DISS. ETH NO. 29231

Enabling Objective Fatigue
Quantification in Neurological
Patients Through Mobile
Technologies

A thesis submitted to attain the degree of

DOCTOR OF SCIENCES of ETH ZURICH
(Dr. sc. ETH Zurich)

presented by
Liliana Leonor Barrios Aparicio
MSc UZH in Informatics
University of Zurich

born on 15.11.1989
citizen of the Bolivarian Republic of Venezuela

accepted on the recommendation of
Prof. Dr. Christian Holz, examiner
Prof. Dr. Cecilia Mascolo, co-examiner
Prof. Dr. Gunnar Ritsch, co-examiner
Dr. med. Andreas Lutterotti, co-examiner

2023



i



Abstract

The increasing computational capabilities of smartphones and wearable devices create
the opportunity to change patient monitoring strategies in medical care, particularly for
symptoms that, until now, have been challenging to assess, such as fatigue. Fatigue
is a highly prevalent and debilitating symptom of several chronic conditions. Patients
often describe it as extreme exhaustion that interferes with their daily life and manifests
physically or cognitively. Yet, despite its high prevalence and devastating consequences,
little is known about the symptom, and no effective treatment is available. Several factors
affect our understanding of fatigue. Of those, we highlight three. First, patients’ follow-up
after a medical consultation is frequently limited to one-time point assessments separated
by weeks or even months, creating a knowledge gap for physicians. Second, fatigue
is commonly assessed through questionnaires, which are known to be unreliable and
introduce bias, given their subjective nature. Third, fatigue’s objective component, known
as fatigability, is often neglected. Fatigability has been defined as the objective decline in
performance during a cognitive or physical task. While there have been attempts to use
digital technologies for better fatigue characterization, their focus is mainly on presenting a
digital version of existing fatigue questionnaires.

This dissertation contributes technical innovation and exploration toward ubiquitous, more
frequent, and remote fatigue monitoring in multiple sclerosis patients using smartphones
and wearable devices. This technology has the potential to enable long-term and accurate
disease progression monitoring. We devise new fatigability measurement methods and
study their association with subjective fatigue. We hypothesize that the objective decline in
performance (fatigability) can be measured using smartphones for both fatigue’s physical
and cognitive components. Moreover, we hypothesize that these measurements are valid
outside the clinical setting and are associated with perceived fatigue measured with standard
questionnaires. We conduct five different studies to test our hypotheses.

First, we propose a technique to objectively quantify motor fatigability using a commodity
smartphone. Our method comprises a simple exertion task requiring rapid alternating finger
tapping. Typically, motor fatigability is assessed using a handgrip dynamometer. This
approach has been proven valid and accurate but requires special equipment and trained
personnel. Our feasibility study with multiple sclerosis (MS) patients and healthy controls
shows an association between our approach and the baseline handgrip method, providing a
first step toward more frequent and remote monitoring. Second, we explore the association
between tapping-derived metrics and perceived fatigue assessed with two standard clinical
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scales. We conduct a two-week in-the-wild study with MS patients to evaluate the approach.
Our novel smartphone-based fatigue metric, mean tapping frequency, objectively ranks
perceived fatigue according to both fatigue scales. These results demonstrate that our
approach is feasible and valid in uncontrolled environments.

Third, we introduce the cognitive fatigability assessment test (CFAST), a novel smartphone-
based test to quantify cognitive fatigability. In our validation study, we classify MS patients
as fatigued and non-fatigued using a clinical fatigue scale that allows the differentiation
between physical and cognitive fatigue. The results reveal that our fatigability metric
shows a statistically significant difference between the fatigued and non-fatigued groups. In
particular, cognitively-fatigued patients decline in performance, while non-fatigued patients
improve. Our results indicate that cFAST may potentially serve as a surrogate for subjective
cognitive fatigue.

Continuous measurement of heart rate (HR) and heart rate variability (HRV) using com-
mercially available wearable sensors provides the opportunity to improve remote patient
monitoring. However, standard wearable devices use photoplethysmography (PPG) to de-
rive HR and HRYV data. It is yet unclear to which extent PPG signals can be used as a proxy
for data collected using medical-grade devices. In a new study, we consider five consumer
devices measuring HR and two devices measuring HRV and compare their signals with
the output of standard electrocardiography (ECG) Holter monitor. Results from our study
with 14 participants who followed a 55 minutes protocol show that PPG is a valid proxy
for both HR and standard time- and frequency-domain measurements of HRV. Further, we
demonstrate that wearable devices are suitable for monitoring both HR and HRV in daily
life but might be limited during strenuous exercise. Finally, we introduce our fatigue data
set, which comprises data from 55 MS patients and 25 controls. The data set was gathered
during a two-week in-the-wild study, where participants used our monitoring infrastructure,
including a smartphone application and companion wearable device. With this data, we
provide a first glimpse into the capabilities of wearable devices for monitoring fatigue.

We conclude this dissertation with a discussion and outlook to the future. We believe
remote monitoring will be part of routine medical care. In particular, objective fatigue
quantification will play a significant role in understanding fatigue and developing effective
therapies. We hope that our work provides a relevant contribution in that direction.
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Zusammenfassung

Die immer groeren Rechenkapazitidten von Smartphones und tragbaren Geriten bieten
die Moglichkeit, aktuelle Strategien zur medizinischen Patienteniiberwachung anzupassen
und zu verbessern. Insbesondere bei schwer beurteilbaren Krankheitssymptomen, wie zum
Beispiel der chronischen Miidigkeit (Fatigue), konnten neue technische Hilfsmittel helfen,
um die Patienteniiberwachung zu erleichtern. Fatigue ist ein weit verbreitetes Symptom
bei verschiedenen chronischen Erkrankungen. Patienten beschreiben Fatigue oft als extre-
me Erschopfung, die ihren Tagesverlauf beeintrichtigt und sich korperlich oder kognitiv
dussert. Doch trotz der hohen Pridvalenz und den schwerwiegenden Auswirkungen ist nur
wenig iiber Fatigue bekannt, und es gibt bis jetzt keine wirksame Behandlung. Mehrere
Faktoren erschweren unser Verstindnis von Fatigue. Erstens beschrénkt sich die Nachbeob-
achtung von Patienten nach einer drztlichen Konsultation hdufig auf punktuelle Kontrollen
im Abstand von Wochen oder sogar Monaten, was eine Wissensliicke fiir Arzte darstellt.
Zweitens wird Fatigue in der Regel anhand von Fragebdgen bewertet, die bekanntermassen
unzuverldssig sind und aufgrund ihres subjektiven Charakters zu Unregelmissigkeiten fiih-
ren konnen. Drittens wird die objektive Komponente der Fatigue, genannt Fatigability, oft
vernachldssigt. Fatigability ist als objektiver Leistungsabfall wihrend einer bestimmten Zeit
bei einer Aufgabenausfiihrung definiert. Existierende Projekte, welche digitale Technologi-
en einsetzen, um Fatigue zu erkennen, beschrinken sich hauptsichlich auf die Darstellung
bestehender Fragebogen. Daher stellt sich die Frage, ob es bessere Moglichkeiten gibe, um
digitale Technologien bei der Uberwachung von Fatigue einzusetzen.

Diese Dissertation stellt neue Technologien und Strategien zur Uberwachung von Fatigue
mithilfe von Smartphones und tragbaren Geriten bei Multiple-Sklerose-Patienten vor.
Unsere Methoden haben das Potenzial, eine langfristige und genaue Uberwachung des
Krankheitsverlaufs zu ermoglichen. Wir entwickeln neue Methoden zur Messung der
Fatigue und untersuchen ihren Zusammenhang mit der subjektiven Fatigue. Wir stellen die
Hypothese auf, dass der objektive Leistungsabfall (Fatigability) mit Hilfe von Smartphones
sowohl fiir die korperlichen als auch fiir die kognitiven Komponenten der Fatigue gemessen
werden kann. Ferner stellen wir die Hypothese auf, dass diese Messungen auch ausserhalb
des klinischen Umfelds giiltig sind und mit der wahrgenommenen Fatigue in Verbindung
stehen, welche mit Standardfragebogen gemessen wird. Wir fiihrten fiinf verschiedene
Studien durch, um diese Hypothesen zu testen.

Im ersten Teil dieser Dissertation stellen wir eine Technik zur objektiven Quantifizierung der
motorischen Fatigue mit einem handelsiiblichen Smartphone vor. Die Methode umfasst eine



einfache Anstrengungsaufgabe, die ein schnelles und abwechselndes Fingertippen erfordert.
Normalerweise wird die motorische Fatigue mit einem Handgriffdynamometer gemessen.
Dieser Ansatz hat sich als korrekt und genau erwiesen, erfordert jedoch eine spezielle
Ausriistung und geschultes Personal. Unsere Machbarkeitsstudie mit Multiple-Sklerose-
Patienten (MS-Patienten) und gesunden Kontrollpersonen zeigt einen Zusammenhang
zwischen unserem Ansatz und der grundlegenden Handgriffmethode, was einen ersten
Schritt in Richtung einer hdufigeren Ferniiberwachung darstellt.

Im zweiten Teil untersuchen wir den Zusammenhang zwischen den durch das Fingertippen
gewonnenen Messwerten und der wahrgenommenen Fatigue, gemessen mit den Standard-
Fatigue-Skalen. Wir fithrten eine zweiwochige Studie mit MS-Patienten durch, um den
Ansatz zu evaluieren. Unsere neuartige Fatigue-Skala basierend auf der mittleren Finger-
tipprate stuft die wahrgenommene Fatigue objektiv nach den zwei Standard-Fatigue-Skalen
ein. Die Ergebnisse zeigen, dass unser Ansatz in unkontrollierten Umgebungen praktikabel
und valide ist.

Im dritten Teil stellen wir einen neuen Test zur Bewertung der kognitiven Fatigue (cFAST)
vor, welcher nur auf einem Smartphone basiert. In unserer Validierungsstudie klassifizieren
wir MS-Patienten als betroffen von Fatigue oder als nicht betroffen von Fatigue. Die
Ergebnisse zeigen, dass unsere Fatigue-Skala einen statistisch signifikanten Unterschied
zwischen den zwei Gruppen aufweist. Insbesondere bei Patienten mit kognitiver Fatigue
sinkt die Leistung, wihrend sie sich bei den nicht betroffenen Patienten verbessert. Unsere
Ergebnisse deuten darauf hin, dass cFAST moglicherweise als Surrogat fiir die subjektive
kognitive Fatigue dienen kann.

Im vierten Teil analysieren wir die kontinuierliche Messung der Herzfrequenz (HR) und
der Herzfrequenzvariabilitit (HRV) mit handelsiiblichen tragbaren Sensoren, da diese
Geriite eine bessere Ferniiberwachung von Patienten ermdglichen. Handelsiibliche tragbare
Gerite verwenden jedoch die Photoplethysmographie (PPG), um Daten zu HR und HRV
abzuleiten. Es ist noch unklar, inwieweit solche PPG-Signale als Ersatz fiir Daten von
medizinisch zertifizierten Gerdten genommen werden konnen. In unserer Studie haben
wir fiinf Consumer-Gerite zur Bewertung der Signalqualitéit der Herzfrequenz und zwei
Gerite zur Messung der Herzfrequenzvariabilitit (HRV) untersucht und mit einem Standard-
Elektrokardiographie-Holter-Monitor verglichen. Die Ergebnisse unserer Studie zeigen,
dass PPG ein giiltiger Ersatz sowohl fiir die Herzfrequenz als auch fiir Standardmessungen
im Zeit- und Frequenzbereich der HRV ist. Dariiber hinaus zeigen wir, dass tragbare Gerite
fiir die Uberwachung von HR und HRV im Alltag geeignet sind, aber bei anstrengender
korperlicher Betitigung eingeschrinkt sein kdnnen.

Im letzten Teil stellen wir unseren Fatigue-Datensatz vor, der Daten von 55 MS-Patienten
und 25 Kontrollpersonen umfasst. Der Datensatz wurde im Rahmen einer zweiwdchigen
Studie erhoben, bei der die Teilnehmer unsere Smartphone-Anwendung und ein zusitzliches
tragbares Gerit nutzten. Mit diesen Daten geben wir einen Einblick in die Méglichkeiten
von tragbaren Geriiten zur Uberwachung der Fatigue. Wir schlieBen diese Dissertation mit
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einer Diskussion und einem Ausblick fiir mogliche zukiinftige Arbeit in diesem Forschungs-
bereich ab. Wir glauben, dass die Ferniiberwachung Teil der medizinischen Routinever-
sorgung sein wird. Wir glauben auch, dass die objektive Uberwachung der Fatigue eine
wichtige Rolle fiir das Verstindnis der Fatigue und die Entwicklung wirksamer Therapien
spielen wird. Wir hoffen, dass unsere Arbeit einen wichtigen Beitrag in diese Richtung
leistet.
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CHAPTEHR

Introduction

1.1. Motivation

User acceptance of consumer-wearable devices has increased significantly in recent
years, especially for monitoring physical activity and sleep. In parallel, there is
growing interest in mobile health (mHealth), the adoption of mobile computing
technologies such as smartphones and wearable devices in health care [Kelli et al.,
2017]. Traditional health care has often been limited to one-time assessments that
evaluate the health status of patients during single medical consultations. Mobile and
wearable technologies have the potential to overcome this limitation with their ability
to perform more regular or continuous monitoring. This is particularly interesting
in chronic conditions where monitoring patients’ vital signs over extended periods
could lead to a better understanding and management of symptoms that, until now,
have been challenging to assess, such as fatigue.

Fatigue is a common symptom of many diseases caused by viral infections [del
Rio and Malani, 2020; Townsend et al., 2020; Perrin et al., 2020], autoimmunity
[Belza, 1995; Hewlett et al., 2005], cancer [Mitchell, 2010; Spelten et al., 2003],
neurodegenerative [Friedman and Friedman, 1993] and cardiovascular disease [Falk
et al., 2007; Casillas et al., 2006]. Patients often describe it as extreme exhaustion that
presents either physically or cognitively. Up to 30% of individuals with COVID-19
suffer from this debilitating symptom even weeks following the acute disease [del
Rio and Malani, 2020; Townsend et al., 2020; Perrin et al., 2020]. Despite its high
prevalence, fatigue’s pathogenesis remains uncertain, and no approved therapy is
available yet [Kluger et al., 2013; Krupp, 2003; Rudroff et al., 2016]. The lack
of objective measurements to quantify fatigue is a significant obstacle to better
understanding the symptom.
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Fatigue detection technologies can improve fatigue management and are not limited
to chronic conditions. For example, they could also benefit other industries where
workers’ fitness is vital for safety (e.g., transportation). Several studies have shown
a significant association between fatigue and an increased risk of accident and
injury [Williamson et al., 2011]. Most organizations from the transportation domain
implement controls and schedules which protect employees from extreme tiredness.
However, there are no guarantees that employees comply with these regulations or
that self-reported "fitness-for-duty" data policies are reliable [Dawson et al., 2014].
Therefore, fatigue detection has the potential to identify unacceptable tiredness levels
and notify the employees or the responsible organization [Dawson et al., 2014].

We focus our attention on fatigue as a primary symptom of diseases, precisely, as a
symptom of Multiple Sclerosis (MS). MS is an autoimmune disease characterized by
recurrent inflammation in areas of the central nervous system [Mireia and Roland,
20051, which comprises the brain, spinal cord, and optic nerves. With an estimate
of over 2.8 million patients affected worldwide [Society, 2018], MS is one of the
leading causes of neurological disability in young adults. Fatigue is one of the
most prevalent symptoms of MS; 75-95% of MS patients have reported fatigue
at some point [John et al., 1994; Lauren and Dean, 1996; Anners et al., 2007;
Kobelt et al., 2017]. There is no cure for MS. However, the latest MS disease-
modifying therapies (DMTs) reduce the damage to the nerves and keep the disease
stable by reducing inflammation and the number of relapses. These therapies have
been shown to be effective. But, despite receiving DMTs and having the disease
under control, fatigue continues to be a common complaint in patients, making MS a
suitable candidate for studying fatigue. Furthermore, MS patients are typically young
adults, which makes them an attractive population to explore the development of
digital solutions.

Mobile applications and self-tracking are some of the tools MS patients adopt
when confronted with an MS diagnosis. According to research, MS application
functionality usually includes disease monitoring, fitness tracking, and life jour-
naling [Giunti et al., 2017; Ayobi et al., 2017]. Pharmaceutical companies have
as well developed different mobile applications targeting MS. Some examples in-
clude Floodlight — Genentech [2023], Aby — Biogen [2023], and SymTrac — No-
vartis [2023]. Although many MS-related applications exist, they focus mainly on
self-management and displaying informational videos. Similarly, there are specific ap-
plications for fatigue quantification and management, but they rely on existing fatigue
questionnaires and do not aim to quantify the symptom objectively [GAIA, 2023;
Giunti, 2023]. Thus, we use MS as the target group in this dissertation to investi-
gate and develop new fatigue quantification tools based on digital technologies. We
hypothesize that such solutions can later be used in other diseases with fatigue as a
primary debilitating symptom.
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Fatigue
cognitive or physical

COMPONENT —>|  subjective objective
MANIFESTATION SEIEITVEE SEEMIENES
fatli;ue fatigability
MEASURAMENTS questionnaires no standard

Figure 1.1.: Fatigue conceptualization overview. Fatigue’s subjective component, which
manifests as perceived fatigue, is measured with questionnaires, while fatigue’s
objective component, which manifests as performance fatigability, has no
standard measurement approach.

1.2. Problem Setting

In research, fatigue has been defined as the subjective feeling of overwhelming ex-
haustion and tiredness and can manifest as a physical and cognitive symptom [Krupp
et al., 2007]. As displayed in Figure 1.1, fatigue consists of a subjective and an
objective component. The symptom is still poorly understood, and its severity is
mainly assessed through its subjective component. This subjective component man-
ifests in patients as the perception of fatigue (perceived fatigue). Currently, this is
measured using questionnaires such as the Fatigue Severity Scale (FSS) [Krupp et
al., 1989], Modified Fatigue Impact Scale (MFIS) [Téllez et al., 20051, and Fatigue
Scale for Motor and Cognitive Functions (FSMC) [Penner et al., 2009]. Over a dozen
fatigue questionnaires are available and used as patient-reported outcome measures
in clinical trials [Penner and Paul, 2017]. Their heterogeneity and subjective nature
are challenging for using them as outcome measures in clinical trials and comparing
results’ efficacy across different studies. The shortcomings of current fatigue assess-
ments have been discussed in several studies [Schwid et al., 2002; Kluger et al., 2013;
Braley and Chervin, 2010]. Schwid et al. [2002] state that current fatigue assessment
methods rely on subjective self-reporting questionnaires, which can be confounded
by other symptoms and require difficult retrospective analysis. Additionally, Kluger
et al. [2013] pointed out the need for an agreed-upon definition of the term "fatigue”
in many of those studies. The authors state that the lack of a unified taxonomy and
assessment methods hampers progress in understanding fatigue. We follow Kluger
et al. [2013]’s definition of fatigue as "the subjective sensations of weariness and
increased sense of effort”.

The role of fatigue’s objective component has gained more attention in recent
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years (refer to Figure 1.1 right side). Researchers have suggested that fatigue is
associated with fatigability [Dobkin, 2008; Steens et al., 2012; Loy et al., 2017;
Wolkorte et al., 2015; Zijdewind et al., 2016]. Wolkorte et al. [2015] have highlighted
the importance of including fatigability in the models to explain perceived fatigue in
patients with MS. Kluger et al. [2013] define fatigability as “the magnitude or rate
of change in a performance criterion relative to a reference value over a given time
of task performance”. Fatigability is further divided into the motor and cognitive
domains. Establishing an association between objective fatigability and subjective
fatigue is an important goal for clinical research but has been proven difficult [Kluger
et al., 2013]. Dobkin [2008] argued that fatigability could redefine our understanding
of fatigue, because many symptoms of fatigue may be a consequence of demonstrable
fatigability, but this has rarely been assessed. Existing methods to evaluate fatiga-
bility pose technical problems and require well-controlled experiments or expensive
machinery [Dobkin, 2008]. As highlighted in Figure 1.1, no standard fatigability
measurements exist. The most common approach to assess physical fatigability is
with a handgrip dynamometer, while cognitive fatigability has been assessed through
prolonged cognitive examination. Therefore, finding ubiquitous and inexpensive
ways to measure fatigability could be beneficial to understand fatigue and support
the unmet medical need for the development of objective measurements to quantify
fatigue.

Other attempts to better characterize fatigue have been to study alteration of the auto-
nomic nervous system (ANS), which regulates involuntary physiological processes in-
cluding heart rate, blood pressure, respiration, and digestion [Waxenbaum et al., 2019;
Florea and Cohn, 2014]. The ANS divides into the sympathetic nervous system,
responsible for the body’s "fight or flight" response, and the parasympathetic ner-
vous system, associated with "rest and digest." MS-related inflammation also af-
fects the ANS [Racosta and Kimpinski, 2016; Adamec and Habek, 20131, resulting
in autonomic dysfunction (AD). Studies suggest a link between fatigue and au-
tonomic dysfunction in MS [Keselbrener et al., 2000; Flachenecker et al., 2003;
Merkelbach et al., 2001]. A common approach to assessing AD is measuring cardiac
dysfunction through heart rate variability (HRV) metrics [Malik, 1996]. HRV con-
sists of changes in the time intervals between consecutive heartbeats called interbeat
intervals (IBIs) [Shaffer and Ginsberg, 2017]. However, AD measurements related
to the cardiovascular system are often limited by standard assessment methods (e.g.,
electrocardiogram (ECG) or ECG Holter). Thus, state-of-the-art wearables capa-
ble of measuring IBIs would allow noninvasive and quantitative evaluations of MS
autonomic dysfunction, which until now has been challenging to achieve.

