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Abstract

This thesis introduces a system that continuously keeps track of the functional
status of older adults through monitoring their behaviour, physical parameters,
and mobility in their domestic environments in daily life. Functional decline in
older adults can lead to a loss in independence and an increased need of care. As
a consequence, moving to a nursing home may be indicated. Moving to a nurs-
ing home may has a negative impact on the three innate psychological needs of
humans For the purpose of enabling older adults independently living in their own
homes for longer, the system links data from unobtrusive and privacy preserving
ambient and wearable sensors to five items of the International Classification of
Functioning, Disability and Health (ICF), developed by the World Health Orga-
nization (WHO), from three categories and measures their change over time.
The linking was realised by one Deep Neural Network (DNN), linear regression
models, and a new unsupervised concept drift detection algorithm which com-
bined a Variational Autoencoder (VAE) with a statistical hypothesis test. Based
on the information provided by the system, health care professionals can design
individualised rehabilitation programmes and monitor their effect. Moreover, the
activities of daily living where assistance is needed can be identified and pointed
assistance can be provided. Data from 20 (pre–)frail older adults (aged ≥75y) col-
lected during a 10–month observational randomised pilot intervention study was
used for evaluation. The DNN achieved an accuracy of 94.27 % and 95.79 %
on predicting the Short Physical Performance Battery (SPPB) and Timed Up &
Go (TUG) score respectively. The linear regression model was able to detect all
significant weight changes related to malnutrition and all abnormal days were
correctly recognised by the unsupervised concept drift detection algorithm and
hence the system provides useful information for health care professionals.
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Kurzzusammenfassung

In dieser Arbeit wurde ein System zur kontinuierlichen Beobachtung des funk-
tionalen Zustands älterer Menschen im täglichen Leben entwickelt. Das System
beobachtet das Verhalten, physische Parameter und die Mobilität im Bereich
des täglichen Lebens. Funktionaler Abbau im Alter führt zu einer erhöhten
Abhängigkeit bis hin zu einem notwendigen Umzug in eine Einrichtung des
betreuten Wohnens oder ein Pflegeheim. Insbesondere letzteres kann negative
Auswirkungen auf die drei psychologischen Grundbedürfnisse von Menschen
haben. Das System kann in den häuslichen Umgebungen von älteren Menschen
installiert werden, um es ihnen zu ermöglichen länger dort zu leben. Es verbindet
Daten von Hausautomations-, Energie- und tragbaren Sensoren, die die Privat-
sphäre nur minimal beeinträchtigen, mit fünf verschiedenen Kategorien aus drei
Kapiteln des Internationale Klassifikation der Funktionsfähigkeit, Behinderung
und Gesundheit (ICF) der Weltgesundheitsorganisation (WHO). Die Kategorien
und ihr Verlauf werden mit Hilfe eines tiefen neuronalen Netzes, einem Regres-
sionsmodells und einem neu entwickelten Algorithmus, der ein probalistisches
neurales Netz mit einem statistischen Hypothesentest kombiniert gemessen. Diese
Informationen kann geschultes medizinisches Personal nutzen, um individual-
isierte Rehabilitationsmaßnahmen zu konzipieren, einzuleiten und ihren Effekt zu
überprüfen. Außerdem kann das System Situationen, in denen ältere Menschen
Unterstützung benötigen, identifizieren, damit gezielt unterstützt werden kann.
Mit den Daten von 20 über 75–jährigen und gebrechlichen Teilnehmern*innen,
mit Frailty Syndrom oder im Vorstadium (pre–frail), einer 10–monatigen ran-
domisierten Interventionspilotstudie wurde das System evaluiert. Das tiefe neu-
ronale Netz erreichte eine Genauigkeit von 94,27 % und 95,79 % bei der
Vorhersage von Short Physical Performance Battery (SPPB) und Timed Up & Go
(TUG) Ergebnissen und das Regressionsmodell war in der Lage alle signifikanten
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x Kurzzusammenfassung

auf Mangelernährung hindeutenden Gewichtsveränderungen zu erkennen. Außer-
dem konnte der neu entwickelte Algorithmus alle von der Norm abweichende
Tage korrekt identifizieren. Die Ergebnisse haben gezeigt, dass es wertvolle
Informationen für medizinisches Personal bereitstellt.



Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 A Deep Learning Approach for TUG and SPPB Score
Prediction of (Pre–) Frail Older Adults on Real—Life IMU
Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3 Detecting Impending Malnutrition of (Pre–) Frail Older
Adults in Domestic Smart Home Environments . . . . . . . . . . . . . . . . . . 31

4 Using Sensor Graphs for Monitoring the Effect
on the Performance of the OTAGO Exercise Program in Older
Adults . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5 Unsupervised Statistical Concept Drift Detection for Behaviour
Abnormality Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6 A System for Monitoring the Functional Status of Older
Adults in Daily Life . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

7 General Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

xi



List of Figures

Figure 2.1 The deep neural network used for this research. Each
sensor modality had its own input. The inner structure
of the blocks are shown in Figure 2.2 . . . . . . . . . . . . . . . . . . . 13

Figure 2.2 The blocks of the deep neural network. Details
about the blocks and the layer parameters can be found
in the Tables A1–A6 in Appendix A . . . . . . . . . . . . . . . . . . . . 14

Figure 2.3 The ROC curve of the TUG model . . . . . . . . . . . . . . . . . . . . . 16
Figure 2.4 The ROC curve of the SPPB model . . . . . . . . . . . . . . . . . . . . 17
Figure 2.5 The loss of the TUG model. For the first 25 epochs

the loss indicates that the learning rate is slightly too
large. From epoch 25 the progress shows an asymptotic
behaviour . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

Figure 2.6 The loss of the SPPB model. For the first 25 epochs
the loss indicates that the learning rate is slightly too
large. From epoch 25 the progress shows an asymptotic
behaviour . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

Figure 2.7 The accuracy of the TUG model. According
to the progress of the loss, the accuracy fluctuates
in the first 25 epochs and shows an asymptotic
behaviour after epoch 25. The best validation accuracy
score was 95.89% at epoch 52 . . . . . . . . . . . . . . . . . . . . . . . . . 19

Figure 2.8 The accuracy of the SPPB model. According
to the progress of the loss, the accuracy fluctuates
in the first 25 epochs and shows an asymptotic
behaviour after epoch 25. The best validation accuracy
score was 94.29% at epoch 67 . . . . . . . . . . . . . . . . . . . . . . . . . 20

xiii



xiv List of Figures

Figure 3.1 The flats of two participants of the OTAGO study. The
layout and size of the flats are different and so are
the installed sensors. In the right flat a great variety
of sensors were installed, especially in the kitchen
and the hallway . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

Figure 3.2 The progress of the body weight of the used subcohort
over the whole study duration. Gaps in the graphs
indicate missing values. The numbers in the legend are
the participant IDs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

Figure 3.3 The first month of participant 1. Gain in body weight
(61.9–69.0 kg), decrease in HGS (24.0– 23.0 kg),
increase in the KPI (≈10–15 min). HGS: Hand Grip
Strength, KPI: Key Performance Indicator. . . . . . . . . . . . . . . . 46

Figure 3.4 The sixth month of participant 1. Gain in body weight
smaller than 1% (69.5–70.0 kg) and considered
as no change, decrease in HGS (22.0–21.7 kg),
nearly constant KPI (≈12–13 min). HGS: Hand Grip
Strength, KPI: Key Performance Indicator. . . . . . . . . . . . . . . . 47

Figure 3.5 The second month of participant 4. Significant loss
in body weight (54.1–48.8 kg), decrease in HGS
(12.0–11.3 kg), increase in the KPI (≈39–76 min).
HGS: Hand Grip Strength, KPI: Key Performance
Indicator. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

Figure 3.6 The third month of participant 4. Loss in body weight
(48.8–47.4 kg), decrease in HGS (11.3– 11.0 kg),
increase in the KPI (≈36–88 min). HGS: Hand Grip
Strength, KPI: Key Performance Indicator. . . . . . . . . . . . . . . . 48

Figure 4.1 The flat of participant 6. The boxes indicate
the position of the motion sensors, and the shades
the recorded area . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

Figure 4.2 The sensor graph of the flat (Figure 4.1) of participant
6 with the baseline weights . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Figure 4.3 The fitted lines of the relative SPPB scores in points.
The scale on the y-axis is the MCID . . . . . . . . . . . . . . . . . . . . 67

Figure 4.4 The fitted lines of the relative TUG time in s . . . . . . . . . . . . 67
Figure 4.5 The fitted lines of the difference in % of the daily

sensor graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
Figure 5.1 A flat of a participant of the OTAGO study . . . . . . . . . . . . . . 80



List of Figures xv

Figure 5.2 One example of an activity probability map
of a kitchen. Hours 5 and 6 show high probabilities
for using the toaster, the hot plate and the kettle . . . . . . . . . . 81

Figure 5.3 One example of an activity probability map of a living
room. The power consumption sensor was attached
to a multi socket where a lamp and a radio were
connected to . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

Figure 5.4 The illustration of our unsupervised statistical concept
drift detection approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

