder nicht moglich

Summe Balance Test:
Summe 4-m Gehtest:

Summe CST:

Gesamtpunktzahl SPPB:




NACHBEREITUNG

[0 Sensor abnehmen

] Messung beenden (Horgerate-App)

[] Daten des Sensors sichern

[] alle Punktzahlen fiir Tests eingetragen

[J Checkliste in Studienordner abgeheftet + Studienprotokoll abgeheftet
Fir Langzeitmessung:

1 Sensor-ID + Handy-ID + VPN in Tabelle eintragen

1 Sensor mit Handy fiir Langzeitmessung verbinden

1 Sensor anbringen + Pfleger/Proband einweisen

] Messung starten

Anmerkungen:




Studienprotokoll — TAG 2

VPN: Datum:

Versuchsleitung:

VORBEREITUNG

] Fragebogen bereitgelegt + beschriftet
[0 Sensor-ID, Handy-ID und VPN in Tabelle eintragen

[ Studienhandy aufgeladen, neue Batterie fiir Hérgerat
[J 3 verschiedene Stuhltypen vorbereiten + kleine Aufgaben in Reichweite (Stifte und Bélle)
[ Stuhl und Streckenmarkierung fiir TUG vorbereitet (Stuhlhéhe ca. 46 cm, 3 m hin- und zuriick)

[ Strecke fur SPPB abgemessen und markiert (4 m)

Start (Uhrzeit): __: _

] BegriiRung 1 Ablauf erklart

FRAGEBOGEN

] ASTS Punktzahl:

SENSOR ANBRINGEN Label: ,Nothing*“

[ Horgeratsensor: Verbinden, Title Messung: VPN + Tag 2, DataRate: 50
[] Start Messung

L1 Horgerat anbringen (rechtes Ohr) + Sitz iberpriifen




Label: ,Walking*“

e nach beiden Durchgéngen: ,Nothing*

Durchfihrung des TUG mdglich?
1 ja O nein

Dauer:

Gehilfe bengtigt?

; ; Auswertung:
O ja [ nein (Interpretation siehe Dokument , TUG®)

Wenn ja, folgende Gehhilfe:

0 = keine, 1 = 1 Stock, 2 = 2 Stocke,
3 = 4-Punktstock, 4 = 1 Kriicke, 5 = 2 Kriicken,
6 = Rollator, 7 = Gehgestell, 8 = Rollstuhl

Label VOR jedem
5 x Aufstehen Aufstehen: ,Sitting”,
dazwischen: ,Nodding"

7

. Normalhéhe, ohn . .
Reihenfolge: ormainonhe, onne Anzahl absolvierter Transitionen:
Armlehne
Reihenfolge: Sofa Anzahl absolvierter Transitionen:
Normalhthe, mit
Reihenfolge: Armlehne Anzahl absolvierter Transitionen:

Label: ,Running”
SPPB bei 5x STS: , Talking*
nach Beenden: ,Nothing*“
1. Balance-Test
Dauer: (max. 10 sek)
Geschlossener Stand
Punktzahl:
Dauer: (max. 10 sek)
Semi-Tandem Stand
Punktzahl:
Dauer: (max. 10 sek)
Tandem Stand
Punktzahl:

Auswertung: 10 Sek. — 1 Pkt., < 10 Sek. — 0 Pkt.




2. Gehgeschwindigkeit

4 m (2 Versuche: schnellerer zahlt, Hilfsmittel erlaubt) Versuch 1: (max. 10 sek)

Versuch 2: (max. 10 sek)
Bendotigtes Hilfsmittel:

Punktzahl:

Auswertung:
4 Pkt. < 4.8 Sek, 3 Pkt. 4.8 — 6.2 Sek., 2 Pkt. 6.2 — 8.7 Sek., 1 Pkt. > 8.7 Sek., 0 Pkt. Nicht moglich

3. Chair Stand Test

1x Aufstehen moglich?
[ ja [ nein Dauer: (max. 10 sek)
Punktzahl:

5x Aufstehen
(ohne Armlehnen, Arme vor Brust verschréankt)

Auswertung:
4 Pkt. < 11.2 Sek., 3 Pkt. 11.2 — 13.6 Sek., 2 Pkt. 13.7 — 16.6 Sek., 1 Pkt. > 16.6 Sek., 0 Pkt. > 60
Sek. oder nicht moglich

Summe Balance Test:
Summe 4-m Gehtest:

Summe CST:

Gesamtpunktzahl SPPB:

NACHBEREITUNG

[0 Sensor abnehmen

[ Messung beenden (Horgerate-App)

[J Daten des Sensors sichern
[1 alle Punktzahlen firr Tests eingetragen

[ Checkliste in Studienordner abgeheftet + Studienprotokoll abgeheftet

Anmerkungen:
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Appendix B

Acronyms

[AUC [area under curvel

IMU Inertial Measurement Unitl

[imed up and go]

30s CSTI [30 seconds chair stand test

S VM| |support vector machine|

ML [Machine Learning]

[five times sit-to-stand|

ICWTI [continuous wavelet transforml

[k-NN [k-nearest neighbour]

[principal component analysis|

[Short Physical Performance Battery]

rue positive
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false positive
EN| [false negative
[TN] [true negative

[PAR-Q] [Physcial Activity Readiness Questionnaire

DT decision tree]

S VM-lin| [support vector machine with linear basis function|

SVM-rbfl support vector machine with radial basis function|

[RE! random foresf

[cross-validation

[ECGI [electrocardiogramm)|

PEDI [physical frailty phenotype]

[Clinical Frailty Scale

ASTY| [aktuelle Stimmungsskalal

[Fried Frailty Phenotype]

[PHQ-§] [Patient Health Questionnaire]

[APT [application programming interface]

[high-performance cluster]

SPARC] [spectral arc length|

AU [Friedrich-Alexander-Universitit Erlangen-Niirnberg]|
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