In this dissertation, we seek to develop objective fatigue quantification measurements
using mobile and wearable sensor data. Such measurements could aid in under-
standing how fatigue manifests in the patient’s everyday life. Our goal is to enable
the prediction of fatigue events, which in the future can lead to improvements in
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patients’ quality of life and the implementation of personalized health. Ultimately, we
envision a system based on smartphone and wearable sensors that allows longitudinal
surveillance.

1.3. Principal Contributions

In the following, we list the main technical contributions of the work presented in
this thesis:

Rapid tapping on smartphones to assess motor fatigability

Our first contribution is the develop-
ment of a new physical fatigability
assessment. Our approach utilizes
the ubiquitousness of smartphones in
conjunction with a simple exertion
task to assess the user’s motor fatiga-
bility via alternate finger tapping. In
an experiment with 20 MS patients
and 35 controls, we compare our ap-
proach with a standard fatigability as-
sessment done with a handgrip dynamometer (Figure 1.2). We show that the partici-
pants’ performance decreases during the tapping task. Moreover, this performance
decay correlates with the decrease in grip strength measured with the handgrip dy-
namometer for patients and control. We further show that this correlation is already
present in the first 30 seconds of the tapping task, suggesting that performing the
tapping task for 30 seconds is sufficient to measure motor fatigability.

Figure 1.2.: Methods for validation of new ob-
jective fatigability metric.

Rapid tapping associated to fatigue in unsupervised settings

Our second contribution is devel-
oping a new objective and reliable
measure of motor fatigability com-
puted from raw tapping data and
demonstrating its usability and va-
lidity when performed outside con-
trolled settings and without medical
supervision. We conducted a two-
week in-the-wild study with 35 MS
patients. The participants performed Figure 1.3.: Study methods for the associa-
tion between perceived fatigue
and objective fatigue.
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a 30 s tapping task once per day. Us-

ing this data, we introduced a new

metric to assess motor fatigability:

tapping frequency. We showed that our new metric is a valid method to assess
motor fatigability in the wild by comparing it to strength decline using a handgrip dy-
namometer. Following, we show an association between fapping frequency and two
widely accepted and validated fatigue questionnaires in MS patients: FSS (AUCgoc
X = .81 +.05) and FSMC (AUCgroc X = .76 +.05.). Figure 1.3 depicts part of
the study methods for this validation: (1) clinically validated fatigue scale (left) and
tapping task (right). Our smartphone-based tapping task and the derived metric have
the opportunity to be used regularly by patients outside the clinic and more frequently
than currently done in the medical routine. Being an objective method, it also opens
the potential for quantifying the direct effects of therapeutic interventions, which is a
clear advantage over currently used questionnaires [Nourbakhsh et al., 2021].

Cognitive fatigability assessment test (cFAST)

Our third contribution is designing
and implementing a new instrument
for objectively quantifying cogni-
tive fatigability, which we named
cFAST. In a prospective multidisci-
plinary trial, we evaluated the new
tool by studying its association with
perceived cognitive fatigue measured
through the validated FSMC cogni-
tive subscale (Figure 1.4). Results Figure 1.4.: Study methods: fatigue question-
from this study confirm an associ- naire (left), cFASt (right).

ation between our objective assess-

ment (CFAST) and subjective fatigue. Such an objective measure that serves as a
surrogate of perceived fatigue could greatly help our understanding of fatigue and

allow the objective monitoring of cognitive fatigue. Furthermore, to our knowledge,

ours is the first study to introduce an instrument specifically designed to quantify cog-
nitive fatigability. Thus, cFAST circumvents previous studies’ limitations: (1) using
standard cognitive tests to assess cognitive fatigability and (2) requiring long testing
sessions. In addition, the proposed test was designed and implemented to investigate
patient-reported outcomes in an uncontrolled, real-world application outside of the
clinic, with the goal of providing important insights for patient management. Hence,

the methodology can potentially be used in clinical trials, interventional studies, and
routine patient care.
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Wearable selection and Cronico fatigue data set

Our last contribution is the construc-
tion of our fatigue data set com-
prised of 55 MS patients and 25 con-
trols. This data set was collected us-
ing smartphone and wearable data
with our Cronico monitoring system
during a two-week in-the-wild study
(Figure 1.5). Our system includes two
types of monitoring approaches: ac-
tive and passive. In active monitor-
ing, patients interact with our system
to complete a task (e.g., fatigability
task) or provide input, such as com-
pleting a fatigue questionnaire at a
given time. In passive monitoring,
our system collects contextual infor-
mation about the patient’s behavior and environment, such as the patient’s vital signs,
activity level, and weather conditions. As the first step to achieving this contribu-
tion, we had to find suitable commercially-available wearable devices that allowed
continuous monitoring of patients’ vitals over extended periods. Additionally, we
needed to verify the validity of important parameters, such as heart rate and heart
rate variability, that would enable us to quantify autonomic dysfunction and study its
association with perceived fatigue. Following this, we designed and implemented our
monitoring system. Chapter 7 presents preliminary results of the association between
passive data and perceived fatigue. Cronico’s fatigue data set is now being used for
data exploration as part of an ETH — Personalized Health and Related Technologies
(PHRT) grant.
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Figure 1.5.: Devices used for gathering our
fatigue dataset (Cronico app, two
Everion devices and data syn-
cronization app).

1.4. Dissertation Outline and Contributions Statement

This dissertation consists of three parts (I) physical fatigue, (II) cognitive fatigue,
and (III) the use of wearables for unsupervised monitoring. Below, we show the
dissertation outline in chapters with the corresponding contributions statements. The
work presented is in the intersection of computer science and medicine. Andreas
Lutterotti was the advisor from the medical domain while Christian Holz was the
advisor for the computer science-related aspects of this dissertation. The contributions
presented in this thesis were partly made by others. Unless otherwise mentioned, the
work presented in this thesis is the author’s original work.



Introduction

Chapter 2 provides an overview of related work on physical fatigability,
finger tapping for impairment quantification, cognitive fatigability, wearables
for unsupervised monitoring, and smartphone-based application for health
monitoring.

Chapter 3 introduces rapid alternating finger tapping on smartphones as a
novel physical fatigability test. We compare our approach against maximal
voluntary contraction (MVC) with a handgrip dynamometer in a controlled
study including multiple sclerosis patients and a control group.

Contribution statement: As part of his Master thesis, Pietro Oldrati contributed
to aspects of the analysis of the task. The data analysis methodology origi-
nated from discussions with David Lindlbauer. In addition, Marc Hilty and
Helen Hayward-Koennecke contributed to the medical domain knowledge
and patient recruitment.

Chapter 4 revisits the rapid tapping as fatigability test. It describes our
two-week in-the-wild study on MS patients for studying the feasibility of
establishing rapid tapping on smartphones as a proxy for subjective fatigue
measured with two clinically-accepted fatigue scales.

Contribution statement: Pietro Oldrati contributed to parts of the analysis. The
data analysis presentation originated from discussions with David Lindlbauer.
Marc Hilty helped in the data recruitment and discussions.

Chapter S introduces a novel test to quantify cognitive fatigability, the cogni-
tive fatigability assessment test (cFAST). Furthermore, the chapter shows the
feasibility of establishing cFAST and a proxy for subjective cognitive fatigue
through a controlled study with MS patients.

Contribution statement: Pietro Oldrati contributed to the specification and
implementation of the test. Rok Amon and Marc Hilty helped with data
gathering and medical discussions.

Chapter 6 presents a protocol and study for the validation PPG-derived HR
and HRV metrics extracted from different off-the-shelf wearables devices and
compares them to a standard ECG medical-grade Holter.

Contribution statement: Pietro Oldrati contributed to parts of the analysis.
Silvia Santini contributed to discussions of data presentation.

Chapter 7 introduces Cronico, a multidimensional fatigue monitoring plat-
form including a wearable for physiological sensing and a smartphone appli-
cation with the developed fatigability tests as well as different questionnaires
to quantify subjective symptoms (i.e., sleep, fatigue and stress). Furthermore,
this chapter introduces the Cronico dataset, which contains data from our
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two-week study for remote fatigue monitoring with the platform. The result-
ing dataset includes 55 MS patients and 25 controls, different data sources
gathered with Cronico, and patients’ medical data.

Contribution statement: Cronico’s development started back in 2017. Pietro
Oldrati contributed to its implementation and the implementation of the phys-
iological data pre-processing pipeline. Marc Hilty contributed with patient
recruitment, medical domain input, and contributed to the HRV data pipeline
development.

All the mentioned collaborators received co-authorship on the related publications.

1.5. Publications

In the context of this thesis, the following peer-reviewed publications have been
accepted:

Liliana Barrios, Pietro Oldrati, Silvia Santini, Andreas Lutterotti. Recog-
nizing Digital Biomarkers for Fatigue Assessment in Patients with Multiple
Sclerosis. Proceedings of EAI International Conference on Pervasive Comput-
ing Technologies for Healthcare (EAI PervasiveHealth). New York, United
States. May 21-24, 2018 [Barrios et al., 2018].

Liliana Barrios, Pietro Oldrati, Silvia Santini, Andreas Lutterotti. Evaluat-
ing the accuracy of heart rate sensors based on photoplethysmography for
in-the-wild analysis. Proceedings of EAI International Conference on Perva-
sive Computing Technologies for Healthcare (EAI PervasiveHealth). Pages
251-261. Trento, Italy. May 20-23, 2019 [Barrios et al., 2019].

Liliana Barrios, Pietro Oldrati, David Lindlbauer, Marc Hilty, Helen
Hayward-Koennecke, Christian Holz, Andreas Lutterotti. A Rapid Tapping
Task on Commodity Smartphones to Assess Motor Fatigability. Proceedings
of the ACM Conference on Human Factors in Computing Systems (CHI).
Pages 1-10. Hawaii, United States. April 25-30, 2020 [Barrios et al., 2020].

Liliana Barrios, Pietro Oldrati, Marc Hilty, David Lindlbauer, Christian Holz,
Andreas Lutterotti. Smartphone-Based Tapping Frequency as a Surrogate for
Perceived Fatigue. An in-the-Wild Feasibility Study in Multiple Sclerosis
Patients. The Proceedings of the ACM on Interactive, Mobile, Wearable and
Ubiquitous Technologies (IMWUT). Volume 5, Issue 3, Article No.: 89, pp
1-30. September 2021 [Barrios et al., 2021].
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Marc Hilty, Pietro Oldrati, Liliana Barrios, Tamara Miiller, Claudia Blumer,
Magdalena Foege, PHRT consortium, Christian Holz, Andreas Lutterotti. Con-
tinuous monitoring with wearables in multiple sclerosis reveals an association
of cardiac autonomic dysfunction with disease severity. Multiple Sclerosis

Journal — Experimental, Translational and Clinical. June 2022 [Hilty et al.,
2022].

Liliana Barrios, Rok Amon, Pietro Oldrati, Marc Hilty, Christian Holz, An-
dreas Lutterotti. Cognitive fatigability assessment test (CFAST): development
of a new instrument to assess cognitive fatigability and pilot study on its

association to perceived fatigue in multiple sclerosis. SAGE journals, Digital
Health. August 2022 [Barrios et al., 2022].

Further planned publications that resulted from the data set gathered in the clinical
studies conducted during my Ph.D. include:

[in preparation] Max Mobus, Pietro Oldrati, Marc Hilty, Christian Holz,
Liliana Barrios. The Autonomic Nervous System as a Driver for Sleep
Quality: The Impact of Multiple Sclerosis. npj Digital Medicine. 2023.

[in preparation] Max Mdobus, Shkurta Gashi, Marc Hilty, PHRT consortium,
Christian Holz. Sensor-Based Assessment of Fatigue in Patients with Multiple
Sclerosis: a two-week intensive longitudinal study. Lancet Digital Health.
2023.

[in preparation] Shkurta Gashi, Max Mobus, Pietro Oldrati, Marc Hilty,
PHRT Consortium, Christian Holz. Multiple Sclerosis Diagnosis from Smart-
phone and Wearable Sensor Data in Free-Living Environments. npj Digital
Medicine 2023.

The Cronico dataset that resulted from our two-week in-the-wild study with MS
patients is now being utilized for data exploration as part of a Personalized Health
and Related Technologies (PHRT) grant.

Further publications that were conducted during the course of the Ph.D. research but
are out of the scope of this dissertation are listed below:
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Vincent Becker, Pietro Oldrati, Liliana Barrios, Gabor Soros. TouchSense:
Classifying and Measuring the Force of Finger Touches with an Electromyog-
raphy Armband. Proceedings of ACM International Conference Augmented
Human. Article No.: 34 Pages 1-3. February 2018. (Poster)

Vincent Becker, Pietro Oldrati, Liliana Barrios, Gabor Soros. TouchSense:
Classifying Finger Touches and Measuring their Force with an Electromyog-
raphy Armband. Proceedings of the 2021 ACM International Symposium on
Wearable Computers. Pages 1-8. Singapore. October 8 - 12, 2018.
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Sarah Faltaous, Gabriel Haas, Liliana Barrios, Andreas Seiderer, Sebastian
Felix Rauh, Han Joo Chae, Stefan Schneegass, Florian Alt. BrainShare: A
Glimpse of Social Interaction for Locked-in Syndrome Patients. Proceedings
of the ACM Conference on Human Factors in Computing Systems (CHI).
Paper No.: LBWO0155. Pages 1-6. May 2019. (Extended Abstract)
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Related Work

2.1,

In this section, we review relevant related work from the fields of fatigue and fati-
gability measurements, applications of finger-tapping tests, and smartphone-based
health monitoring and position our work in comparison to existing research in the
field.

Motor Fatigability

Motor fatigability has been quantified as the decline in peak performance, power, or
speed during physical activity [Schwid et al., 2003]. While there is no established
methodology to measure fatigability, it has been assessed through walking (e.g.,
a 6-minute walking test [Goldman et al., 2008]), handgrip strength [Severijns et
al., 2015], and a knee dynamometer [Surakka et al., 2004]. Most studies have
applied maximal voluntary contractions (MVCs) within a given time limit to assess
motor fatigability [Severijns et al., 2017; Severijns et al., 2015; Schwid et al., 1999;
Djaldetti et al., 1996; Steens et al., 2012; Clarke, 1986], requiring patients to exert
pressure on a handgrip over a given time.

Several ways to quantify fatigue during maximal voluntary contraction with a hand-
grip dynamometer have been proposed. According to Schwid et al. [1999], the
simplest method is to compare the maximal strength at the beginning and at the
end of the contraction, as suggested by Miller et al. [1993]. Bigland-Ritchie et
al. [1983] found that force declines in a linear manner during sustained muscle
contraction at a rate characteristic for each subject. Hence, the slope of the de-
cline indicates the rate of fatigue. Nacul et al. [2018] studied handgrip strength
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as an objective measure of disease status and severity in people with chronic fa-
tigue syndrome (CFS). Their results show that CFS patients had significantly lower
mean handgrip strength than healthy controls, suggesting that the mean handgrip
could be used as an objective tool for diagnosis and measuring disease severity.
Similarly, they found that MS patients have a lower mean handgrip strength than
healthy controls. All of these assessment tasks require a special-purpose mea-
surement apparatus and personnel for conducting observations [Dobkin, 2008;
Severijns et al., 2017]. To overcome these limitations, the latest research is fo-
cused on developing alternative fatigability methods. Tanigawa et al. [2017] observed
motor fatigue during fast tapping with the index finger on a custom button. Boukhval-
ova et al. [2018] hypothesized that tapping with the index finger on a smartphone
may measure motor fatigability. However, they did not test their hypothesis. Finding
ubiquitous and inexpensive ways to measure fatigability could be beneficial to under-
stand fatigue. Particularly, we could reach a broader population that may not have
access to existing assessments.

2.1.1. Finger Tapping and Impairment

Finger-to-thumb tapping is a standard test used in Parkinson’s Disease (PD) patients
to assess dysfunction of the extrapyramidal motor system, which leads to impairment
in maintaining alternating movements. Several variants of finger tapping to quantify
impairment in PD using digital technology exist [Prince et al., 2018; Taylor Tavares et
al., 2005; Printy et al., 2014]. Prince et al. [2018] quantify PD-related disability with
an alternating finger tap on a smartphone screen for 20 seconds (counting the total
number of taps). Taylor Tavares et al. [2005] use a repetitive alternating finger-tapping
(RAFT) task over 30 s on a physical keyboard to quantify motor impairment. Printy
et al. [2014] conducted a battery of kinematic tasks using an iPhone 5C ! and their
custom application for data collection. They used the data to quantify impairment
severity, in particular, bradykinesia. Similarly, Lou et al. [2003] use alternately
pressing two spaced-out piano keys to measure fatigue in PD patients. However, this
Fitts’ law-style task on a real piano does not provide the benefits of more ubiquitous
approaches. Finger tapping tasks used in PD patients assess PD-related impairment
but are not suitable to assess motor fatigability given the PD-specific confounding.

2.1.2. Finger Tapping in MS

Finger-tapping assessments are not unique to PD. Several studies show that finger
tapping can also measure MS-related impairment [Alusi et al., 2000; Scherer et
al., 1997; Chipchase et al., 2003; Shirani et al., 2017]. Tapping the index finger

'Apple Inc.
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2.2. Cognitive Fatigability

with the thumb has also been suggested to quantify impairment in MS [Shirani
et al., 2017]. Chipchase et al. [2003] conducted tapping with the index finger at
maximal speed with the participant’s hand resting on a surface. Using a counting
device, Mazur-Mosiewicz and Dean [2011] conducted 10 tapping sessions of 10s
each. Their results indicate that the number of taps can differentiate MS patients and
controls but found no correlation between finger tapping and fatigue severity. Alusi
et al. [2000] found a good correlation between the nine-hole peg and tapping a key on
a large calculator with the index finger, thus suggesting tapping as a useful objective
assessment of upper limb function in tremulous patients with multiple sclerosis.
Scherer et al. [1997] used alternating left and right index finger tapping to measure
tapping speed on a standard PC keyboard (key F1 and key F12). Their task can
detect minimal psycho-motor dysfunction in migraine and MS-related impairment.
Furthermore, differences in a computerized single finger tapping concerning gender,
hand dominance, and age are examined by Hubel et al. [2013]. Their results suggest
that the task can be used as a diagnostic tool and that changes in tapping rate over
time can be due to fatigue or other factors. Notermans et al. [1994] use a finger
tapping test to measure ataxia — poor muscle control. Psychomotor vigilance testing
(PVT) has been suggested as a potential standardized assessment tool for important
aspects of MS-related fatigue [Rotstein et al., 2012]. Kay et al. [2013] introduced
and validated PVT-Touch, a smartphone-based version of PVT. However, PVT is an
alertness test and, thus, not within the scope of motor fatigability. In chapter 3, we
introduce rapid alternating finger tapping to quantify fatigability on smartphones. Our
short motor task is independent of visual stimuli, hence not influenced by reaction
time. In a controlled study, we test and compare our method with the most commonly
used physical fatigability approach, the handgrip dynamometer. In chapter 4, we
evaluate the validity of the proposed approach in unsupervised settings by letting
patients conduct the tapping trials at home.

Cognitive Fatigability

Cognitive fatigability measures the decline of cognitive performance during a task that
requires sustained attention [Schwid et al., 2003]. It has been measured as an increase
in reaction time, a decrease in accuracy, or comparing the performance during the
first and last third of a task [Krupp and Elkins, 2000; Walker et al., 2019]. While a
correlation between motor fatigability and perceived fatigue has been suggested in
several studies [Dobkin, 2008; Steens et al., 2012; Loy et al., 2017; Wolkorte et al.,
20151, less data is available on cognitive fatigability [Walker et al., 2012a; Morrow
et al., 2015; Berard et al., 2018; Berard et al., 2020; van der Linden et al., 2003;
Moller et al., 2014; Wang et al., 2014; Burke et al., 2018]. A possible cause is the
complexity of inducing cognitive fatigability and the lack of consensus and dedicated
tests to quantify it [Walker et al., 2019]. Prior studies used one of two strategies to
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generate cognitive fatigability. Either they conducted a test battery, including the
same test before and after fatiguing tasks, and compared their performance, or they
employed a single prolonged cognitive task and measured the decline in performance
within the task. Some of the used cognitive tests within fatigability research include:
(1) the Paced Auditory Serial Addition Test (PASAT) [Tombaugh, 2006], (2) the
Psychomotor vigilance task (PVT) [Basner and Dinges, 20111, and (3) the Stroop
test [Stroop, 1935]. However, utilizing these non-specific cognitive performance tests
to assess cognitive fatigability comes with certain drawbacks, such as long testing
sessions.

2.2.1. Limitations of Cognitive Fatigability Studies
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Fatigability in healthy subjects. It is typically studied through long examination
sessions. van der Linden et al. [2003] induced fatigue through two hours of cognitively
demanding tasks. Their study showed a significant difference in planning ability and
increased errors between the non-fatigued and fatigued participants. Other cognitive
fatigability studies in healthy subjects using the Stroop test employed a study length
of 3 and 2 hours for young adults [Wang et al., 2014] and for older adults [Burke et al.,
2018], respectively. However, long testing sessions are not unique to healthy subjects.
Moller et al. [2014] administered two hourly test batteries for analyzing cognitive
fatigability using three neuropsychological tests in subjects with mild traumatic brain
injury.