Figure 5.5 The illustration of our VAE. The used activation
function was the sigmoid function and the used
optimiser was ADAM with an initial learning rate
of 1×10−4 and an exponential decay after the 5th
epoch. The training was automatically stopped,
if no improvement of the validation loss larger
than 0.001 was found within 5 epochs . . . . . . . . . . . . . . . . . . 85

Figure 5.6 The four typical drift types we used for validating our
method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

Figure 5.7 The drift of the distributions of participant 1. After
beginning the chemotherapy no normal day is found
using 1σ for testing the H0. The left histograms
show the distributions at the beginning and the right
at the end of the study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

Figure 5.8 The drift of the distributions of participant 16. After
beginning the chemotherapy no normal day is found
using 1σ for testing the H0. The left histograms
show the distributions at the beginning and the right
at the end of the study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

Figure 6.1 An illustration of one of the flats, which was equipped
with the sensor system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

Figure 6.2 The disease model used as foundation of the ICF15 . . . . . . . 102
Figure 6.3 The final system comprised of three components . . . . . . . . . 103
Figure 6.4 Activity probability map of participant 1’s kitchen

for day 1 [34] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
Figure 6.5 The system outputs of Mr. Mueller for month 0–9 . . . . . . . . 107
Figure 6.6 The system outputs of Mrs. Winter for month 0–9 . . . . . . . . 108



List of Tables

Table 2.1 The baseline characteristics of the study cohort . . . . . . . . . . 10
Table 2.2 The characteristics at the end of the study cohort . . . . . . . . . 10
Table 2.3 This table shows the number of windows for each

class of the SPPB and the TUG assessments. The
range of the TUG score is smaller than the range
of the SPPB score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

Table 2.4 This table shows the number of windows for participant
16 who was excluded from the training set . . . . . . . . . . . . . . 12

Table 2.5 This table shows the number of windows for participant
19 who was excluded from the training set. Score
2 of the SPPB were not considered for evaluation,
because the model for the SPPB was not trained
with class 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

Table 2.6 The accuracy on the test set and the two excluded
participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

Table 2.7 The specificity and sensitivity for each TUG score
on the test set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

Table 2.8 The specificity and sensitivity for each considered
SPPB score on the test set . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

Table 2.9 The confusion matrix of the TUG model. The class
with the least false classifications is 1 and the class
with the most false classifications is 3. t = true label,
p = predicted label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

xvii



xviii List of Tables

Table 2.10 The confusion matrix of the SPPB model. The class
with the least false classifications is 3 and the class
with the most false classifications is 9. t = true label,
p = predicted label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

Table 2.11 The confusion matrix of the TUG for participant
16. The participant scores 2 and 3, but not 1. The
most values are in class 2. Due to the imbalance
the accuracy is high, but the performance is low. t =
true label, p = predicted label . . . . . . . . . . . . . . . . . . . . . . . . . 22

Table 2.12 The confusion matrix for SPPB of participant 16. The
only class with correct predictions is class 4. t = true
label, p = predicted label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

Table 2.13 The confusion matrix for TUG of participant 19.
The model is not able to distinguish between score 3
and score 2 for this participant. t = true label, p =
predicted label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

Table 2.14 The confusion matrix for SPPB of participant 19.
This participant was the only one with a SPPB score
of 2. Since the model was not trained to classify this
score, the values for score 2 were not considered
for classification. t = true label, p = predicted label . . . . . . 23

Table 3.1 The characteristics of the study cohort at baseline (T0) . . . . 37
Table 3.2 The characteristics of the study cohort at the end (T10) . . . 37
Table 3.3 The characteristics of the used subcohort at baseline

(T0) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
Table 3.4 The characteristics of the used subcohort at the end

(T10) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
Table 3.5 The results of the correlation analysis for participant 1 . . . . 42
Table 3.6 The results of the correlation analysis for participant 2 . . . . 42
Table 3.7 The results of the correlation analysis for participant 3 . . . . 43
Table 3.8 The results of the correlation analysis for participant 4 . . . . 43
Table 3.9 The results of the correlation analysis for participant 5 . . . . 43
Table 3.10 The results of the correlation analysis for participant 6 . . . . 44
Table 3.11 The results of the correlation analysis for participant 7 . . . . 44
Table 3.12 The results of the correlation analysis for participant 8 . . . . 45
Table 3.13 The results of the correlation analysis for participant 9. . . . . 45
Table 3.14 The results of the correlation analysis for participant 10 . . . 46
Table 4.1 The baseline/end characteristics of the cohort . . . . . . . . . . . . 60