Cognitive fatigability in MS. There is large heterogeneity when it comes to
studying cognitive fatigability. DeLuca et al. [2008] studied fatigue in 15 MS and
15 controls by conducting four modified SDMT (mSDMT) trials over an hour of
fMRI scanning where users were shown different symbol—digit pair probes at varying
inter-stimulus. Participants had to respond “match” or “no match” to each probe by
following a provided symbol-digit arrangement. The inter-stimulus interval randomly
varied between 0s, 4s, 8s or 12s. Results from their study found no cognitive
fatigability. Chen et al. [2020] also studied fatigability using a mSDMT within a
Functional Magnetic Resonance Imaging (fMRI) setting. During examination, MS
patients and controls completed a total of eight mSDMT (4 with high cognitive load
and 4 with low cognitive load), each lasting 7.7 min. The authors did not study within
trial performance, but across trial performance showed an increase in reaction time
associated with subjective fatigue in MS patients. Berard et al. [2020] compared
the performance during quintiles of a 20min PVT session to quantify cognitive
fatigability and found a greater increase in reaction time of patients compared to
healthy controls. PVT is a simple reaction time task where participants have to
press a button in response to the presence of a stimulus. However, its repetitive and
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monotonous nature often results in participants reporting feelings of boredom [Pat-
tyn et al., 2008], and thus the performance decline may be influenced by a lack of
motivation rather than fatigability [Agyemang et al., 2021]. Finally, several authors
employed the PASAT by comparing the decrease in accuracy between the beginning
and end of the test [Walker et al., 2012a; Morrow et al., 2015; Berard et al., 2018;
Agyemang et al., 2021; Berard and Walker, 2021; Bryant et al., 2004]. Even though
the PASAT is applied in many studies, there is still significant methodological het-
erogeneity. First, some studies compared the performance between the first and
the second half [Walker et al., 2012a] of the test, while others compared the per-
formance between thirds [Morrow et al., 2015]. Second, despite there seems to
be a general consensus of 3 s length inter-stimulus interval (ISI), this has not been
uniformly applied in fatigability studies [Schwid et al., 2003; Berard et al., 2018;
Bryant et al., 2004]. Third, it is known that MS patients may adopt a chunking strat-
egy, particularly as task demands increase [Fisk and Archibald, 2001], meaning that
they add two numbers, skip one, and add the following two, thus, reducing the overall
difficulty of the task by decreasing the simultaneous cognitive load. Only recently,
the first normative data on cognitive fatigability has been generated to account for the
chunking strategy [Berard and Walker, 2021]. Fourth, the PASAT requires a medical
examiner to conduct the test, making it more expensive to administer. Finally, patients
have described the PASAT as unpleasant and causing anxiety [Walker et al., 2012b],
limiting the applicability and repeatability of the tests.

As described above, there is no specific test for cognitive fatigability. Hence, in
chapter 5, we introduce the cognitive fatigability assessment test (CFAST), which is a
smartphone-based test designed to measure cognitive fatigability in a short period.
We explain the details of the test development. Furthermore, we present results of the
association between subjective fatigue and cognitive fatigability.

Wearables and Heart Rate Variability (HRV) Metrics for
Unsupervised Monitoring

The role of autonomic dysfunction in symptoms like fatigue has been challenging to
assess due to the limitations of current assessment methods. Heart rate variability
(HRV) is believed to play a role in autonomic dysfunction. Studies have already
shown an association between HRV and fatigue [Patel et al., 2011; Tran et al., 2009].
However, there still needs to be more consensus in terms of what are the relevant
metrics. Furthermore, HRV is mainly quantified using an electrocardiogram (ECG),
which requires specialized equipment and personnel to conduct the observations.
The Task Force of the European Society of Cardiology and the North American
Society of Pacing and Electrophysiology released a report to provide standardization
in the research and application of HRV [Richardson et al., 1996]. HRV metrics are
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extracted from the ECG signals. The largest-amplitude portion of the ECG signal is
called QRS complex [McSharry et al., 2003] and corresponds to the depolarization
of the right and left ventricles of the heart. Normal-to-normal (NN) intervals are the
intervals between adjacent QRS complexes. HRV refers to the oscillation between
consecutive heartbeats (RR intervals) and the oscillation between instantaneous heart
rates. Studies including HRV metrics derived from off-the-shelf wearables devices as
opposed to those derived from standard ECG holters are still scarce.

2.3.1. Validation Studies on HR and HRV Derived From Wearable
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Devices

Several studies show that wearable devices can accurately measure mean HR based
on PPG [Jo et al., 2016; Parak and Korhonen, 2014; Wallen et al., 2016]. Others
focus on assessing the accuracy of HRV metrics extracted from chest strap monitors.
Many authors [Bailén et al., 2013; Hernando et al., 2018; Giles et al., 2016; Nunan
et al., 2008] have used the Polar chest strap, which is an electrode-based sensor, in
their studies. For instance, Giles et al. [2016] show that the Polar V800 is able to
produce RR interval recordings consistent with an ECG during rest, and that the
HRYV parameters derived from these recordings are also highly comparable. Nunan
et al. [2008] compare the number of RR intervals recorded by the Polar S810 and a
standard 12-lead ECG monitor and found that both devices have a good agreement
when the wearer is lying down. Additionally, they found good agreement between
the derived HRV metrics. Hernando et al. [2018] explore the reliability of Polar
RS800 to measure HRV metrics during exercise. Their work shows that at high
exercise intensity, low-frequency domain measurements have excellent reliability
indices. However, high-frequency measurements have a low agreement.

Photoplethysmography (PPG) sensors. Less common are studies that examine
the validity of HRV metrics derived from off-the-shelf wearable devices with PPG
technology. Giardino et al. [2002] found good agreement between the HRV metrics
obtained from a finger plethysmograph and an ECG with three leads. Vescio et
al. [2018] developed a customized device that converts the PPG signal generated by
a LED-photodiode couple placed on the earlobe into electric pulses. Their device
was tested under stationary conditions with 10 participants. Their results show good
agreement with the ECG recordings. In a recent review about heart rate variability
based on wearable devices, Georgiou et al. [2018] reviewed 308 articles, and from
those, only two articles considered measuring HRV with wearable devices using
PPG technology. Their research concludes that there is a need for more robust
studies in non-stationary conditions, with appropriate methodology, acquisition and
analysis techniques to evaluate the ability of wearables to measure HRV based on
PPG [Georgiou et al., 2018].
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2.4. Smartphone-Based Health Monitoring

In summary, previous research has shown that the interbeat intervals (IBI) derived
from PPG signals are comparable to the RR intervals obtained from ECG Holter
monitors under non-ambulatory conditions. However, little is known about the
quality of the signal provided by off-the-shelf wearable devices and their capability
to measure HRV [Georgiou et al., 2018]. In chapter 6, we address this open question
by evaluating two devices (Everion and Empatica) under different conditions.

Smartphone-Based Health Monitoring

Smartphones have been popular for monitoring chronic conditions due to their ubig-
uity. Much of the previous work has focused on self-reporting apps to track the
development and manage these conditions (e.g., El-Gayar et al. [2013] and Preuve-
neers and Berbers [2008] for Diabetes, Lakshminarayana et al. [2017] for Parkinson’s
disease). MS patients have described their interest in the use of mobile apps for
tracking their condition. MS remote monitoring is gaining traction thanks to the
use of digital technologies [Marziniak et al., 2018]. Ayobi et al. [2017] described
that when individuals faced the unpredictable and degenerative nature of MS, they
regained a sense of control by intertwining self-care practices with different self-
tracking technologies. Giunti et al. [2017] presented a systematic review of MS
health applications and could only find a small number of MS-specific applications
compared to other equally prevalent diseases.

Pharmaceutical companies and mHealth. Large pharmaceutical companies
have as well shown their interest in the use of mobile devices for tracking MS.
Floodlight is a smartphone-based digital assessment tool developed by Roche and
Genentech [Genentech, 2023]. The application offers a series of questionnaires
and tasks aimed at monitoring disease progression. Some of Floodlights’ tasks
include (a) Hand-function monitoring through "Pinching Test" and "Draw a Shape
Test," (b) cognitive monitoring through "Smartphone-Based Symbol Digit Modalities
Test," and (c¢) Gait monitoring with "Five-U-Turn Test" and "Two-Minute Walk
Test" [Montalban et al., 2019]. Similarly, Aby from Biogen [2023], is a mobile
application that offers a variety of resources to support patients living with MS, such
as informational videos and self-reporting diaries. Many of the existing applications
to support MS patients focus on the tracking of symptoms and providing information
about the disease [Genentech, 2023; Biogen, 2019].

2.4.1. Fatigue Monitoring With mHealth in MS

There are a number of mobile applications for managing MS-related fatigue [Jongen
et al., 2015; D’hooghe et al., 2018; Babbage et al., 2019; Giunti et al., 2020]. More
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Stamina [Giunti et al., 2020] is a mobile application for the self-managing of MS-
related fatigue. The app acts as a to-do list where users can input their daily tasks.
The user’s energy is represented through a visual metaphor (progress bar) and a
symbolic unit (Stamina Credits) for quantifying the estimated effort per activity.
The app’s goal is to facilitate patients’ energy management. Jongen et al. [2015]
introduced MSmonitor, a web-based program for self-management and care of MS
patients. Their pilot study data suggests that using MSmonitor led to increased
health-related quality of life and helped patients self-manage their fatigue. MS
Energize [Babbage et al., 2019] is an iPhone app focused on the self-management of
fatigue for MS patients. The app works as a coach supporting patients in their fatigue
management. Similarly, D’hooghe et al. [2018] introduced MS TeleCoach, a mobile
application offering telemonitoring of fatigue and telecoaching of physical activity
and energy management in persons with MS. Results from their 12-week study
indicate an improvement in the fatigue level of the participants measured through the
FSMC. Existing mobile applications for fatigue monitoring measure fatigue using
questionnaires.

2.4.2. Sensing and Fatigue Monitoring
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The work by Sehle et al. [2011] aims to quantify MS-related fatigue by using kine-
matic gait analysis objectively. They found a correlation between physical mea-
surements and subjective fatigue scales. Kim et al. [2010] proposed a real-time
digital fatigue score (RDFS) to overcome the retrospective assessment introduced by
questionnaires by actively querying patients four times a day through notifications.
Tong et al. [2019], aimed at predicting MS patients’ FSS scores using data from
connected devices, background information, and daily questions at weekly intervals.
[Yu et al., 2013] created a portable wireless system that can differentiate between
fatigued MS patients and matched healthy controls. Results from this work show that
MS patients have alternations of the heart rate (HR) and HR frequency depending if
the test required cognitive or physical effort.

In summary, previous research on fatigue has focused on using dedicated sensors or
devices to investigate the symptom. In some cases, only one sensor or device was
considered [Kim et al., 2010; Sehle et al., 2011]. In other instances [Yu et al., 2013],
multiple sensors were employed simultaneously to develop a measuring system for
short-time assessments. Closer to our work is Tong et al. [2019], who uses a series
of wellness interconnected devices to predict fatigue based on the FSS. We build
upon this basis and the advances of technology to propose a system based on a single
off-the-shelf multi-sensor wearable device and a dedicated smartphone application.
Wearable devices are lightweight and small size making them easy to handle and
allowing for unobtrusive, continuous monitoring over a long-term period of time. In
chapter 7, we introduce our infrastructure and clinical study setting for remote and
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unobtrusive monitoring of MS patients using wearables and provide initial results of
the capabilities of these devices for fatigue quantification.
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CHAPTEHR

Rapid Tapping on Smartphones to
Assess Motor Fatigability

This chapter is based on the following publication:

Liliana Barrios, Pietro Oldrati, David Lindlbauer, Marc Hilty, Helen Hayward-
Koennecke, Christian Holz, Andreas Lutterotti. A Rapid Tapping Task on
Commodity Smartphones to Assess Motor Fatigability. Proceedings of the
ACM Conference on Human Factors in Computing Systems (CHI). Pages 1-10.
Hawaii, United States. April 25-30, 2020.

Motor fatigability is defined as “an objective decline in strength as routine use of
muscle groups proceeds” [Dobkin, 2008]. Dobkin [2008] argued that fatigability
could redefine our understanding of fatigue because many symptoms of fatigue may
be a consequence of demonstrable fatigability, but this has rarely been assessed.
Current clinically-used methods only evaluate fatigue retrospectively using question-
naires like the Fatigue Severity Scale (FSS). Although objective measurements to
quantify fatigability have been proposed, none is sufficiently researched to be estab-
lished in clinical routine [Severijns et al., 2017]. For example, tests using isokinetic
dynamometers that measure peak isometric torque [Kalron et al., 2011] on the knee
or hand, or measures of electrically-induced torque have been proposed [Skurvydas
etal., 2011]. Those devices, however, are expensive and bulky and typically require
professional supervision to perform the tests properly [Dobkin, 2008]. Finding
ubiquitous and inexpensive ways to assess fatigability would enable optimized treat-
ment options that currently lack objective outcome parameters to prove their efficacy.
Furthermore, regular assessment of fatigability in clinical routine would not only

25



Rapid Tapping on Smartphones to Assess Motor Fatigability
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Figure 3.1.: State-of-the-art fatigue vs. fatigability. Fatigue is currently only measured
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by questionnaires which have several shortcomings like subjective and prone
to recall bias. On the other hand, motor fatigability is often measured with a
handgrip dynamometer. In this chapter, we conduct a controlled study (blue
highlight) to evaluate the feasibility of establishing smartphone-based tapping
as a valid physical fatigability method that overcomes the limitations of existing
approaches relying on dedicated devices.

allow evaluation of disease progression but also add to the so-far limited options for
quality of life measures.

In this chapter, we propose a commodity approach to measure fatigability. Our
approach utilizes the prevalence of smartphones in conjunction with a simple tap-
ping task, designed as an exertion technique to assess the user’s motor fatigability.
Finger tapping is commonly used to assess motor impairment [Prince et al., 2018;
Taylor Tavares et al., 2005; Printy et al., 2014]. In our work, we re-purpose this
task to quantify motor fatigability. The rapid tapping task requires barely any in-
structions (other than “please tap as fast as possible”), and can be performed on any
commercially available smartphone. In an experiment with 20 MS patients and 35
healthy participants as the control group, we compare our approach with a standard
fatigability assessment done with a handgrip dynamometer (Figure 3.1 blue highlight).
Participants performed 500 alternating taps, which on average took patients roughly
2 min and healthy participants 75 s to complete. We show that participants’ perfor-
mance decreases during the tapping task and correlates (o = 0.8) with the decrease
in grip strength measured with the handgrip dynamometer for patients and control.
We further show that this correlation is also present in the first 30 s of performing
the tapping task with p = 0.78 for patients and p = 0.84 for controls. Our results
suggest that performing the simple tapping task for 30 s is sufficient to measure motor
fatigability.



3.1. Assessing Fatigability Through Rapid Tapping

Figure 3.2.: User interface of tapping task used in study.

3.1. Assessing Fatigability Through Rapid Tapping

We aim to specify a task that can accurately quantify fatigability by meeting a set of
requirements established by healthcare professionals (i.e., neurologists). The task
should 1) be exhausting in terms of motor fatigue; however, it should not strain users’
muscles for a prolonged time (i.e., enable quick recovery). The task should be 2)
easy to learn and simple enough to perform without an experimenter present and 3)
not require any specialized equipment to enable future in-the-wild studies. Lastly,
it should 4) avoid the speed-accuracy trade-off, as described by Zhai et al. [2004].
For classical Fitts’ law tasks such as pointing, users typically perform a task with
high accuracy but slow (i.e., low exertion) or fast but with low accuracy. For many
tasks, this means participants need to be well instructed to disregard errors and focus
solely on speed. Even with clear instructions, participants might not completely
disregard errors and thus might not perform the task as fast as possible. Since motor
fatigability is measured when participants perform an exhausting task, other tasks,
such as pointing, that are subject to this trade-off would not be well suited. We thus
resorted to rapid alternating tapping as the task.

The simple user interface of the task is shown in Figure 3.2). Users perform alternating
taps to complete the task. The avatar moves forward as users perform the task with
speed depending on the tapping speed. A progress bar on the top indicates completion.
We do not display any indication of accuracy to avoid the speed-accuracy trade-off.
During our preliminary tests, we found that a goal of 500 alternating taps suffices to
measure motor fatigability, as described in the Method section. We implemented the
task on a commodity smartphone (Nexus 5X). However, porting it to other devices
and operating systems would be trivial. To measure motor fatigability, we only
require that the API has a measure for touch duration or time between taps.
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Figure 3.3.: Apparatus of our experiment for the handgrip task (left) and tapping task

(right).

3.2. Method

To analyze the validity of our exertion task as an indicator of motor fatigability, we
compared our proposed tapping task with a standard handgrip dynamometer task
performed by a control group and patients with MS. Each participant performed both
tasks with their dominant and non-dominant hand. The ethics review board of the
local University approved the study. MS patients performed the experiment at a local
hospital under the supervision of healthcare professionals.

3.2.1. Participants

We recruited 35 participants as the control group (14 female, 21 male), ages 20-55
(u =31, o0 =7.7), all staff or students from a local university, and 20 MS patients
(11 female, 9 male), aged 20-62 (1 = 43.1, o = 12.9). The inclusion criteria for
the control group included: no known or suspicions of illness, autoimmune disease,
fatigue, or depression based on self-reports. MS patients were included if they had a
confirmed diagnosis. The Expanded Disability Status Scale (EDSS) [Kurtzke, 1983]
scores ranged from 0 to 8 (u =3, 0 =2.5).

3.2.2. Apparatus
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The control group performed the study in a quiet experimental room, sitting in a chair
with armrests next to a desk, as shown in Figure 3.3. Patients performed the study in
an examination room at the local hospital, also sitting in a chair with armrests next to
a desk. Maximal voluntary handgrip contraction (MCV) was recorded using a digital
Jamar handgrip dynamometer configured using the Jamar iOS tablet application. We
used a Nexus 5X to run our fatigability application.



3.2. Method

3.2.3. Design

We used a within-subject design with Task and Hand as independent variable with two
levels each: Handgrip and Tapping; and dominant and non-dominant hand respec-
tively. Order of 7ask and Hand was alternated, starting order was counterbalanced.
Between each task, there was a resting period of three minutes to allow participant’s
muscles to recover.

3.2.4. Tasks

Handgrip

We used the handgrip dynamometer in the standard procedure to assess motor fatiga-
bility ([Severijns et al., 2017]). Participants sat upright, with both feet touching the
ground and their forearms resting at a 90° angle on the armrests of the chair or the
desk (see Figure 3.3). The dynamometer was held with the thumbs facing upwards in
line with the forearm, and the grip size was adjusted to comfort. After a short period
of familiarization, participants were asked to perform the MVC task for 30s.

Tapping

Participants performed a rapid alternating tap on the smartphone screen while the
hand was resting on a desk. The smartphone was placed in landscape mode. The
exertion movement was performed with the index and middle fingers. Participants
were asked to perform the tapping task as fast as possible without stopping until
the app indicated completion. An initial assessment with six healthy participants
performing 1500 alternating taps (naive about the end of the study) showed a clear
decrease in performance after 500 taps. Hence, for the final experiment, participants
were asked to perform 500 valid alternating taps, i.e., 250 taps per finger. A tap was
considered valid and counted towards the goal of 500 taps if exactly one finger was
on display.

3.2.5. Hypotheses

We performed the experiment concerning the following hypotheses. First, we ex-
pected a decrease in grip strength when using the handgrip dynamometer, as reported
by previous studies[Severijns et al., 2017]. Secondly, we expected a decrease in
performance as time progresses during the tapping task if the task is performed at
maximal effort (speed). That is, users will take longer to alternate the fingers cor-
rectly on the screen, and the touch duration of each tap will increase with time. We
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analyze our data concerning these hypotheses and explore the connection between
the handgrip and the tapping task, to quantify and attribute rapid tapping to motor
fatigability.

3.2.6. Procedure

Participants were briefly introduced to the setup and the experiment and completed
a demographic questionnaire. Then, they completed a short training session for the
tapping task, performing 40 alternating taps. Subsequently, they received instructions
on how to use the handgrip dynamometer, including a demonstration by the experi-
menter. During the handgrip task, the experimenter instructed participants when to
start and stop the MVC. After the introduction, participants completed all tasks with
their dominant and non-dominant hands in counterbalanced order. They were asked
to rest their arm and hand for three minutes between tasks.

3.2.7. Data Collection

3.3.

30

During each 30-second trial of the handgrip dynamometer, we collected ten samples,
which is the maximum sampling rate of the device we used. For the tapping task,
we collected touch data from the smartphone using the Android API. We stored all
timestamped touch-down coordinates and up events, from which we compute touch
duration (i.e., how long did the finger touch the screen). Each sample in our dataset
contains the finger position on the screen, touch duration, area size, and pressure.
We define task performance for the tapping task as the average time participant’s
finger stayed on the screen (i.e., average touch duration). This means that the touch
duration will be low for fast tapping (high performance), whereas the touch duration
will increase for slow taps (low performance).

Results

In summary, our results show that the performance in the rapid tapping task correlates
strongly with the fatigability measurements of the handgrip dynamometer. Tapping
performance decreased significantly throughout a full trial (500 taps). Besides
performance during a full trial, we analyze different subsets of the tapping task,
precisely the first 10, 30, 60, and 90 seconds. For both groups, performing the
tapping task for 30 s is sufficient to measure motor fatigability reliably.



3.3. Results

3.3.1. Data Processing

We use touch duration as the primary performance metric to assess the tapping task.
To account for outliers and noise in the tapping data, we performed the following data
processing steps for each trial separately. We removed samples with a touch duration
of more than three standard deviations away from the mean (1.2% for patients, 0.9%
for healthy control). These outliers occurred when participants did not alternately lift
their fingers but instead left one in contact with the screen and tapped only with the
other. Outliers are evident, and thus we classified and removed them.

Tapping duration was low-pass filtered with a moving average of 20% of the trial data
and normalized per participant and trial. We normalized tapping trials and handgrip
trials separately, resulting in two motor fatigability slopes. The fatigability slope
of the tapping task is positive (as duration increases), whereas that of the gripper is
negative (as force decreases). To make trends comparable, our results are computed
as I - normalized touch duration.

To compare participants’ performance in the handgrip task (10 samples per trial)
and the tapping task (500 taps), we split the touch duration measurements into ten
segments. Each segment contains samples from 10% of the total duration of the
tapping trial (task). The final value for each segment is defined as the mean value
of the data in that segment. To account for inertia when participants start both the
handgrip and the tapping task, we discard the first segment and perform our analysis
on the remaining nine segments.

3.3.2. Dominant vs. Non-dominant Hand

We analyzed the data from both tasks for participants’ dominant and non-dominant
hands. For the tapping task using the non-dominant hand, the data showed large
variability. as shown in Figure 3.4 for patients.

In contrast to the dominant hand, the decrease in performance, while present, was less
pronounced for the non-dominant hand. While data cleaning and statistical analysis
as described in section Performance Results yielded a main effect for segments
(Fg117 = 10.592, p < .001), Bonferroni adjusted Tukey’s Post Hoc tests showed
less statistically significant differences between segments as for the dominant hand.
From observation, we believe this is due to challenges in coordinating the two fingers
when performing the task. Since participants struggled to perform the task reliably,
their speed decreased less. We, therefore, believe that the tapping task should be
performed with the dominant hand. We thus performed all the following analyses on
the data collected from dominant hand trials.
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Figure 3.4.: Patients’ full-duration tapping performance using their non-dominant hand

showed larger variability than with the dominant hand.

3.3.3. Valid Trials
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For a few trials, both groups (control and patients) did not follow instructions as
expected when performing the handgrip and tapping task. The MVC task requires
participants to evoke maximal potential from the beginning of the task. Hence, if
participants maximally activate their muscles, no further increase in force is evoked
during the task [Steens et al., 2012]. Similarly to Steens et al. [2012], we conserva-
tively removed trials where participants failed at achieving maximal performance. For
the 30-second handgrip task, we discarded the trials where consecutive measurements
increased more than 50% of the maximum strength. This occurred in 2 of 35 trials
for the control group and in 1 of 20 trials for patients.

To validate the tapping task, we fit a linear regression to the segment values and
define trials as valid if 1) the slope of the regression is positive (i.e., touch duration
increases), verifying an overall decrease in performance; and 2) consecutive segments
do not have a duration decrease of more than 50% (i.e., participants’ performance
increases). Trials that fail these requirements suggest that participants did not perform
the task as fast as possible, meaning they did not evoke maximal performance. The
number of discarded trials for this condition depends on the analyzed time frame
(Figure 3.9, bottom).

Analyzing the fully completed task, 63% and 90% of trials were valid for patients
and the control group, respectively. Restricting the window to the first 30 seconds of
the task, however, resulted in 84% valid trials for patients and 93% valid trials for the
control group. For shorter durations (e.g., 10 seconds), not enough data is available
to quantify fatigability accurately. For 60 seconds or longer, participants seem to
pace themselves, recover, and then speed up again. We thus believe that the first 30
seconds of the tapping trial represent a suitable excerpt to assess motor fatigability.



3.3. Results

3.3.4. Performance Results

We performed individual ANOVAs on the handgrip and tapping data with segment as
independent variable (9 levels) for both the control group and patients. Statistically
significant differences between segments demonstrate an actual, non-random decline
in performance during a task. For the tapping task, we found a main effect of segment
on average duration for the control group Fg279 = 50.918, p < .001 and for patients,
Fgo9 = 14.211, p < .001. To analyze the temporal progression of participants’
performance, we performed a series of Bonferroni-corrected Tukey’s Post Hoc tests.
Results are illustrated in Figure 3.5 for patients and Figure 3.6 for the control group.
For the control group, segments are mostly significantly different from segments
after the subsequent one. Only after Segment 7, average performance flattens, and
subsequent segments are no longer significantly different. Results for patients show
a similar pattern. However, most segments are not significantly different from their
direct successor, but 2 or 3 segments thereafter. Performance flattens after Segment 6.
This decline in performance indicates that both tasks can successfully invoke motor
fatigue for both the control group and patients.
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Figure 3.5.: Patient group data: full tapping task (/eft), the first 30 seconds (center), and
the handgrip task (right).
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Figure 3.6.: Control group data: full tapping task (left), the first 30 seconds (center), and
the handgrip task (right).
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Figure 3.7.: Complete task recordings of the patients group for handgrip and tapping. The

solid line indicates each segment’s mean value.
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Figure 3.8.: Complete task recordings of the control group for handgrip and tapping. The

solid line indicates each segment’s mean value.

3.3.5. Handgrip vs. Tapping

To verify the relation between the handgrip and tapping task, we computed their
Spearman’s rank correlation coefficient p. Figure 3.7 illustrates the patient data,
and Figure 3.8 shows the measurements of the control group. For both, the average
correlation coefficient is p = 0.8.

Trial Duration
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Each trial took on average 75 s for the control group (o = 23.65s) and 126.1 s for
patients (o~ = 81.4 s). To determine the optimal number of taps per trial leading to com-
parable results, we performed the same analysis as before on the first 10s, 30's, 60's
and 90 s of the recordings data as shown in Figure 3.9.

During the first 30 s, participants of the control group performed on average 249.1
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taps (o = 56.6 taps), while patients performed on average 170.6 taps (o~ = 60.3 taps,
leaving a large number of data points for analysis. We performed similar processing
on the data (discarding outliers and invalid trials), but only used the first 30 seconds,
and split them into 10 segments.

We performed the same analysis as with the full task duration. That is, two ANOVAs
with segment as independent variable and touch duration as dependent variable,
one for the control group and one for the patients. We again found a main effect
of segment on the data of the control group Fga79 = 79.606, p < .001 and the
patients Fg 144 = 28.39, p < .001. A series of Tukey’s Post Hoc tests revealed a
similar pattern between segments as with the full data (Figure 3.5 and Figure 3.6).
The statistically significant differences between the segments of the trials confirm
that the non-random decline in performance is also present during a short task of
30s. Analyzing the correlation between the handgrip and this shortened tapping task
revealed a correlation between the two tasks of p = 0.78 ( p < .001) for patients and
o = 0.84 ( p < .001) for the control group. The similar correlation score indicates
that a rapid tapping task of 30 seconds suffices to measure motor fatigue.

Finally, we analyze the agreement of our tapping task and handgrip dynamometer
by comparing the rate of fatigue development captured by each method. Similarly
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(30 sec) and normalized handgrip strength shows a mean bias of -0.01 with
LoA [0.06,-0.08].

to Lou et al. [2003], we use the slopes of the regression line of touch duration and
handgrip strengths to assess fatigue rate. Figure 3.10 shows the Bland-Altman plot
comparing the decline rate of the tapping task and the handgrip dynamometer. The
plot shows no particular pattern in the data. The mean difference of almost zero (0.01)
and all data within two within two standard deviations from the mean with limits of
agreement between (LoA) [-0.08, 0.06] confirms the good agreement between both
approaches. The normality of the differences was verified using the Shapiro-Wilk
test ( p = .08)

Discussion

The analysis of our evaluation showed that our simple rapid tapping task can be used
to quantify motor fatigability. The task is easy to implement, runs on unmodified
commodity smartphones, and, more importantly, the task is easy to perform for users.
We thus believe that our method will allow moving beyond specialized hardware
(e.g., handgrip dynamometers) and subjective feedback to make assessing motor
fatigability ubiquitous and more accessible for all patients.

Through our experiment, we examined the appropriate task length to quantify motor
fatigability using a tapping task. Our initial target was 500 taps, which resulted in
varying completion tasks for participants. On average, patients took 168% longer
than healthy controls to complete the task, which was not unexpected. The slowest
patient completed the taps in 7.68 minutes, while the slowest healthy participant took
2.29 minutes. The variance in completion times shows the importance of limiting trial
durations because performing the tapping task for up to 7 minutes causes physical
strain and makes motivated compliance challenging. The results of our evaluation
show that analyzing the first 30 seconds of our rapid tapping task is a suitable
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assessment of motor fatigability, which may be important to enable more frequent
and, ideally, continual monitoring in a straightforward manner.

The time to complete the tapping task for patients was partly governed by the severity
of their condition as measured by the EDSS scores. Patients with higher EDSS scores
tended to take longer. We did not, however, observe differences between patients in
terms of measured motor fatigability with either task. This, however, needs to be
investigated further since we need more patients for each score to perform reliable
statistical analysis on this data. Preliminary results with three groups of MS disability
based on the EDSS show these Spearman correlations: EDSS = 0, N = 4: .75, EDSS
in [1,3], N =4: .85, EDSS in [4,8], N = 8: .77; all p <.001

Other metrics for tapping performance

3.5.

We initially investigated the suitability of alternative metrics to evaluate tapping
performance, such as the number of taps per segment, tap pressure, and area size.
The average duration between taps was noisier due to the occurrence of simultaneous
or quasi-simultaneous taps (which we counted as invalid). We, therefore, decided to
use touch duration as the primary performance metric. The number of taps shows
slightly lower correlations than touch duration and a comparable number of invalid
trials. Hence it is also a suitable metric. Analyzing pressure and area size, we found
a low correlation with the handgrip measurements, possibly because participants’
finger placement on the touchscreen is too person-specific.

Limitations and Future Work

Even though participants performed a training session before measurements were
taken, some still did not start their trials with maximum speed. Instead of exhibiting
fatigue, some participants showed an increase in performance, which resulted in
a limited number of invalid trials (16% for patients, 7% for the control group).
This indicates that while the task is generally well suited to measure fatigability,
further interventions are needed to ensure that participants follow instructions closely.
Furthermore, this highlights the importance of incorporating outlier removal in the
computation of the fatigability metric.

We see potential in offering incentives to complete the tapping task with maximum
effort, such as by further gamification or using scoring systems. We believe that
such measures would decrease the number of outliers and potentially eliminate
the need for dedicated outlier removal. The percentage of invalid trials and how
this might vary under different environments and without supervision needs further
investigation. We plan to explore other methods and analysis strategies to ensure
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higher rates of valid trials. Additionally, intrinsic motivation is needed to perform
the tapping task regularly, and we cannot estimate potential learning effects so far.
Extending our research to longitudinal in-the-wild evaluations with within-subject
comparisons will allow us to assess the use of fatigability to judge disease progression
in MS populations. Moreover, comparative tests are needed to discriminate between
fatigability and disability. We plan on using the 9-Hole Peg Test [Mathiowetz et
al., 1985] to assess patients’ fine motor skills and use the fatigue scale for motor
and cognitive functions (FSMC) to categorize mild and severe fatigue in patients.
Cognitive fatigability measure (e.g., the N-Back test) can help discriminate cognitive
and motor fatigability.

Conclusion

We introduced a novel approach to assess motor fatigability on a commodity smart-
phone using a simple rapid tapping task. Our experiment with 20 multiple sclerosis
patients and 35 healthy participants showed a significant correlation between the
tapping tasks and grip strength measurements from a special-purpose handgrip dy-
namometer. We believe our work is a first step towards measuring motor fatigability
without relying on specialized equipment, which can be expensive and require profes-
sional supervision. Our method may help quantify fatigue and complement the current
use of subjective feedback through questionnaires, enabling patients to frequently
and ubiquitously monitor their condition and react to changes accordingly.



CHAPTEHR

Rapid Tapping on Smartphones and its
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This chapter is based on the following publication:

Liliana Barrios, Pietro Oldrati, Marc Hilty, David Lindlbauer, Christian Holz,
Andreas Lutterotti. Smartphone-Based Tapping Frequency as a Surrogate for
Perceived Fatigue. An in-the-Wild Feasibility Study in Multiple Sclerosis
Patients. The Proceedings of the ACM on Interactive, Mobile, Wearable and
Ubiquitous Technologies (IMWUT). Volume 5, Issue 3, Article No.: 89, pp
1-30. September 2021.

In this chapter, we continue the focus on fatigue’s physical aspect. As mentioned in
the previous chapters, motor fatigability is typically measured through walking (e.g.,
6-minute walking test [Goldman et al., 2008]), handgrip strength [Severijns et al.,
2014], or using a knee dynamometer [Surakka et al., 2004]. These approaches have
important limitations: 1) the requirement of expensive clinical equipment and trained
professionals to conduct the tests, and 2) the restriction to a medical facility, and,
consequently, these assessments are conducted only at a few or single time points. In
chapter 3, we proposed a rapid tapping task on a smartphone as an inexpensive ap-
proach to assessing motor fatigability. Our controlled evaluation demonstrated a high
correlation between smartphone tapping and fatigability measurements obtained with
a handgrip dynamometer. However, studies on the association between fatigability
measured by the tapping task and perceived fatigue are not available. Hence, it is still
unknown if 1) a smartphone-based tapping task is a feasible proxy for fatigue and if
2) the task is valid in uncontrolled environments. Hence, in this chapter, we seek to
investigate both of these questions (Figure 4.1).
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Figure 4.1.: Motor fatigability can be measured objectively with rapid tapping or a handgrip
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dynamometer. The association between fatigue and fatigability is not estab-
lished yet. Hence, we conduct an empirical in-the-wild study (blue highlight)
to evaluate the feasibility of using rapid tapping on a smartphone as a surrogate
for fatigue.

This chapter’s focus is two-fold: (I) To develop a new objective and reliable measure
of motor fatigability computed from raw tapping data and demonstrate its usabil-
ity and validity when performed outside controlled settings and without medical
supervision (in-the-wild). We approach this goal by using the tapping task intro-
duced in the previous chapter and conducting a two-week in-the-wild study with 35
MS patients. Participants performed a 30 s tapping task (i.e., a trial) once per day
during the two weeks. Using this data, we introduce a new metric to assess motor
fatigability: tapping frequency. We show that our new metric is a valid method to
assess motor fatigability in-the-wild by comparing it to the previous approaches,
specifically fouch duration and strength decline using a handgrip dynamometer. (II)
To evaluate the feasibility of establishing an objective and ubiquitous method as a
surrogate to quantify perceived fatigue. To this end, we evaluate the performance
of our proposed metric, tapping frequency, to classify fatigued and non-fatigued
patients using ROC (receiver operating characteristic) curves and area under the ROC
curve (AUCRroc). We quantified perceived fatigue during the study with two widely
accepted and validated fatigue questionnaires in MS patients: Fatigue Severity Scale
(FSS) [Krupp et al., 1989] and Fatigue Scale for Motor and Cognitive Functions
(FSMC) [Penner et al., 2009].

Our goal is to develop an objective metric to be used when monitoring patients with
fatigue in medical routine or clinical trials, which until now has been hampered by
the heterogeneity and subjective nature of questionnaires [Friedman et al., 2010]. We
believe our results are an important step in understanding fatigue. Our smartphone-
based tapping technique and evaluation metric have the opportunity to be used
regularly by patients outside the clinic and more frequently than currently done
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in the medical routine. Being an objective method, it also opens the potential for
quantifying the direct effects of therapeutic interventions, which is a clear advantage
over currently used questionnaires [Nourbakhsh et al., 2021].

Methods

To analyze the feasibility of establishing smartphone-based objective metrics as
a surrogate for fatigue, we conducted a two-week in-the-wild study. We use the
FSMC [Penner et al., 2009] to discriminate between motor-fatigued and non-motor-
fatigued participants and the FSS [Krupp et al., 1989] to differentiate fatigued and non-
fatigued participants. As a motor fatiguing task, we use the tapping task introduced
in the previous chapter (Chapter 3). Participants performed the tapping task with
their dominant hand each day of the two-week study. Through AUCgroc, we evaluate
the performance of our smartphone-based metrics to rank fatigued vs. non-fatigued
participants in relation to the FSMC and FSS. Participants could exit the study at any
point or continue for longer if desired. The local state ethics review board approved
this study.

4.1.1. Participants

We recruited 35 MS patients at a specialized MS clinic (20 female, 15 male), aged
21-53 (M = 36.77, SD = 8.93). All MS patients had a confirmed diagnosis, signed
written informed consent, and had Android smartphones. Seven of the 35 MS patients
had hand impairments according to the Nine-Hole Peg Test (9-HPT) threshold (cf.
section 4.1.2). The Expanded Disability Status Scale (EDSS) scores ranged from 0
to 6 (M =2.31, SD = 1.7) and were obtained from the MS clinic at the beginning of
the study.

4.1.2. Tasks and Baselines

Our study started with an on-boarding, during which we explained the study protocol
to the participants. We also collected normative outcome measurements using the
FSMC, Nine-Hole Peg Test (9-HPT), and handgrip dynamometer. Additionally,
we asked participants to install our Android application on their smartphones. Our
application included the tapping task. Furthermore, it sent daily notifications to the
participants to remind them to complete the tapping trials during the in-the-wild study
and to complete the FSS questionnaire directly in the app once per week.
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Figure 4.2.: Study methods: smartphone-based fatigability task on the left, nine-hole peg

test centered, and handgrip dynamometer on the right.

Clinical Baseline Methods
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We use the 9-HPT to objectify hand function, the FSS and FSMC to categorize
fatigue and a handgrip dynamometer as standard motor fatigability measurement.
Neurological impairment was measured using the standard disability rating scale for
MS patients (EDSS) [Kurtzke, 1983]. The EDSS scale ranges from 0 to 10 in steps
of 0.5, with higher values representing higher disability levels.

o Nine-hole Peg Test (9-HPT). The 9-HPT is a standardized, quantitative assess-

ment used to measure finger dexterity [Mathiowetz et al., 1985]. Figure 4.2
(middle) shows an image of the 9-HPT used in this study. Participants were
asked to remove the pegs, one by one, from the container to the holes and
then to place them back into the container using their dominant hand. As the
final score, we used the average of the two trials. Patients with a total time
greater than 23.17 s (normative value used at the local hospital derived with
a standard procedure [Bertoni et al., 2015]) were classified as hand-impaired.

Handgrip Dynamometer. We used sustained handgrip strength as a metric
to assess motor fatigability [Severijns et al., 2017]. The test was conducted
upright, with both feet on the ground and forearms resting on an armrest.
The dynamometer was held with the thumbs facing upwards in line with
the forearm, and the grip size was adjusted for comfort. Participants per-
formed maximum voluntary contraction (MVC) for 30 s. The experimenter
instructed participants when to start and stop the MVC. Maximum contrac-
tion in kilograms was recorded every 3 s for a total of 30 s, resulting in 10
consecutive measurements. Figure 4.2 (right) depicts the Jamar device we
used.

Fatigue Scale for Motor and Cognitive Functions (FSMC) [Penner et al.,
2009]. FSMC is used to assess MS-related cognitive and motor fatigue. The
questionnaire consists of ten items corresponding to the cognitive sub-scale
and ten to fatigue’s physical aspects. Participants rated each of the items on
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a 5-point Likert-type scale consisting of the following: (1) "Does not apply
at all," (2) "Does not apply much," (3) "Slightly applies," (4) "Applies a lot,"
and (5) "Applies completely." FSMC offers cut-off values that determine
fatigue levels in different aspects (general, cognitive, and physical). With
the cut-off values, it is possible to rate the level of fatigue as mild, moderate,
or severe. Appendix A.2, Table A.2 shows the different cut-off values for
the distinct aspects of fatigue according to FSMC. Participants completed
the FSMC before and after the two-week study. We used as the final score
the mean of both completed questionnaires. In this study, we only focus on
the physical aspect of fatigue, as the tapping task is a measurement of motor
fatigability. We label participants as non-fatigued if their FSMC physical
score is less than 22. Otherwise, they are considered fatigued. Appendix A.2
shows the items of the FSMC questionnaire.

e Fatigue Severity Scale (FSS) [Krupp et al., 1989]. FSS is a widely-used
questionnaire to assess fatigue in various diseases [Krupp et al., 1989;
Valko et al., 2008]. The questionnaire consists of 9 questions about how
fatigue interferes with the patient’s activities. Patients rated the items on a
7-point Likert scale with values ranging from 1 = "strongly disagree" to 7 =
"strongly agree." Higher scores indicate greater fatigue severity. The FSS
final score is the mean of all items. We classified scores larger than 3.8 as fa-
tigued participants. The FSS has no defined threshold to identify fatigued par-
ticipants. Thresholds are usually defined depending on the study needs [Ar-
mutlu et al., 2007; Kaynak et al., 2006; Valko et al., 2008]. A score of 4 or
higher is commonly used to identify severe fatigue [Armutlu et al., 2007;
Kaynak et al., 2006]. For the FSMC, we chose to use the lower threshold
(mild fatigue). Hence for the FSS, we chose 3.8 as a threshold, represent-
ing a more conservative score than the commonly used for severe fatigue.
Using this threshold, we identified a correlation of p = 0.85 (p < 0.0001)
between the FSS and FSMC scores which goes in line with the findings
of Penner [Penner et al., 2009]. Through our mobile application, we re-
minded participants to complete the FSS questionnaire once per week. We
used the mean of the completed questionnaires as the final score. Refer to
Appendix A.1, Table A.1 for the complete FSS questionnaire.

Rapid Alternating Finger Tapping

Participants performed rapid finger tapping on their smartphone’s screen with their
dominant hand. We asked them to keep their hand resting on a flat surface while
doing the task with the smartphone set to landscape mode. Figure 4.2 on the left
shows an image of the tapping tasks. The exertion movement required participants to
engage the index and middle fingers. Participants were asked to complete tapping
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trials at their maximal performance (maximal speed) for 30s. They had to tap as
fast as possible without stopping until the app indicated completion. The application
used was introduced in the previous chapter, with the only change of having a stop
condition of 30 s. Furthermore, it did not offer immediate feedback to users if trials
were conducted as expected.

4.1.3. Study Design

Our study included two phases: one in the hospital, and the other in-the-wild, high-
lighted in dark blue and light blue , respectively, in Figure 4.3.

FSMC 9HPT handgrip FSS weekly tapping daily FSMC handgrip

In-hospital (controlled) Two-week in-the-wild (uncontrolled) MisEaleolie1N(fe]qiiye]|[Ye)] }

Figure 4.3.: Study design timeline with two phases: the hospital phase (dark blue) to gather
baseline measurements, and in-the-wild phase (light blue), the core of this
study. During the in-the-wild phase, participants complete tapping trials daily
and the FSS questionnaires once per week. Pre and post in-hospital baselines
and questionnaires were average to get the final scores.

In-hospital

We included a pre-and post-study phase, both guided by a healthcare professional.
During the pre-phase, participants were briefly introduced to the study and com-
pleted the FSMC and a demographic questionnaire. We guided participants through
installing and using our Android application on their smartphones. They also re-
ceived instructions on how to complete the tasks, including a demonstration by the
experimenter and a short familiarization session for each of the tasks: handgrip,
tapping task, and 9-HPT. Participants completed all tasks with their dominant hand
in counterbalanced order. Between tasks, participants rested their arm and hand for
three minutes. During the post-phase, as shown in Figure 4.3, we collected the FSMC
scale and handgrip measurements again. we averaged pre- and post-measurements to
obtain the final scores. By combining two measures, we seek to reduce outliers and
get more reliable baselines.
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In-the-wild

The in-the-wild experiment started immediately after the initial in-hospital phase.
We asked patients to complete tapping trials once daily after receiving the reminder
notification. We did not set a specific time to complete the trials. Instead, we allowed
notifications to be set randomly during the day to achieve higher fluctuations in
the person’s energy level. All trials conducted in-the-wild were completed with no
supervision. Once per week, participants received a notification for completing the
FSS questionnaire. The study duration was two weeks.

4.1.4. Data Collection

During each 30 s trial of the handgrip dynamometer, we recorded ten samples, which
is the maximum sampling rate of the Jamar device we used. For the 9-HPT, we
recorded participants’ time (seconds) to complete the task. We recorded all touch
events on the participant’s smartphone throughout the tapping task using the An-
droid API. We stored all timestamped touch-down coordinates and up events, from
which we compute touch duration (i.e., how long did the finger touch the screen).
Additionally, we computed the tapping frequency per second (i.e., number of taps
recorded within a 1 s window), as a new feature to quantify fatigability. We define
task performance for the tapping task in terms of the tapping frequency. This means
tapping frequency will be high for fast tapping (high performance), whereas tapping
frequency decreases for slow taps (low performance). During our analysis, we also
incorporate the metrics introduced in Chapter 3 touch duration and its slope. Touch
duration has the opposite behavior of tapping frequency. During a high performance,
touch duration decreases and increases as performance decays (i.e., taps become
slower). FSS scores were stored on the participants’ phones.

4.1.5. Hypotheses

We analyzed the data concerning the following hypotheses:

1. We expect to find a comparable decrease in performance between the hand-
grip task and the in-the-wild tapping trials (tapping frequency), similar to
the findings with touch duration (Chapter 3).

2. We expect to see a difference in tapping performance when comparing
fatigued and non-fatigued participants suggesting an association between
tapping performance and perceived fatigue.

3. We expect the smartphone-based tapping task to be feasible and provide
valid results when conducted in unsupervised settings in-the-wild.
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To verify H1, we compared the tapping performance against the handgrip performance
through correlation. However, as this is an in-the-wild study, we compare each
tapping trial with the mean handgrip of pre-and-post in-hospital phases. We verify
H2 by evaluating features derived from the tapping task as a metric to classify fatigued
and non-fatigued participants, according to the FSS and FSMC, using ROC (receiver
operating characteristic) curves and area under the ROC curve (AUCgroc). Finally,
for H3, we use our validity algorithm to verify the trials in-the-wild.

4.1.6. Data Processing Pipeline
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We use tapping frequency as the primary performance metric to assess motor fatigue
with the smartphone tapping task. We define tapping frequency as the total number of
taps registered during one second. Hence, we compute our feature with a one-second
sliding window. We aim to monitor patients reliably in-the-wild. Thus, our data
processing pipeline needs to handle noise and invalid tasks. An important difference
to Chapter 3’s data handling is that it did not include gap verification or handling,
as that study was fully controlled and under supervision. Consequently, it was less
prone to be affected by data gaps. However, the study described in this chapter is fully
unsupervised. Hence, the relevance is verifying the data quality before conducting
any analyses. Gaps can occur when a participant gets distracted by an incoming
phone notification, call, or external factors. Our data processing pipeline includes
three steps: (1) gap removal, (2) task validity, and (3) feature extraction.

1. Gap removal. We identify gaps within a tapping trial when no input is recorded
on the smartphone’s screen for over 843.5 ms. This threshold represents the 0.999th
quantile of the time differences between consecutive taps in our in-the-wild dataset.
We did not incorporate automatic gap detection in the app, as it would imply that
we had prior knowledge of the tapping frequency of MS patients, which was not the
case. Moreover, by setting a threshold without knowing how hand impairment could
affect tapping, we could have erroneously stopped trials of participants with motor
impairment. From our dataset, we have seen that gaps can occur at any time within a
trial. If the gap occurs during the first half of a trial, we move the trial’s start to after
the gap. If the gap occurs after the second half of a trial, we move the trial’s end time
to before the gap occurs. We repeat this process recursively until all gaps within a
trial have been removed. When removing gaps, we verify that the final trial’s length
is at least 27 s to ensure enough data for analysis. Shorter tapping trials are classified
as invalid.

2. Tapping trial validity. We validate individual tapping trials by verifying that
they are completed at maximal performance. First, we derive a continuous time
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series at a constant sample rate and apply a 2"¢ order Butterworth low-pass filter
with a cutoff frequency of 0.5 Hz. Then, we proceed to find the time of maximal
performance (i.e., maximal tapping frequency). We use a low-pass filter to avoid
detecting outliers within the tapping frequency. Since the initial 3 seconds of tapping
contains inertial behavior, we do not consider them when extracting the peak’s
performance time.

Two conditions must hold to verify sustained maximal performance during a tapping
task: (1) The peak of maximal performance should occur during the first half of the
task (i.e., the maximal tapping frequency should occur before 15s). Later peaks in
performance indicate that the person failed to start the task at maximal speed. (2)
After the peak of maximal performance, we expect a negative slope in the tapping
frequency data. To verify this condition, we fit a line to the tapping frequency data,
taking the time of maximal peak performance as the task’s start time. Following,
we extract the line’s slope. After the maximal peak in performance, a positive slope
indicates that the person failed to perform maximal performance from the beginning
of the trial. Figure 4.4 depicts examples of different cases of trial validity: invalid
slope (left), invalid maximal performance location (center), and valid trial (right).
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Figure 4.4.: A trial is invalid when the regression slope of the tapping frequency after
the maximum is positive (left), or when the maximum of the filtered tapping
frequency occurs after 15 s (center). Otherwise, the trial is considered valid
(right), meaning the trial was completed at maximal performance. The first
three seconds of the trial, depicted in grey, are discarded to avoid the influence

of the initial inertia.

3. Feature extraction.

We compute a set of features to evaluate the trial’s perfor-
mance. In particular, we compute the slope of the touch duration, the slope of the
tapping frequency, and the mean and maximum tapping frequency.
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4.2. Results

Our results show an association between the smartphone-based tapping performance
metrics and perceived fatigue measured with the FSMC and FSS. We found a sta-
tistically significant difference between fatigued versus non-fatigued participants’
performance. The difference between both groups (fatigued and non-fatigued) is
significant during the whole study, indicating that the approach is valid in-the-wild
and without supervision. Additionally, our new data processing pipeline and core
metric, tapping frequency, increase the validity of trials by 19% in comparison to the
approach presented in Chapter 3.

4.2.1. Tapping Frequency as a Valid Motor Fatigability Metric

We propose tapping frequency to quantify motor fatigability using the tapping task on
commodity smartphones. We validate our approach by comparing it to two accepted
fatigability methods: handgrip dynamometer and touch duration (see Chapter 3) on
our in-the-wild dataset. We compute correlations between the mean handgrip and
each single tapping trial at the participant level and report the combined correlations.
We applied the data processing pipeline and feature generation as described in
Section 4.1.6. We split the tapping data into ten segments to compare it to the
handgrip dynamometer’s ten measurements. Next, we discard the first data segment
to account for inertia. We perform min-max normalization on the segmented data
instead of standardization before computing the segments.

Using our trial validity definition, we classify 87% of the in-the-wild participants’
trials as valid ( Figure 4.6), which is a 19% increment compared to touch duration
(Chapter 3) using our in-the-wild dataset. The correlation to the handgrip is compara-
ble in both approaches. We used Spearman’s correlation and obtained the following
values, for touch duration p = 0.80, CI: [0.39, 0.98] (p < 0.05 for all except 5
participants), and for our new approach (tapping frequency) p = 0.83, CI: [0.54,
0.99] (p < 0.05 for all except 2 participants).

4.2.2. Fatigue Scores’ Distribution
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The FSMC and FSS score distributions of our study population are depicted in
Figure 4.5. As tapping is a motor task, we focus our analyses on the physical aspect
of the FSMC questionnaire. Following the FSMC cut-off values, we classified 18
patients as fatigued and 17 as non-fatigued. Two of the 35 patients did not complete
a single FSS questionnaire. The FSS questionnaire was intended to be completed
during the in-the-wild phase of the study. From the 32 patients who completed the
FSS survey, we classified 17 patients as fatigued and 15 as non-fatigued. We observe
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Figure 4.5.: Average physical FSMC and FSS scores of our study population. In grey, we
depict the scores that we considered as fatigued.

a correlation of p = 0.85 (p < 0.0001) between the FSS and FSMC scores. With the
conservative threshold of 4.0 for the FSS, 12 patients would classify as fatigued and
20 as non-fatigued.

4.2.3. Completed Trials and Validity

We collected a total of 487 tapping trials from 35 patients during our in-the-wild
study. From those, 70 trials were classified by our validation algorithm as invalid.
Figure 4.6 shows the valid and invalid trials per participant. One participant had
more than half of the trials labeled as invalid (Figure 4.6 "Discarded patient"). We
decided to discard data from this participant as the medical examiner noted during
the in-hospital session that the participant had very long artificial nails that prevented
them from tapping correctly. This resulted in a dataset of 34 patients with 473 tapping
trials, of which 61 are labeled as invalid. The rest of the patients completed the study
and achieved at least eight valid tapping trials during the whole study. The average
validity during the study was 87% (min = 57.0%, max = 100.0%)

4.2.4. Tapping Frequency Outperforms Handgrip Strength When
Analyzing Fatigue

We computed a series of non-parametric Kruskal-Wallis H-tests [Field and Hole,
2003] to identify statistically significant differences between fatigued and non-
fatigued participants in terms of mean tapping frequency and handgrip strengths.
The results are summarized in Figure 4.7. Following previous findings, we expect
fatigued patients to show lower handgrip strength than non-fatigued patients [Nacul
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Figure 4.6.: Total tapping tasks completed per participant over the two-week study. One
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participant was discarded for having more than half of the trials invalid. 87%
of trials were labeled as valid.

et al., 2018]. Figure 4.7 (top left) shows the mean tapping frequency distribution
of the study population according to the FSMC classification, averaged over all the
valid trials of the patients. We observe a statistically significant difference in tapping
frequency comparing the fatigued and non-fatigued group with H = 7.50 (p < 0.01).
However, there is no statistically significant difference in the mean handgrip strengths
(Figure 4.7, bottom left).

While mean handgrip is confounded by gender, tapping frequency is not. Mean
tapping frequency in female participants shows a significant difference between
fatigued and non-fatigued with H = 8.84 (p < 0.01). However, this is not true
among the male participants with H = 2.72 (p = 0.09). These results are shown in
Figure 4.7 (top center). The smaller sample size may explain this compared to the
female group. Only six male participants are classified as non-fatigued according to
the FSMC scale. In terms of mean handgrip ( Figure 4.7 bottom center), there is a
statistically significant difference between genders when analyzing the non-fatigued
H = 11 (p < 0.001) and fatigued H = 7.25 (p < 0.01) groups. However, the
handgrip does not show a statistically significant difference between fatigued and
non-fatigued participants.

The tapping performance and hand impairment analysis shows a statistically signifi-
cant difference between non-impaired fatigued and non-fatigued participants with
H = 5.72 (p < 0.05). However, there is no significant difference between the fa-
tigued participants of the impaired and non-impaired groups. Only seven participants
were classified as hand-impaired according to the 9-HPT. Of those, only two were
non-fatigued. The small amount of non-fatigued and hand-impaired participants
does not allow us to calculate whether there is a significant difference among the
non-impaired population. In terms of handgrip strength, there is neither a difference
between impaired and non-impaired participants nor a difference within these groups



4.2. Results

_13 o _ 13
(%] (2]
114 - a114 . il
© ©
=9l [%] = 9] %
L 1 [T
= =
c 74 c 74 @ —%l
© ©
(] (]
= 54 = 5
no faltigue fatilgue rln % norlmal impéired
FSMC score Gender 9-hole peg test
—50 —50 - Hokk
(@) ()] %
i‘_40 g 14_40 . —
& &
% 30 - . % 30 4 4
[257]
< 20 - - 20 %
0 0
s 10 1 s 10 -
no faltigue fatilgue rln % norlmal impéired
FSMC score Gender 9-hole peg test

Figure 4.7.: Mean tapping frequency (fop) and mean handgrip strength (bottom) in function
of FSMC motor fatigue, gender, and impairment as defined by the 9-hole peg
test. Fatigue is shown in orange and no fatigue in blue.

in terms of fatigue. Figure 4.7 (right) shows the box plots corresponding to this
analysis.

We performed a similar analysis to explore mean tapping frequency and handgrip of
fatigue and non-fatigued participants according to the FSS questionnaire, coming to
similar conclusions presented in this section. However, when exploring the influence
of gender on the mean tapping frequency and the FSS, we found a statistically
significant difference between female and male participants. This is opposite to the
FSMC, where no statistically significant difference was found for male participants.
Refer to Appendix B.1 for the box plots related to the FSS scores. Furthermore, full
descriptive statistics on the performed test and additional non-parametric tests are
shown in Appendix B.3.

4.2.5. Tapping Frequency as a Surrogate for Perceived Fatigue

To explore the association between our metric and perceived fatigue, we computed
the predictive power of the tapping frequency to rank fatigued participants according
to the FSMC and FSS scores. We use ROC curves and AUCgoc [Jin Huang and
Ling, 2005] to evaluate the performance of our metric using it as threshold to classify
between fatigued and not fatigued participants. AUC has the advantage that it
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provides the features’ overall classification performance without defining a threshold.
Thresholds can be adapted depending on a specific purpose. In some cases, the focus
is on high recall, while in others, on accuracy.

Evaluation Setting

To evaluate the robustness of our approach and compute confidence intervals for
AUCRoc, we use stratified Monte-Carlo sampling [Preacher and Selig, 2012] with
1000 iterations and randomly select (without replacement) in each iteration 2/3 of our
participants’ data (tapping trials) for evaluation. We partitioned the tapping data into
six strata, following two partitioning criteria: (a) fatigued as a binary state according
to FSMC or FSS, and (b) an age group, which can be one of three: [18,30), [30, 40),
and [40,00). Each participant and their data is fully assigned to one of the resulting
six strata. Thus, when performing the stratified split, either a participant’s data is
fully considered or not at all. With this approach, we split at the participant level,
ensure class balance, and account for age.

We report the average (X) AUCgroc with its respective confidence intervals. Addition-
ally, we explore how the predictive power changes when combining more than one
tapping trial. Thus, we combine consecutive, valid trials by averaging their features.
For visual inspection, we include plots of the ROC curves corresponding to the 1000
splits and averaging three consecutive, valid trials. This section reports results for
several features, specifically mean tapping frequency, maximum tapping frequency,
and the slope of the tapping frequency. There is no established baseline for this clas-
sification task. Nevertheless, we consider the participant’s age and the slope of the
touch duration as baseline comparisons. Previous research shows that fatigue occurs
more frequently in older patients, independently from disease severity [Colosimo
et al., 1995]. Furthermore, we proposed touch duration declined rate (slope) as a
fatigability metric.

FSMC - Motor Fatigue Ranking According to AUCroc
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Our results show that maximum and mean tapping frequencies outperform the other
features. When considering a single tapping trial ( = 1), tapping frequency ranks
fatigue and non-fatigued participants with AUCroc X = .74 +.05. Furthermore,
we observe that the AUCgoc increases when averaging consecutive trials’ features.
Tapping frequency reaches a maximum when combining three consecutive, valid
trials, representing an improvement of 2 percentage points (p.p). Figure 4.8 (right)
shows the ROC curves corresponding to the mean and maximum tapping frequency,
best-performing features when averaging three successive valid trials. The slope of
the tapping frequency ranks participants with AUCgoc X = .65 .05 when ¢ = 3.
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Followed by touch duration slope with a AUCroc X = .60 + .05 when t = 3, and age
with AUCRoc X = .57 +.05. We computed slopes as features of motor fatigability as
suggested in previous research [Bigland-Ritchie et al., 1983]. Similarly, we consider
the participant’s age as a feature, as previous research has shown that fatigue occurs
more frequently in older patients, independently from disease severity [Colosimo
et al., 1995]. Our suggested metric, tapping frequency, outperforms the baseline
touch duration slope and age by 16 p.p and 19 p.p, respectively. Our results show
that tapping trial performance metrics outperform the motor fatigability metrics for
assessing perceived fatigue.
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Figure 4.8.: Mean AUCgoc when ranking motor fatigue according to FSMC of all partici-
pants (N=34) on the left. Mean tapping frequency shows the best performance
in comparison to the other features. Also, reliability increases when averaging
the features of consecutive valid trials (). ROC curves for mean and maximum
tapping frequency with r = 3 are displayed on the right. Data generated using
Monte-Carlo simulation with 1000 iterations.

FSS - Fatigue Ranking According to AUCroc

Fatigue ranking in terms of the FSS questionnaire shows the same behavior as
described for the FSMC ranking. Mean tapping frequency and maximum tapping
frequency exhibit the best ranking performance. When considering a single tapping
trial (# = 1), mean tapping frequency ranks fatigue and non-fatigued participants
with AUCroc X = .80 +.05. Furthermore, we observe that the AUCgoc increases
when averaging consecutive trials’ features. Tapping frequency reaches a maximum
when combining three consecutive, valid trials with AUCgoc X = .81 +.05. The
next best feature is maximum tapping frequency with AUCroc X = .77 + .05
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when combing three trials (r = 3). Following is tapping frequency slope with with
AUCgroc X = .61 +.05 when r = 3, age with with AUCgoc X = .56 +.05
when ¢t = 3, and finally touch duration slope with AUCgoc X = .50 +.05. The
touch duration slope shows a random behavior for ranking fatigue according to the
FSS. Mean tapping frequency outperforms the fatigability baseline touch duration
slope and age by 31 p.p and 26 p.p, respectively (Figure 4.9) Similar to the FSMC
ranking results (Section 4.2.5), tapping trial performance metrics outperform the
motor fatigability metrics for assessing perceived motor fatigue.
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Figure 4.9.: Mean AUCgoc for fatigue according to FSS of all participants (N=32) on

the left. Mean tapping frequency shows the best performance in comparison
to the other features. Also, reliability increases when averaging the features
of consecutive valid trials (7). ROC curves for mean and maximum tapping
frequency with # = 3 are displayed on the right. Data generated using Monte-
Carlo simulation with 1000 iterations.

4.2.6. Participants’ Adherence — Temporal Analysis
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To verify that our approach is valid in-the-wild, we analyzed how the metric outcomes
varied over the two-week study. We compute a sliding window and average the mean
tapping frequency over three consecutive, valid trials. Afterward, we compute
a series of Kruskal-Wallis H-tests to verify the statistically significant difference
between fatigued and non-fatigued patients according to the FSMC and FSS held
during the two-week study. Figure 4.10 and Figure 4.11 offer an overview of the
results corresponding to the FSMC and FSS, respectively. The results show that the
statistically significant difference between the fatigued and non-fatigued participants
in terms of the mean tapping frequency holds in-the-wild for both questionnaires.
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This confirms that our metric is valid in unsupervised settings and that the approach
is suitable for monitoring fatigue remotely.

FSMC - Mean tapping frequency averaged over three consecutive valid trials
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Figure 4.10.: Mean tapping frequency of three averaged valid asks during the course of the
study grouped by motor fatigue as defined by the FSMC questionnaire.

FSS - Mean tapping frequency averaged over three consecutive valid trials
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Figure 4.11.: Mean tapping frequency of three averaged valid asks during the course of the
study grouped by fatigue as defined by the FSS questionnaire.

4.3. Discussion

In this section, we discuss the implications of our findings, the limitations of our
work, and possible directions for future research.
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4.3.1. Implication of Subjective/Objective Measurements of Fatigue
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There is a clear unmet medical need to develop an objective measure to assess both
motor and cognitive fatigue in MS patients. The availability of such a tool would be
an essential component to creating new therapies and improving routine medical care
by helping to assess the effect of an intervention and to differentiate from various
confounding symptoms, e.g., sleepiness, mood alterations, and others. Despite being
a debilitating symptom affecting 90% of all MS patients throughout the disease, there
is still no approved therapy available. Therefore, different compounds have been
tested in randomized placebo-controlled clinical trials (or are being used as off-label
treatments). The results of these trials are inconsistent; some reported good efficacy
of the therapies, whereas others did not show a benefit of the therapies [Hader
et al., 1987; Cohen and Fisher, 1989; Ledinek et al., 2013; Krupp et al., 1995;
Brioschi et al., 2009; Rammohan et al., 2002; Stankoff et al., 2005; Moller et al., 2011;
Lange et al., 2009; Nourbakhsh et al., 2021]. The outcome measures in all these trials
were subjective questionnaires. It is well accepted that the magnitude of the placebo
effect is an important reason for the variability in efficacy [Nourbakhsh et al., 2021;
Pucci et al., 2007; Sheng et al., 2013]. Hence, an objective measure would overcome
this limitation for treatment development and provide a useful medical decision-
making tool.

The smartphone-based tapping task is easy to administer, and because of its game-like
character, it could potentially have a higher acceptance than standard questionnaires.
While the tapping task takes less than a minute, the FSMC questionnaire involves
20 items that must be answered by deciding on five given choices on a Likert scale.
Nevertheless, user acceptance needs to be assessed in future studies.

Further, the tapping task provides a direct (to the point) measurement. It could be
administered several times a day to quantify fluctuations in performance fatigability,
typical of fatigue. Questionnaires evaluate the symptom only retrospectively, usually
for two weeks, and are therefore less precise and not sensitive to fluctuations or
short-term changes in the severity of the symptom (i.e., following physical/medical
interventions). Hence, a more continuous (higher frequency) assessment is advan-
tageous for following patients over time and assessing new interventions’ effects.
However, one has to consider that fatigability relates to a specific task, while fatigue
questionnaires cover a general feeling which affects the person as a whole. Thus, our
approach complements existing fatigue quantification methods.

Our study provides a proof-of-concept for an association of motor fatigability, as-
sessed by the tapping task, with subjective motor fatigue, assessed by the FSMC,
which has been developed and validated in MS patients. Furthermore, the association
between smartphone-based motor fatigability and perceived fatigue has also been con-
firmed with an independently validated fatigue questionnaire, FSS. Hence, the study
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provides early evidence for an association between the objective smartphone-based
motor fatigability measurement and perceived fatigue in MS patients. Nevertheless,
further and more extensive studies are needed to establish the predictive value of the
tapping task to subjective fatigue.

4.3.2. Tapping Frequency as Reliable Smartphone-based Motor
Fatigability Metric

We believe that our proposed method is less prone to outliers compared to fouch
duration, introduced in Chapter 3. Touch duration could have an erroneous represen-
tation of the tapping task performance, given that the metric fails to account for the
time when fingers perform their air motion. An example of this behavior is when the
person is fast at lifting the fingers from the smartphone screen, but their finger’s air
motion is slow. Our metric, tapping frequency, does not suffer from this phenomenon,
as it reflects the whole dynamics of the tapping task. Additionally, with our gap
removal, we seek a more flexible approach.

Gap Removal for In-the-wild Studies

The gap removal intends to gain as much value from the data as possible while
avoiding discarding complete trials, a key feature for in-the-wild studies. This is
particularly useful for unsupervised settings where the person may get distracted
while performing a trial. Phone notifications, calls, or external factors could cause
distractions. Additionally, we noticed the utility of our validation algorithm when it
detected problems with one patient. Later we learned that the patient had very long
artificial nails that caused unreliable tapping. In summary, our new method makes
fewer assumptions, increases validity by 19%, and shows a comparable correlation to
the clinical baseline (handgrip).

4.3.3. Tapping Frequency — Difference Between Fatigued and
Non-fatigued Patients

From the tapping frequency, we learned that non-fatigued participants delivered a
higher mean tapping frequency than fatigued participants and that this difference is
statistically significant. Patients defined as non-fatigued according to the FSS and
FSMC questionnaires achieved higher maximum tapping frequencies. In contrast,
when using the handgrip dynamometer, we notice no statistically significant differ-
ence between fatigued and non-fatigued patients. Moreover, tapping frequency is
independent of gender, while the handgrip dynamometer is not. Hence, our approach
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shows advantages and outperforms the handgrip dynamometer for monitoring motor
fatigue.

4.3.4. Participants’ Compliance to the Study Protocol

Through our experiment, we examined participants’ adherence to the study protocol
over two weeks. Compliance during the study was good. Analysis of the participants’
two-week behavior shows no significant change in tapping frequency over time. All
patients completed the two-week protocol, and the number of invalid trials did not
show a particular pattern. Using our validity algorithm, we analyzed the completed
tapping trials and found that only a small percentage was invalid. Our analysis shows
that combining several tapping trials is advisable to achieve higher confidence in
the results. We show that the average of three tapping trials is sufficient to classify
fatigue.

4.3.5. External Validity of the Results

There is no standard objective method to measure overall fatigue, particularly per-
ceived fatigue, other than standard questionnaires. Hence, to develop a new approach,
one has to rely on these validated questionnaires as a reference. Therefore, as part
of this study, we aimed to assess the association of motor fatigability, assessed with
the tapping task, with perceived fatigue rated by standard questionnaires. The fol-
lowing steps have been taken to ensure the validity of the results. First, we validate
tapping frequency as an objective measure of motor fatigability against a standard
reference method (handgrip dynamometer). Second, the validity of an unsupervised
assessment of the smartphone-based task has been confirmed in an in-the-wild study
in MS patients. Third, we use the in-the-wild data to assess whether the results of
the tapping task can be used as a surrogate for subjective fatigue, being classified
using two different questionnaires, both validated in MS patients. Overall, the results
provide early evidence for using the smartphone-based tapping task as a surrogate for
perceived fatigue. However, more extensive and independent studies are needed to
confirm the results and establish an objective task of motor fatigability as a surrogate
for subjective fatigue.

4.3.6. User-interface, Interaction and Design Improvements
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Informal feedback from the participants suggests that performing daily tasks can
produce a lack of motivation and boredom. This can be addressed in further stud-
ies by introducing a gamification mechanism to keep the participant engaged and
motivated. We recommend combining three tapping trials to achieve better results
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and avoid demotivating the users. However, most importantly, we do not advise
conducting the tapping task daily for prolonged periods. An alternative approach
would require tapping trials for three consecutive days every 1-2 weeks. Further
studies are necessary to estimate a suitable periodicity for the tapping task.

Immediate Validity Feedback

We only applied our validity algorithm during a post-processing phase. In future task
design improvements, we recommend incorporating immediate feedback to the user
to further reduce the total percentage of invalid trials. Trials can be automatically
stopped when gaps exceed a defined threshold of 1s. When this occurs, users can be
notified of the specific problem (large gap) and can be asked to restart the tapping
trial from the beginning.

Maximum Tapping Frequency and Shorter Trials

Our results indicate that maximal tapping frequency is also a suitable surrogate for
fatigue. This has important implications as it would mean that our proposed validity
algorithm would change, and potentially fewer trials will be discarded. Additionally,
this would imply that the tapping trials could be shorter than 30 s. However, further
studies are needed to evaluate the full implications of such changes. Further analysis
suggests that the mean tapping frequency measured during only 15 s of a tapping trial
produces comparable results, indicating that a shorter task may be viable. However,
further studies are needed to confirm this hypothesis. In addition, we do not know
how patients’ behavior and intrinsic motivation will change when performing the
task in a shorter time frame. Twenty seconds of tapping is a suitable compromise
based on our observations. We do not recommend shorter trials as we know the initial
3's of tapping accounts for task inertia and momentum. Moreover, applying the gap
removal algorithm reduces the effective trial length, but trials must be sufficiently
long to quantify fatigue.

4.3.7. Limitations and Future Challenges

Tapping and Impairment

A larger study population is needed to evaluate our metric’s reliability in MS patients
with hand impairment. Only two of seven hand-impaired patients were non-fatigued.
Hence, at this point, we cannot conclude if there is a statistically significant difference
between fatigued and non-fatigued patients within this specific population. However,
we see this as a minor drawback of our approach. Our results show that our tapping
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task is feasible and valid in our MS cohort and is, therefore, a promising tool for
patients with other disease entities, such as post-COVID19 syndrome, which is not
associated with hand impairment. Future studies should include larger numbers of
MS patients combining the whole spectrum of disabilities and further expanding to
other diseases, particularly those that do not entail hand impairment.

Recognizing Different Fatigue Levels

In this study, we used the FSMC as a 2-level assessment tool. However, the FSMC
offers thresholds for the different fatigue levels: "mild," "moderate," and "severe."
We used the FSMC for binary classification and considered patients fatigued once
they exceeded the lowest threshold (mild fatigue). During future work, we plan to
explore using our approach for classifying the multiple fatigue levels. A larger study
population is needed to assess the feasibility of this approach.

Recommendation for Future Trials

4.4.

60

First, single-tapping task measurements are usually unreliable as they could be
classified as invalid. Averaging values of several trials leads to better results when
analyzing fatigue. The frequency of the measurements is also an important point that
should be taken into account. Even though we did not conduct specific interviews
to get feedback about the usability of the task and study design, some patients gave
informal feedback indicating that frequent testing may become tedious or tiresome.

Conclusion

We introduced a new metric as a proxy to quantify perceived fatigue objectively. Our
metric, mean tapping frequency, is derived from a simple tapping task performed
on commodity smartphones. The validity of the metric has been confirmed by a
significant correlation with handgrip strength measurements, which is the current
standard procedure for measuring motor fatigability. Additionally, we demonstrate
that our approach is comparable to touch duration, which was introduced in the
previous chapter. Our two-week in-the-wild study, in 35 MS patients, shows that mean
tapping frequency can rank fatigued and non-fatigued with AUCgoc X = .76 +5
according to the FSMC, and with AUCgoc X = .81 +.05, according to the FSS,
indicating an association between fatigue and our smartphone-based assessment
metric.

In summary, our results show that: (1) Tapping frequency is a valid motor fatigability
metric. (2) Our data processing pipeline maintains task validity with an increase of
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19% over touch duration. (3) Mean tapping frequency can discriminate fatigue rated
by two clinical fatigue scales (FSS and FSMC). (4) Mean tapping frequency as an
objective fatigue metric is valid in-the-wild. (5) Combining several trials improves the
reliability of fatigue prediction. Future studies in MS patients with hand impairment
are needed to establish the validity of our metric in this population. Furthermore,
future longitudinal studies are needed to establish optimal time intervals between
tapping trials and verify if our metric can be established as a surrogate for perceived
fatigue.

Our goal was to study the feasibility of establishing an objective metric as a surrogate
for perceived fatigue. We are confident that our work is a step toward ubiquitous and
objective symptom quantification. Our simple model provides good interpretability
and a higher chance of being adopted in clinical practice. Providing a novel tool to
follow patients with fatigue continuously meets an important unmet medical need in
MS and many areas of medicine where fatigue is a prevalent condition. An objective
and reliable measure as a surrogate for fatigue facilitates further research on this
devastating symptom, particularly the development of novel therapies. Additionally,
the ability to monitor patients over time and independently from medical facilities (i.e.,
in-the-wild) provides an important advantage in assessing the effects of therapeutic
interventions.
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Cognitive Fatigue
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CHAPTEHR

Cognitive Fatigability Assessment Test —
cFAST

This chapter is based on the following publication:

Liliana Barrios, Rok Amon, Pietro Oldrati, Marc Hilty, Christian Holz, An-
dreas Lutterotti. Cognitive fatigability assessment test (CFAST): development
of a new instrument to assess cognitive fatigability and pilot study on its

association to perceived fatigue in multiple sclerosis. SAGE journals, Digital
Health. August 2022.

In the previous two chapters, we focused on fatigue’s physical aspect. Now, we
shift the focus to fatigue’s cognitive aspect. As described in Chapter 2, there are
no dedicated tests to quantify cognitive fatigability [Walker et al., 2019]. Existing
studies use one of two strategies. Either they conduct a test battery or employ a
single prolonged cognitive task to measure the decline in performance within the
task. Amount the cognitive function tests utilized within fatigability research are:
(1) the Paced Auditory Serial Addition Test (PASAT) [Tombaugh, 20061, (2) the
Psychomotor vigilance task (PVT) [Basner and Dinges, 2011], and (3) the Stroop
test [Stroop, 1935]. However, utilizing cognitive function tests to assess cognitive
fatigability comes with drawbacks, such as long testing sessions. Hence, in this
chapter, we propose a new test for measuring cognitive fatigability in a short period
(i.e., 5 minutes) and refer to it as the Cognitive Fatigability Assessment Test (cFAST).

cFAST is inspired by the Symbol Digit Modality Test (SDMT) digit-symbol matching
logic [Smith, 1982]. SDMT is a cognitive test that measures information processing
speed to quantify disability. Studies showed that the SDMT is relatively resistant to
practice effects [Benedict et al., 2012], in particular when rearranging the keys [Roar
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Figure 5.1.: Currently, there is no dedicated test to measure cognitive fatigability. Hence, we
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introduce cFAST, an specific test that aims at measuring cognitive fatigability.
We validate our test by comparing it to standard fatigue questionnaires (FSMC
cognitive subscale).

et al., 2016], making it an attractive tool for cognitive monitoring over time in clinical
trials [Patel et al., 2017]. Moreover, it has also been validated for smartphones [van
Oirschot et al., 2020]. Our solution uses a similar key-symbol matching strategy to
measure fatigability instead of cognitive impairment.

We start the chapter by describing the development of our new objective and ubiqui-
tous measurement of cognitive fatigability (cFAST). Our test is smartphone-based.
We developed it through an iterative process involving patients, neuropsycholo-
gists, and neurologists. We opted for a smartphone-based implementation given the
high acceptability and interest of MS patients in smartphone-based tools that allow
them to monitor and manage their condition [Griffin and Kehoe, 2018; Apolindrio-
Hagen et al., 2018; Ayobi et al., 2017; Giunti et al., 2018; Van Kessel et al., 2017;
Midaglia et al., 2019; Rice et al., 2021; Motl et al., 2017]. Following, we introduce
our study to investigate the association between the newly developed objective mea-
surement (cFAST) and perceived cognitive fatigue. We conducted a pilot study with
MS patients who completed the cFAST and the FSMC [Penner et al., 2009]. Using
the FSMC cognitive subscale, we assign the participants to the cognitive-fatigued
(subscale>22) and non-cognitive-fatigued (subscale<22) groups [Penner et al., 2009].
Figure 5.1 highlights the focus of our study within the context of fatigue and fatiga-
bility research. From the cFAST, we extracted a set of metrics and evaluated group
differences with t-tests. Through Area Under the Receiver Operating Characteristics
(AUROC), we assessed the performance of our proposed metrics to classify cogni-
tively fatigued vs. non-cognitively fatigued patients. Furthermore, we investigated
the relationship between our proposed test (CFAST) and metrics for disability.
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5.1.1. Development of the Cognitive Fatigability Assessment Test
(cFAST)

We aimed to develop a test to objectively quantify cognitive fatigability that meets
the requirements: (1) engages cognitive processing speed and induces cognitive load,
(2) is short, self-explanatory, and allows for remote monitoring, and (3) does not
require medical supervision. We followed an iterative process during the design
and development of the application. The medical professionals reviewed different
prototypes to ensure an appropriate design based on clinical theory and practice
is implemented. Additionally, we gathered informal feedback from MS patients
regarding our prototypes before converging on our final design. Refer to Appendix C.1
for further details on the prototypes’ designs and selection.

Figure 5.2 displays cFAST’s user interface and highlights its elements. The test is
designed to be carried out by holding the smartphone in landscape mode. The middle
of the screen shows a large blue symbol (main symbol). The main symbol has to
be mapped to its corresponding digit following the mapping rule displayed at the
top of the screen. Selection occurs by tapping the numbers located at the bottom of
the screen. Users have a limited time to find the corresponding number associated
with the main symbol. A yellow progress bar around the symbol indicates how much
time is left until the symbol is changed automatically. The main symbol changes
under two circumstances: (1) after the user taps a number or (2) when the progress
bar has entirely run out. Every time a new symbol appears, the associations and
positions of the top mapping rule are randomized, and the progress bar is restarted.
The randomization seeks to diminish the possibility of a learning effect associated
with memorizing the digit-symbol mapping within the same test run. The progress
bar is a pressure mechanism to motivate users to be fast and avoid resting periods. A
timer located at the top left indicates how much time is left for the test to end. Users
can exit the test at any moment by tapping the exit button located at the top right
corner. If exited early, the test is considered invalid.

Our test is inspired by the SDMT (Symbol Digit Modalities Test) [Smith, 1982], as it
is a widely used, accepted, and validated cognitive assessment test in MS. However,
cFAST differs from the SDMT in several aspects:

1. cFAST is a cognitive fatigability test, while SDMT assesses cognitive im-
pairment and working memory.

2. Contrary to the SDMT, cFAST does not allow participants to look ahead to
match the following symbols. Hence, participants cannot anticipate the next
answer to reduce their response time.
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Figure 5.2.: cFAST user-interface with highlighted elements in red. Note. cFAST, cognitive

fatigability assessment test.

3. There is a time limit to complete each selection in cFAST.

4. cFAST randomizes the matching rules after each answer, while SDMT has
a fixed matching rule.

5. The duration of a cFAST session is 5 minutes, while the SDMT lasts 90
seconds. The increased duration is needed because cognitive fatigability is
notoriously hard to elicit in a short time. However, cFAST is significantly
shorter than existing attempts to measure cognitive fatigability.

All these design considerations seek to evaluate cognitive fatigability.

5.1.2. Application Logic
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cFAST is designed with the aim of being conducted outside the clinic and without
medical supervision. Therefore, the application logic is self-explanatory and contains
a personalization phase to maximize the users’ understanding and tailor it to their
performance. This phase needs to be completed before being able to run cFAST.
Figure 5.3 depicts the application logic diagram.

At the start of the personalization phase, users are prompted for a mandatory two-
minute preparation step. Before starting the calibration, this step aims to familiarize
users with the test’s matching logic and rules. To this end, a confirmation step ensures
that, during the preparation, users provided at least 70% correct digit-symbol matches
out of a minimum of 20 answers. Contrary to the calibrated cFAST, there is no time
limit to match individual symbols during preparation. Hence, symbols only change
after the user presses a number from the selection panel. We refer to this method
as manual. This functionality allows users to understand the test’s matching logic
without time pressure.

During preparation, users receive immediate feedback on whether their choice is
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Figure 5.3.: cFAST application logic. In the personalization phase, users complete the
preparation and confirmation to ensure they understand the test’s matching
logic and the calibration to derive the calibrated rate used in cFAST. After this
phase, cFAST is personalized and ready to be used. Note. cFAST, cognitive
fatigability assessment test; CR, calibrated rate.

correct or incorrect through a label located at the left side of the screen (Figure 5.4).
Failed preparation trials indicate that the user has not sufficiently trained in operating
the test yet or did not perform it as fast as possible and thus must repeat it. The
motivation for providing immediate feedback is to help the user understand the
matching mechanics of the test. This functionality is particularly beneficial for
unsupervised settings where no medical examiner is present to clarify patient doubts.
Users can start the calibration step only after preparation is passed successfully. The
calibration step lasts one minute and uses the same logic as the preparation step but
without providing feedback. At this point, we assume users understand the test’s
matching logic. Similar to preparation, calibration also employs a manual mechanism.
However, its goal is to extract the users’ reaction time, which we call calibrated rate.
This rate is then used in cFAST. Thus, the manual function of the application has
two goals: (1) during the preparation, it allows sufficient time for users to understand
the test’s matching logic, and (2) during calibration, it helps derive a personalized
calibrated rate.

Correct selection Incorrect selection

A +)(C2k->vH
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Trial

@
— »

1213456789

1234 5/[6]78/9

Figure 5.4.: Preparation step user interface. The blue rectangle indicates the answer pro-
vided by the user. After each number selection, the interface indicates with a
label whether their attempt is correct (left) or wrong (right).
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Deriving calibrated rate

The calibrated rate is a crucial feature of cFAST, and it is derived from the 1-minute
calibration step of the personalization phase (Figure 5.3). The calibration step uses
the same logic as the preparation step but without user feedback. During calibration,
symbols are only changed once the user taps a number from the selection panel
(manual mechanism). We use 85% percentile of the response time exhibited during
the calibration step to extract the calibrated rate, meaning each user may perform
the task at different rates but always with regards to their top performance. Thus,
the calibrated rate is tailored to each user, accounting for patients’ different levels of
disability. Once the calibrated rate is derived, cFAST is personalized and ready to
use.

Eliciting cognitive fatigability

During a cFAST session, users must repeatedly match a symbol with their correspond-
ing number. However, tasks of this nature are typical examples of speed-accuracy
trade-off [Zhai et al., 2004]. Participants tend to decide between performing the test
with high accuracy but slow (i.e., low exertion) or fast but low accuracy. Either of
these scenarios would significantly limit the fatigue-inducing effect of the test. With
cFAST, we seek to reduce this trade-off by adding a limited timeframe (calibrated
rate) for each selection. This timeframe is indicated through a yellow progress bar
(Figure 5.5). With this approach, participants cannot spend unlimited time making a
decision. Moreover, we hypothesize that the added pressure to make a fast selection
contributes to the cognitive load required to induce cognitive fatigability.

Progress bar full around central symbol Progress bar partially around central symbol

C)2-47T>C+k
793165842

D
1123/4/5/6/[7819 ) | 1123/4/5/6/[789

Figure 5.5.: cFAST user interface. The left side of the image displays the screen at the
beginning of a 5-minute test. The yellow progress bar indicates the remaining
time to complete a selection. The digit-symbol mapping is randomized after
each selection to reduce learning effects. Note. cFAST, cognitive fatigability
assessment test.
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5.1.3. Participants

We recruited 48 patients from the MS outpatient clinic of the Department of Neu-
rology, University Hospital Zurich, between September 2020 and April 2021. Par-
ticipants provided written consent following the Declaration of Helsinki [World
Medical Association, 2002]. The EDSS was obtained from the routine neurologic
examinations performed at the hospital. This study was approved by the local ethics
committee (Cantonal Ethics Committee Zurich, Switzerland). Inclusion criteria con-
sisted of: (a) confirmed MS diagnosis and (b) age between 18 to 70. In addition,
exclusion criteria included: diagnosis of depression, schizophrenia, bipolar disorders,
ADHD, and regular intake of psychostimulants or anticonvulsant medications.

5.1.4. Study Design

Participants were briefly introduced to the study setup and completed a demographic
questionnaire. Following, the study examiner showed them the application and
the logic of the cFAST. Participants started with the 2-min preparation session.
After successful completion, they performed the calibration step. Next, we asked
participants to complete a first cFAST session of 5 minutes, considered a trial, to
ensure they understood the test logic. There was a short break in which participants
filled out the FSMC questionnaire. Next, participants performed a second cFAST
session. Previous cognitive fatigability studies, including modified versions of the
SDMT, do full trials and discard this data before conducting the test to ensure
participants understand the test logic [Chen et al., 2020]. Hence, all data analyses
presented in this chapter are based on the main cFAST and not the trial data.

5.1.5. Data Collection and Processing Pipeline

We collected touch data from the smartphone using a custom Android application
we developed. Each sample in our dataset contains the symbol ID to be matched,
the user’s selection, if there was any, the current mapping rule, and the timestamp of
the touch-down event. Our data processing pipeline includes three steps: (1) artifact
detection, (2) cognitive adaptation removal, and (3) metrics extraction.

1. Artifact detection. We use response time as one of our primary performance
metrics. Artifacts in response time typically appear when a user aims at tapping
a digit to match the current symbol, but they run out of time. Hence, the newly
displayed symbol is stored with a short response time, and the previous symbol
is marked as a missed answer (Figure 5.6). These artifacts must be identified and
removed to avoid double-counting errors and computing a misleading response time.
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response time [ms]

Therefore, in our preprocessing step, we remove any entry after a missed answer
with a response time of less than the average minus two standard deviations of the
entire cFAST session’s response time. This results in subject-specific thresholds that
account for the difference in average performance. With this method, we remove an
average of 3.8 entries per session, with the average session containing 138 answers.
Figure 5.6 right shows the same data after artifact removal.
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Figure 5.6.: Artifacts in response time typically appear when a user provides an answer
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shortly after running out of time. Therefore, the pressed digit is associated with
the newly displayed figure. As a result, the previous entry is classified as a
missed answer, and the current figure has a very short response time (left side).
We detect and remove these artifacts to avoid misleading errors and response
time values (right side).

2. Cognitive adaptation removal. Previous cognitive fatigue studies describe an
adaptation phase occurring at the beginning of a cognitive task due to some unspecific
modulations of training and adaptation and highlight the need to account for these
effects when studying fatigue [Mockel et al., 2015; Wascher et al., 2014]. A common
strategy to deal with the adaptation in cognitive fatigue studies is to omit the start
of the task [Mockel et al., 2015; Wascher et al., 2014]. The adaptation phase is not
unique to cognitive tasks as it has also been detected in motor fatigability tasks (refer
to Chapter 3 and Chapter 4). A similar strategy is applied in motor tasks by removing
the start of the task to account for the adaptation period [Schwid et al., 1999]. cFAST
sessions exhibit an adaptation period in the initial part of the test, particularly for
fatigue patients. Figure 5.7 depicts the average mean-normalized reaction times for
all fatigued patients for 5 minutes cFAST in 30-second segments. During the first
segments, we observe an increase in reaction time, followed by a decrease in reaction
time in the third segment. We attribute these changes in performance to an adaptation
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period before users are fully immersed in the test [Mdckel et al., 2015; Wascher et al.,
2014]. Hence, to make a fair comparison between the study participants, we discard
the first 60 seconds of all cFAST tests (42 sessions) before extracting the metrics and
performing the data analysis.

CFAST session - fatigued patients
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Figure 5.7.: cFAST session with average mean-normalized reaction time per 30 second
segments for each fatigued participant. The first two segments (60 seconds)
are discarded as we consider them part of the adaptation phase.

3. Metrics extraction. We define two sets of metrics to quantify performance
during a cFAST test session: (1) general metrics, which represent the average per-
formance during an entire test session, and (2) fatigability metrics, which measure
the change in performance occurring between the first third and last third of a test
session. Table 5.1 displays an overview of the proposed metrics with their definition.

5.1.6. Statistical Analyses

We use descriptive statistics to summarize and compare the study subpopulations. We
evaluate the performance of our derived smartphone-based metrics to discriminate
between cognitive-fatigued and non-cognitive fatigued subjects following the FSMC
cognitive subscale (threshold=22) [Penner et al., 2009]. With t-tests, we explore
group differences and consider P < .05 significant. Furthermore, through Area Under
the Receiver Operating Characteristics (AUROC), we evaluate the performance of
our derived smartphone-based metrics to classify cognitive fatigued vs. non-cognitive
fatigued subjects, independently of age and EDSS. We assess the robustness of our
approach and compute confidence intervals for AUROC using stratified Monte-Carlo

73



Cognitive Fatigability Assessment Test — cFAST

Table 5.1.: Metrics description.

Type Name Description

general response time average time in milliseconds to tap a digit from the

selection panel after the appearance of a new symbol.

calibrated rate  time duration in milliseconds for each new symbol
— derived from the calibration phase (corresponds to
progress bar duration).

correct total correct matches
errors total errors including wrong matches and missed an-
SWer.
fatigability Acorrect percent change in correct between the first and the last
third of the task.

Aresponse time percent change in response time between the first and
the last third of the task.

Aerrors percent change in errors between the first and the last
third of the task.
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sampling [Preacher and Selig, 2012] with 1000 iterations and randomly select (with-
out replacement) in each iteration 1/2 of our participants’ data (cFAST sessions) for
evaluation. We partition the cFAST data into eight strata, following two partitioning
criteria: (a) cognitive fatigued as a binary state according to FSMC cognitive subscale
(threshold=22) and (b) an EDSS group, which can be one of four: [0,1), [1, 2), [2, 3),
and [3,00). The idea of this partition is to find a metric that works best in the whole
spectrum of disability. Each participant and their data is fully assigned to one of the
resulting eight strata. Thus, when performing the stratified split, either a participant’s
data is fully contained in the split or not at all. Hence, with our approach, we split at
the participant level, ensure class balance, and account for disability. Additionally,
as age also influences cognitive performance [Moller et al., 2014], we create eight
additional strata following two partitioning criteria: (a) cognitive fatigued as a binary
state and (b) age group, which can be one of four: (18, 30), [30,40), [40,50) and [50,
70]. This partition aims at reducing the influence of age in the metrics by assigning
weights according to the group sizes. Furthermore, we use one-way analysis of
covariance (ANCOVA) with EDSS as a covariant to rule out the effect of disability
when analyzing fatigue.

Finally, we further explore how cFAST and our proposed metrics relate to disability
by measuring the performance of the metrics to rate disability according to EDSS.
To this end, we split the study participants in two groups according to EDSS and
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analyzed the difference in performance between both groups. We classify patients
with EDSS>1.5 (n=24) as disabled and patients with EDSS<1.5 (n=24) as not
disabled. For this evaluation, we partition our dataset into four strata, following
two partitioning criteria: (a) disabled as a binary state according to the EDSS (0
for EDSS<1.5 and 1 for EDSS>1.5), and (b) cognitive fatigued as a binary state
according to FSMC cognitive subscale (threshold=22). Additionally, we use the
same age groups as we did for the cognitive fatigue evaluation. We report the average
AUROC with 95% confidence intervals. In addition, we include plots of the ROC
curves for visual inspection.

5.2. Results

5.2.1. Participant Characteristics

We recruited 48 study participants, and from those, we excluded six due to comorbidi-
ties, including iron deficiency, personality disorder, hypothyroidism, and narcolepsy
type 1. Table 5.2 summarizes the study participants divided into the two subgroups
of interest (i.e., no cognitive fatigue and cognitive fatigue according to the FSMC
subscore). Of the recruited MS patients, 21 did not have cognitive fatigue, and 27
were cognitively fatigued. Of those we included in our analysis, 19 participants did
not have fatigue, and 23 were fatigued. Figure 5.8 shows the flow chart of the study
and an overview of the excluded patients. The gender distribution of the participants
in the two groups, the mean and standard deviation of their age, EDSS, and the FSMC
subscales are listed in Table 5.2. As expected, we found a significant difference in all
the FSMC scores. However, we found no statistically significant difference between
the age and gender distributions of the two groups.

5.2.2. Correlation to Clinical Data

Our analysis indicates a significant Spearman rank correlation between several pro-
posed general metrics and the clinical data. Table 5.3 shows an overview of all the
computed correlations. The response time and correct metrics showed the highest
correlation with EDSS (p=0.6, P<.001 and p=-0.6, P<.001, respectively). Then,
calibrated rate follows with p=0.5, P=.001. On the other hand, errors did not signif-
icantly correlate to EDSS (p=-0.07, P=.67). We also found a significant correlation
when analyzing the relationship between our metrics and the FSMC cognitive sub-
score. Again, response time and correct showed the highest correlation to the FSMC
subscore (p=0.39, P=.01 and p=-0.38, P=.01, respectively). Neither calibrated rate
(0=0.27, P=.09) nor errors (p=0.1, P=.51) significantly correlated to the FSMC
cognitive subscore. Age also correlates to the proposed general performance metrics.
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Table 5.2.: Demographic Characteristics of Participants

No fatigue  Cognitive fatigue P
Number 19 23
Age, mean (SD) 36.89 (12.15) 38.22 (12.20) 73
Gender, n (%)
m 8 (42) 6 (26) 44
W 11 (58) 17 (74)
MS type, n(%)
PMS 1(5) 3(13) .61
RRMS 18(95) 20 (87)
Disease duration, 9.63 (5.88) 12.52 (8.51) .20
mean (SD)
DMT, n(%)
None 1(5) 14)
Interferon beta-1a 15 0(0)
Dimethyl fu- 2(11) 14)
marate
Teriflunomide 1(5) 14
Glatiramer 1(5) 14)
acetate
Fingolimod 1(5 14)
Natalizumab 6 (32) 8 (35)
Rituximab 1(5 3(13)
Ocrelizumab 5 (26) 731
Fatigue medication,
n (%)
None 19 (100) 22 (96) 1.00
Modafinil 0 (0) 14)
EDSS, mean (SD) 1.00 (1.18) 2.41 (1.95) .006
FSMC, mean (SD)
Total 30.84 (8.00) 64.30 (16.29) <.001
cognitive 14.26 (3.25) 31.70 (8.81) <.001
Motor 16.58 (5.60) 32.61 (8.68) <.001
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Notes: Data are mean (SD) or n (%). PMS: progressive multiple sclerosis; RRMS: relapsing-remitting
multiple sclerosis; Disease duration is measured in years since first manifestation; EDSS: expanded
disability status scale; FSMC: Fatigue Score for motor functions and cognition; DMT: disease modifying

therapy.
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Figure 5.8.: Flow chart of the study and overview of excluded participants.

Table 5.3.: Spearman rank correlation coefficient p: metrics vs. clinical data

EDSS FSMC cognitive score Age
response time 0.6 (<.001) 0.39 (.01) 0.61 (<.001)
calibrated rate 0.5 (.001) 0.27 (.09) 0.51 (.001)
correct —0.6 (<.001) —0.38 (.01) —0.66 (<.001)
errors -0.07 (.67) 0.1 (.51) 0.01 (.93)
Acorrect —0.03 (.86) -0.21 (.17) 0.08 (.59)
Aresponse time  0.21 (.17) 0.24 (.13) 0.08 (.59)
Aerrors -0.13 (.40) 0.13 (.42) -0.2 (.19)

Note. Data are p (P). EDSS, expanded disability status scale; FSMC, fatigue score for motor functions

and cognition.

Among the correlating metrics, we found correct (p=-0.66, P<.001), response time

(0=0.61, P<.001), and cali

brated rate (p=0.51, P=.001). We found no significant

correlation between the fatigability metrics and the clinical data.

5.2.3. cFAST Relationship

to Perceived Fatigue

We investigated the relationship between our metrics and perceived fatigue by de-

termining statistically sign

ificant differences between the cognitive-fatigued and

non-fatigued groups. Table 5.4 depicts a complete overview of the metrics’ mean
value and standard deviation for both groups, as well as the t-test results. In ad-
dition, Table C.2 in Appendix C includes the non-parametric testing results using

Mann-Whitney U.
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Table 5.4.: Metrics comparison between fatigued and non fatigued patients with mean (SD),
independent samples t-test (two-tailed) to assess whether there is a statistically

significant difference between the groups, and Cohen’s d effect size.

No fatigue Cognitive fatigue t P  Cohen’sd

response time* 2083.3 (358.31)  2586.88 (961.28) 2.16 .04 0.669
calibrated rate** 3289.47 (1229.75) 392291 (1396.06) 1.54 .13 0.478

correct 109.11 (15.97) 90.96 (24.21) -2.8 .008 -0.868
errors 7.58 (6.07) 8.04 (4.13) 029 .77 0.091
Acorrect 3.51(11.19) —2.73 (9.95) -1.91 .06 —-0.593
Aresponse time -0.96 (5.5) 2.69 (4.94) 2.27 .03 0.703
Aerrors —0.46 (2.05) 0.03 (1.86) 081 42 0.252

*response time is not normally distributed for the subgroup cognitive fatigue.
**calibrated rate is not normally distributed for the subgroups.

We found a significant difference between both groups regarding response time
(t=2.16, P=.04, d=0.669). The group with cognitive fatigue had an average response
time of 2586.88 (SD=961.28) ms, compared to the 2083.3 (SD=358.31) ms of non-
fatigued participants. We did not find a statistically significant difference in calibrated
rate (t=1.54, P=.13). Furthermore, we found that correct differed significantly
between the groups (t=-2.8, P=.008, d=-0.868). The non-fatigued participants gave
an average of 109.11 (SD=15.97) correct answers, while the fatigued group had an
average of 90.96 (SD=24.21) correct answers. However, errors was not significantly

different between the groups (t=0.29, P=.77).

Regarding the fatigability metrics, we found that Aresponse time significantly dif-
fered between the groups (t=2.27, P=.03, d=0.703). On average, fatigued participants
had a Aresponse time of 2.69 (SD=4.94) ms, while non-fatigued participants had an
average Aresponse time of -0.96 (SD=5.5) ms. Aerrors and Acorrect did not show
a statistically significant difference between the groups (t=0.81, P=.42 and t=-1.91,

P=.06, respectively).

To analyze the temporal progression of participants’ performance during a cFAST
session, we performed a series of paired t-tests. Figure 5.9 on the left depicts the
average normalized response time in the three thirds of the session for non-fatigued
MS patients. While Figure 5.9, on the right, shows the results for MS patients with
cognitive fatigue. For the group with no fatigue, the results are primarily flat and with
a slight trend to improve over time, while for the fatigued group, we see a significant

increase in response time (P=.02) between the first and last third of the session.
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Figure 5.9.: Average normalized response time during the three-thirds of the cFAST session
data after preprocessing for non-fatigued patients (left) and fatigued patients
(right). A significant increase in the response time between the first and the last
third of the task is present for fatigued patients only. The thirds were compared
using a paired t-test.

5.2.4. cFAST Relationship to Disability

The disabled group has a mean EDSS of 3.26 (SD=1.54), and the non-disabled
group has a mean EDSS of 0.54 (SD=0.67). The detailed demographics of these
groups are described in Appendix C Table C.1. Table 5.5 shows a complete overview
of the metrics’ average value and standard deviation for both groups and the t-test
results. Table C.3 in Appendix C includes the non-parametric testing results using
Mann-Whitney U.

We found a significant difference in response time between the groups (t=2.47, P=.02,
d=0.844). Participants without disability had an average response time of 2080.23
(SD=317.39) ms, compared to the 2696.61 (SD=1030.37) ms exhibited by the dis-
abled patients. Similarly, calibrated rate was significantly lower for participants
without disability (t=2.38, P=.02, d=0.737), with an average of 3211.22 (SD=840.63)
ms against the 4151.0 (SD=1658.95) ms of disabled participants. Consequently, cor-
rect followed the same trend (t=-3.19, P=.003, d=-0.989). On average, disabled MS
patients provided 88.11 (SD=25.44) correct answers, compared to the higher 108.3
(SD=15.1) of participants without disability. We found no significant difference in
errors (t=-0.17, P=.86).

We performed the same analysis with the fatigability metrics. derrors , Aresponse
time, and derrors showed no statistically significant difference between the not
disabled and disabled groups (respectively t=-0.3, P=.77, t=1.98, P=.33 and t=-0.6,
P=.55).
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Table 5.5.: Metrics comparison between disabled and not disabled patients with mean (SD),
independent samples t-test (two-tailed) to assess whether there is a statistically
significant difference between the groups, and Cohen’s d effect size.

Not disabled (n=23) Disabled (n=19) t P  Cohen’sd

response time* 2080.23 (317.39) 2696.61 (1030.37) 247 .02 0.844
calibrated rate** 3211.22 (840.63) 4151.0(1658.95) 2.38 .02 0.737
correct 108.3 (15.1) 88.11 (25.44) -3.19 .003  -0.989
errors 7.96 (5.69) 7.68 (4.26) -0.17 .86 -0.053
Acorrect 0.55 (10.68) —0.47 (11.35) -0.3 .77 —-0.093
Aresponse time 0.29 (5.55) 1.95 (5.33) 1.98 .33 0.304
derrors —0.03 (2.05) -0.4 (1.83) -0.6 .55 -0.187

*response time is not normally distributed for the subgroup disabled. Levene’s Test P<.05 equal variance
not assumed.
**calibrated rate is not normally distributed for the subgroups.

5.2.5. Predictive Power of the cFAST Metrics to Classify Cognitive
Fatigue

To further explore the association between cognitive fatigability and perceived fa-
tigue, we assessed the predictive power of our metrics to classify cognitive fatigue
participants according to the FSMC cognitive subscale. Table 5.6 shows the results
corresponding to the mean AUROC with its respective confidence intervals. The
results indicate that the best features for fatigue independently of the EDSS are the
fatigability metrics. Aresponse time had the highest AUROC with 0.74 (95% CI
0.64-0.84). Following, Acorrect and derrors with an average AUROC of 0.72 (95%
CI 0.63-0.85) and 0.65 (95% CI1 0.53-0.77), respectively. From the general metrics,
response time performed the best with a mean AUROC of 0.63 (95% CI 0.50-0.76).
The correct metric had an AUROC of 0.62 (95% CI 0.50-0.74). Calibrated rate
produced an AUROC of 0.59 (95% CI 0.44-0.74). The errors metric showed an
AUROC of 0.58 (95% CI 0.44-0.72). Age had an average AUROC of 0.58 (95% CI
0.47-0.69). Lastly, EDSS had an AUROC of 0.53 (95% C1 0.43-0.63).

5.2.6. Predictive Power of the cFAST Metrics to Classify Disability

To evaluate the best cFAST metrics to classify disability independently of fatigue, we
performed the same analysis as we did for cognitive fatigue. Results suggest that the
general metrics are better than the fatigability metrics for disability in AUROC. A
complete overview of these results is shown in Table 5.7. Response time produced
an average AUROC of 0.64 (95% CI 0.50-0.78), followed by age with an average
AUROC of 0.63 (95% C10.53-0.73). Following, correct showed an average AUROC
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Table 5.6.: AUROC score corresponding for cognitive fatigue classification according to
the FSMC cognitive subscale for the proposed metrics (sorted by AUROC in
descending order).

Metric type = Metric name LJAUROC (95% CI)
Fatigability Aresponse time 0.74 (95% CI 0.64-0.84)

Fatigability = Acorrect 0.72 (95% CI 0.63-0.85)
Fatigability = derrors 0.65 (95% CI 0.53-0.77)
General response time 0.63 (95% CI 0.50-0.76)
General correct 0.62 (95% CI 0.50-0.74)
General calibrated rate  0.59 (95% C1 0.44-0.74)
General errors 0.58 (95% CI 0.44-0.72)
Demographic Age 0.58 (95% C1 0.47-0.69)
Demographic EDSS 0.53 (95% CI1 0.43-0.63)

of 0.63 (95% CI1 0.49-0.77). Calibrated rate had an average AUROC of 0.59 (95%
CI10.43-0.75). derrors had a mean AUROC of 0.55 (95% CI 0.41-0.69). Following,
Acorrect produced an AUROC of 0.52 (95% CI 0.38-0.66). AUROC of errors for
disabled patients was 0.51 (95% CI 0.38-0.64). Finally, Aresponse time was the
worst metric for disability with an average AUROC of 0.50 (95% CI 0.36-0.64).

5.2.7. Differences in Predictive Power Between the Best Fatigue and
Disability Metrics

Figure 5.10 on the left shows a visual representation of the ROC curves corresponding
to the FSMC classification for Aresponse time, best-performing feature to classify
cognitive fatigue and response time, best-performing feature to classify disability.
Aresponse time outperforms response time by 11 percentage points in classifying
fatigue according to the FSMC. The center of the figure shows boxplots of Aresponse
time for the groups fatigued and non-fatigued, as well as the t-test results. The image
displays the statistically significant difference between the fatigue and non-fatigued
groups (t=2.27, P=.03). Similarly, the right shows the boxplots corresponding to
the response time. There is a statistically significant difference between the groups
(t=2.16, P=.04). The difference is significant also without the outlier in the fatigue

group.

We conducted a one-way analysis of covariance (ANCOVA) to examine whether
response time differed between fatigue and non-fatigue groups when controlling for
EDSS. For this analysis, we did remove the outlier in response time in the fatigue
group as the outlier violated the normality assumptions of ANCOVA. We verified the
test assumptions: Shapiro-Wilk test indicates the data is normally distributed for the
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Table 5.7.: AUROC score corresponding to disability classification according to the EDSS
split with threshold 1.5 for the proposed metrics (sorted by AUROC in descend-
ing order).

Metric type  Metric name JAUROC (95% CI)
Fatigability Aresponse time 0.74 (95% CI 0.64-0.84)

Fatigability Acorrect 0.72 (95% CI1 0.63-0.85)
Fatigability  derrors 0.65 (95% CI1 0.53-0.77)
General response time 0.63 (95% CI 0.50-0.76)
General correct 0.62 (95% CI1 0.50-0.74)
General calibrated rate  0.59 (95% CI 0.44-0.74)
General errors 0.58 (95% C1 0.44-0.72)
Demographic Age 0.58 (95% C1 0.47-0.69)
Demographic EDSS 0.53 (95% C1 0.43-0.63)
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Figure 5.10.: Mean AUROC for cognitive fatigue according to FSMC cognitive subscale
(N=42). ROC curves for Aresponse time (ART) and response time (RT) are
displayed on the left. Data generated using Monte-Carlo simulation with
1000 iterations. The center of the figure shows the t-test results for Aresponse
time, the feature with the highest AUROC for fatigue. dresponse time and
response time show a statistically significant difference between the fatigue
groups.
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Figure 5.11.: Mean AUROC for disability according to EDSS (N=48). ROC curves for

5.3.

response time (RT) 4 response time (ART) are displayed on the left. The
center shows the t-test results for A4 response time, the feature with the highest
AUROC for fatigue, and response time (right side). Aresponse time does not
show a statistically significant difference between the disability groups, while
response time does.

group with no fatigue W(19)=.926 (P=.15) but not for the fatigued group W(22)=.899
(P=.03). However, as the distribution is close to normal and ANCOVAs are robust to
this assumption violation, no further steps were taken. Visual analysis with a scatter
plot indicates similar regression slopes. An F test indicates no interaction between
EDSS and fatigue group F=(1,37)=.24 (P=.64). Finally, Levene’s Test confirms the
homogeneity of variance with F(1,39)=1.27 (P=.27). ANCOVA analysis reveals that
after controlling for EDSS (disability), there was no significant difference in response
time between the fatigue groups F(1,38)=1.42, P=.24. For a similar analysis on
correct, refer to Appendix C.1.

Figure 5.11 shows data corresponding to disability classification according to the
EDSS threshold. The left side of Figure 5.11 shows a visual representation of the
ROC curves corresponding to the disability classification for Aresponse time (ART),
the best-performing feature to classify cognitive fatigue and response time, the best-
performing feature to classify disability. In this case, response time outperforms
Aresponse time by 14 percentage points.

Discussion

We described the development process and pilot study of a new test (cFAST) for
cognitive fatigability. Our result provides early evidence that the cFAST measurement
could help identify patients with cognitive fatigue, as assessed by the FSMC cognitive
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subscale. So far, only a few studies assess cognitive fatigability with specific tasks in
MS patients [DeLuca et al., 2008; Chen et al., 2020]. Moreover, previous results are
contradictory, with some showing fatigability while others not [DeLuca et al., 2008;
Chen et al., 2020]. Cognitive fatigability studies are in their infancy, and research
could benefit from new approaches and validation studies. Our approach differs from
previous methods in that it is tailored to patients’ disabilities with its calibration
mechanism that also enforces rapid decision-making, which we believe contributes
to eliciting cognitive fatigability within a single test session and in a short period.
In addition, our smartphone-based test is easy to administer, portable, and designed
to be applied outside clinical settings, potentially allowing for remote and frequent
monitoring. Concerning cognitive testing, healthy controls, and MS patients perceive
the PASAT as unpleasant and less likable, while the SDMT is preferred and found
appropriate for cognitive testing [Walker et al., 2012b]. Thus, we believe cFAST will
have good acceptance as it follows a similar logic to the SDMT and does not require
patients to perform arithmetic operations under pressure like the PASAT. However,
user acceptance of the cFAST must be assessed in future studies.

5.3.1. Fatigability Metrics Relate to Fatigue, While General Metrics
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Relate to Disability

We derived two sets of metrics from cFAST: fatigability and general metrics. Our
initial group-level analysis with a t-test revealed statistically significant differences
between fatigued and non-fatigued patients with several general and fatigability
metrics. Overall, we found more significant differences between the groups with the
general metrics than fatigability metrics. However, the ANCOVA analysis revealed
that EDSS is associated with the metrics response time and correct. Furthermore,
the statistical difference in the fatigue groups in terms of these metrics is due to
disability and not fatigue. Hence, after controlling for EDSS, the statistical difference
between the groups disappears. We further analyzed how the groups’ differences
related to patients’ disabilities. To this end, we divided our study population into
two groups according to EDSS, disabled (EDSS>1.5) and non-disabled (EDSS<1.5).
This grouping revealed statistically significant differences with the general metrics
but not with the fatigability metrics. This result suggests that general metrics are
related to and confounded by disability, while this is not true for the fatigability
metrics. We conducted the AUROC analysis controlling for disability with Monte-
Carlo simulations and stratified splits to further rule out the effect of disability
from the fatigue analysis. These results confirmed our hypothesis that fatigability
metrics are better predictors of fatigue than general metrics. Aresponse time, the
best-performing metric to classify fatigue (with an average AUROC of 0.74), is 11
percentage points above response time, the best-performing general metric for fatigue.
Conversely, general metrics dominate the disability classification, with response time
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being the best metric (average AUROC of 0.64), 9 percentage points above the best
fatigability metric derrors. Analysis of the fatigability metrics revealed that, on
average, performance during the tests tends to worsen for fatigued patients, while
patients without fatigue tend to improve. Previous work on fatigability showed
decline towards the end of sustained cognitive activity in MS patients while controls
did not [Schwid et al., 2003; Bryant et al., 2004]. Our findings go in line with these
results. However, our analysis focused only on MS patients to decrease disease-
specific confoundings.

5.3.2. Consideration for Remote and Unsupervised Monitoring

We designed and implemented cFAST to achieve remote monitoring. Hence, cFAST
seeks to be self-explanatory. For instance, trials aim at familiarizing the users with the
core test logic of matching numbers to symbols following the shown mapping rule.
Thanks to the feedback displayed after every answer, users can quickly realize when
they are making mistakes. The immediate feedback, together with the requirement
of at least 70% correct answers out of a minimum of 20, helps us determine if the
user has correctly understood the test logic and the need to perform it quickly. As
described in the methods section, we derived the pace of the cFAST, calibrated
rate, from the calibration phase. The speed requirement seeks to induce cognitive
fatigability in a short period. Calibrated rate is derived for each patient, personalizing
the test and adjusting for the different disability spectrums and baseline performance
of the patients.

5.3.3. Limitations and Future Work

A limitation of our study is the lack of a gold standard cognitive fatigability assess-
ment to validate our approach. Currently, there is no established method to quantify
cognitive fatigability. Until now, existing research has used cognitive tests protracted
for extended periods as an attempt to induce and quantify fatigability. However,
these approaches tend to be long, tedious, and costly. Moreover, the results from
these experiments are inconclusive. Hence, we directly compared our metrics to a
widely accepted and validated fatigue questionnaire within MS research, the FSMC.
The FSMC has the advantage of offering a subscale to evaluate cognitive fatigue
independently of physical fatigue. Another limitation of our study is our sample
size, which is limited to 42 study participants. We are aware that more extensive
evaluations are needed to determine if the test can be established as a surrogate for
perceived cognitive fatigue for clinical decision-making. In particular, our pilot study
uses a cross-sectional design. Thus, we are not able to define the clinical significance
of the changes in the fatigability scores in individual patients. Future studies are
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needed to address this question. Finally, we designed cFAST to be suitable for remote
and unsupervised monitoring. However, in this study, the evaluation was conducted
within the hospital in a controlled environment. Further studies are needed to con-
firm the results, including longitudinal outside-the-hospital evaluations in larger MS
cohorts and within-subjects comparison. Nevertheless, we believe our study offers a
detailed evaluation of our newly developed cognitive fatigability test.

As part of future work and prior to the clinical implementation, more data has to be
generated to further evaluate the generalization of the adaptation phase. Additionally,
our study highlights the need for implementing changes to improve data quality
in an unsupervised setting. First, we recommend incorporating a statement in the
cFAST instructions about the importance of conducting the test in a distraction-free
environment (i.e., activate do not disturb’ modality, use a quiet room). Second, we
recommend automatically dismissing test sessions if no input is recorded within
a certain period after the start. Distractions in uncontrolled environments (e.g.,
incoming phone calls or messages) can result in empty test sessions or significant
periods without data, thus producing erroneous values for the proposed set of metrics.
Moreover, future studies should examine whether cFAST could aid clinicians in
distinguishing between confounding such as depression, sleepiness, or others. Finally,
we need to investigate further the frequency patients need to conduct the calibration
phase in unsupervised settings. However, we believe that calibration has to be
performed only once and that the calibrated rate can be recomputed, if necessary,
directly from the existing patients’ cFAST sessions. Nonetheless, this requires further
studies, including longitudinal data.

Conclusion

In this chapter, we introduced cFAST, a novel smartphone-based test to quantify
cognitive fatigability tailored to the user’s disability by its calibration mechanism.
With cFAST, we aim at having an objective surrogate of fatigue that allows monitoring
individual patients over time in uncontrolled environments (e.g., at home). We do not
seek to have a diagnostic tool but rather a solution for clinicians to make informed
and timely decisions as to whether a patient’s condition is improving or deteriorating
and act accordingly. Results from our pilot study provide evidence supporting the
validity of our approach and show that the fatigability metrics could potentially be
used as a surrogate for perceived cognitive fatigue and motivate further research in
this area.
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CHAPTEHR

Accuracy of Heart Rate Sensors Based
on PPG for In-The-Wild Analysis

This chapter is based on the following publication:

Liliana Barrios, Pietro Oldrati, Silvia Santini, Andreas Lutterotti. Evaluat-
ing the accuracy of heart rate sensors based on photoplethysmography for
in-the-wild analysis. Proceedings of EAI International Conference on Perva-
sive Computing Technologies for Healthcare (EAI PervasiveHealth). Pages
251-261. Trento, Italy. May 20-23, 2019.

Part I and /1 of this dissertation focused on active monitoring of the symptom, particu-
larly for quantifying physical and motor fatigue. Part /11 is about passive monitoring.
In passive monitoring, the goal is that the system collects contextual information
about the patient’s behavior and the environment without the patient noticing, such
as the patient’s vital signs, level of activity, and weather conditions. We believe that
combining passive and active monitoring will enable us to build different models for
fatigue prediction. However, as a first step into passive monitoring, we need to find
suitable commercially-available wearable devices that allow continuous monitoring
of patients’ vitals over extended periods. Furthermore, we need to verify the validity
of important parameters, such as heart rate, that have already been associated with
fatigue. Hence in this chapter, we introduce a validation study of commercially-
available wearables. Standard wearable devices use photoplethysmography (PPG) to
derive data on heart rate (HR) and heart rate variability HRV. However, it still needs to
be determined to which extent PPG signals can be used as a proxy for data collected
using medical-grade devices, particularly for HRV. To address this challenge, we
consider five consumer devices to assess the signal quality of HR and two devices
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6.1.

measuring HRV and compare them with standard electrocardiography (ECG) Holter
monitor. We collected data from fourteen participants who followed a 55 minutes
protocol for at least two sessions. Using this data set, we show that PPG is a valid
proxy for both HR and standard time- and frequency-domain measurements of HRV.

Methods

Our goal is to evaluate the performance of PPG sensors found in commodity wearable
devices under different settings for measuring heart rate HR and inter-beat intervals
(IBI). To this end, we conducted a series of experiments. Fourteen volunteers took
part in the study, seven males with a median age of 33 (range 23-54) and seven
females with a median age of 36 (range 26-51). Their mean height is 170 cm,
and their mean weight is 67 kg. Volunteers gave full written informed consent to
participate in the study. All procedures were approved by the ETH Zurich local
committee (EK 2018-N-89).

6.1.1. Study Design

To assess the validity of the PPG sensors, we use a similar protocol to the one
suggested by Jo et al. [2016]. The protocol starts with 5 minutes of resting on a
stationary bike followed by five activities: biking (60 W), biking (120 W), walking
(5 km/h), jogging (8 km/h) and running (10 km/h). Each activity lasts 5 minutes,
and between each activity, there is a resting period of 5 minutes. The left side of
Figure 6.1 depicts our study protocol.

6.1.2. Experiment | - Accuracy of PPG Based HR Monitors
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The goal of this experiment is to compare the level of agreement of the Empatica
E4 [Empatica Inc., 2018](version 1) and Everion [Biovotion AG, 2018](VSM1-3.0,
M4 version 03.11.00) with the mean HR derived from popular fitness trackers: Fitbit
Charge HR [Fitbit, 2018], Polar OH1 [Polar, 2018], and Wahoo Ticker Fit [Wahoo
Fitness, 2018]. Participants wore two Empatica E4 devices (one on each wrist), two
Everion devices (one per arm), and a medical-grade Holter monitor, the General
Electric Seer 1000 [General Electric Healthcare, 2018] with five leads, as depicted
on the right side of Figure 6.1. The fitness trackers were placed on the arm of
the participants without a predefined position. Six participants took part in this
experiment, three male and three female. Each participant completed our validation
protocol two times on different days.
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Figure 6.1.: Sensor validation protocol at the left side and sensor placement at the right
side. Empatica E4 devices on the wrists, Everion devices on the arms, and the
Holter monitor attached with five electrodes to the chest.

6.1.3. Experiment Il - Comparing Everion, Empatica, and Holter

The goal of this experiment is to assess the heart rate and interbeat intervals derived
from PPG sensors as a valid proxy for HRV. We considered two off-the-shelf sensors
capable of measuring HR through photoplethysmography (PPG) and electrodermal
activity (EDA): Empatica E4 and Everion devices. Fourteen subjects participated in
the experiment and completed the protocol two times on different days. Participants
wore two Empatica E4 devices (one on each wrist), two Everion devices (one per arm),
and a medical-grade Holter monitor, the General Electric Seer 1000 [General Electric
Healthcare, 2018] with five leads, to record ECG signals. The sensor placement
is depicted on the right side of Figure 6.1. Moreover, we explore the variance
between successive measurements. To this end, two participants performed three
extra sessions. We compute the mean HR difference between Everion, Empatica, and
Holter per activity and perform an ANOVA analysis per session.

6.1.4. Data Collection

Table 6.1 shows details regarding the data types, frequency, and export method.
During the experiment, Polar data was stored locally on the devices and later exported
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Table 6.1.: Collected sensor data.

Device Variable Frequency Export
Empatica E4 HR (bpm) 1 Hz Empatica
IBI -
Everion HR (bpm) 1 Hz Bluetooth LE
IBI -
Seer 1000 HR (bpm) 1 Hz CardioDay V2.5
RR-intervals -
Polar HR (bpm) 1 Hz PolarFlow
Fitbit HR (bpm) 1/3 Hz (varies) Fitbit.com
Wahoo HR (bpm) 1 Hz Wahoo Fitness

using the Polar Flow smartphone application. Similarly, Wahoo data was exported to
a CSV file using the Wahoo Fitness application. Fitbit data was downloaded from
fitbit.com [googlefitbit, 2016]. Empatica data was stored locally on the devices and
later exported with the Empatica Connect software. Everion data was streamed via
Bluetooth Low Energy to an Android phone during the experiment and later exported
as a CSV file. Finally, QRS complexes were obtained from the ECG Holter with the
software CardioDay [General Electric Healthcare, 2019] from GE Healthcare.

6.1.5. Data Analysis

Before evaluating the level of agreement of the different devices involved in our
experiments, interbeat interval sequences derived from the ECG and PPG devices
were aligned through cross-correlation. Additionally, we did an outlier analysis and
excluded data points resulting from potential errors or artifacts caused during data
acquisition, i.e., HR equal to zero during the experiment.

Metrics
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We use different metrics to measure the performance and level of agreement of
the different devices. We report the mean and standard deviation of the HR. We
evaluate the existence of bias, with its limits of agreement [LoA], using the Bland-
Altman [Bland and Altman, 1986] plot. The Bland-Altman plot [Bland and Altman,
1986] is a plot of the difference between two methods against their mean, allowing the
investigation of any possible relationship between the measurement error and the true
value. In this plot, none of the values are considered to be the true value. Thus, the
mean value is used as the best estimate. In our analysis, we consider the HR derived
from the Holter versus HR derived from the wearable devices. Additionally, we
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compute the intraclass correlation coefficient (/CC) with its 95% confidence interval,
Pearson correlation (corr) and squared error R

Following Koo and Li [2016] guidelines for selecting and reporting ICC, we computed
ICC and its 95% confident intervals using IBM SPSS statistics [Armonk, Released
2017] based on single measurement type, absolute agreement definition and 2-way
mixed-effects model. ICC results are interpreted as in [Koo and Li, 2016]: values
less than 0.5 indicate poor reliability, values between 0.5 and 0.75 indicate moderate
reliability, values between 0.75 and 0.9 indicate good reliability, and values greater
than 0.90 indicate excellent reliability.

Heart rate variability

We derive different time and frequency domain measures of HRV from the IBI and
NN time series provided by Empatica, Everion, and ECG Holter. An overview of the
metrics is depicted in Table 6.2. According to the recommendations by Richardson
et al. [1996], 5 minutes is an appropriate length for short-term recordings of HRV.
When analyzing the spectrum for short-term recordings time varies between 2 and
5 minutes. We use fast Fourier transformation (FFT) to derive frequency domain
HRV measurements from the IBI interval time series. In accordance with Richardson
et al. [1996], we divide the power spectrum for frequency domain HRV analysis
into the following bands: VLF (0.00 - 0.04 Hz), LF (0.04 - 0.15 Hz) and HF (0.15 -
0.40 Hz). For the calculation of HRV parameters, we select identical segments larger
than 180 s of NN intervals from the ECG and a wearable device. Then, we apply
cubic interpolation. Finally, we analyze the spectrum with Welch’s periodogram
using the following parameters: hamming window, an overlap of 50%, and linear
detrend.

6.2. Results

6.2.1. Accuracy of PPG Based HR monitors

We compare the performance of the Empatica and the Everion versus commonly
used fitness trackers. Table 6.3 depicts different metrics comparing each wearable
with the Holter. The table is organized by device with its associated sample size.
Additionally, we split each case into activities. To make a fair comparison between
the fitness trackers, Empatica and Everion, we did not use quality filters on the data
as this functionality is not available on the fitness trackers. Figure 6.2 depicts the
Bland Altman plot for all devices.
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Table 6.2.: Overview of the heart rate variability metrics computed.

Metric Domain Definition

RMSS time Square root of the mean squared differences of successive NN
intervals.

SDNN  time Standard deviation of the NN intervals.

NN50  time Number of interval differences of successive NN intervals
greater than 50 ms.

pNN50 time Proportion derived by dividing NN50 by the total number of
NN intervals.

VLF frequency Very low frequency.

LF frequency Low frequency.

HF frequency High frequency.

LFnu  frequency Normalized low frequency.
HFnu  frequency Normalized high frequency.
LF:HF frequency Ratio.
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Figure 6.2.: Bland-Altman plot with LoA for each HR monitor. Wrist-based devices show
largest bias (Empatica 17.35 [-37.16, +71.86] and Fitbit 5.89 [-22.19, +33.97])
than armband-based monitors (Everion -0.46 [-8.67, +7.75], Polar -0.51 [-9.38,
8.36], and Wahoo 1.01 [-8.95, +10.96]).
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Table 6.3.: Experiment I - Heart rate analysis per activity

6.2. Results

Device Activity Size ICC[95% CI] Corr Bias [95% LoA]
Empatica init 6268  .464 [+.422,+.502] 0.50 +2.83[-21.04, +26.69]
(79241) rest 33676 .466 [+.349,+.558] 0.51  +7.21 [-26.46, +40.88]
bike (60 W) 7856  .167 [-.002,+.314] 0.29  +17.95 [-24.07, +59.96]
bike (120 W) 7968  .223 [-.027,+.422] 042 +32.64[-33.95, +99.24]
walk 8096 433 [+.331,+.517] 0.47 +6.60 [-26.32, +39.52]
jog 7690  .026 [-.015,+.068] 0.06 +35.76 [-25.11, +96.63]
run 7687  .016 [-.014,+.046] 0.05 +50.08 [-18.77 ,+118.94]
avg 0.256 [+.149, +.346] 0.33 +21.87 [-25.10, +68.84]
Everion  init 6268  .957 [+.953,+.960] 0.96 -0.67 [-8.59, +7.25]
(78821) rest 33590 .972 [+.967,+.976] 0.97 -1.06[-9.59, +7.47]
bike (60 W) 7856  .981 [+.980,+.982] 098 -0.27 [-5.15, +4.61]
bike (120 W) 7666  .988 [+.988,+.989] 0.99 -0.18 [-6.31, +5.95]
walk 8096  .993 [+.993,+.993] 0.99 -0.23 [-4.05, +3.58]
jog 7683 965 [+.962,+.969] 0.97 +0.89[-8.29, +10.07]
run 7662 952 [+.950,+.954] 0.95 +0.29 [-11.73, +12.30]
avg 0.972 [+.970,+.974]1 097 -0.17 [-7.67, +7.32]
Fitbit init 3134 767 [+.645,+.838] 0.82 +3.80[-11.34, +18.95]
(39624) rest 16812 .827 [+.821,+.832] 0.84 +1.43[-20.21, +23.07]
bike (60 W) 3928  .499 [+.170,+.682] 0.63 +9.59 [-16.21,+35.38]
bike (120 W) 3984  .353 [+.079,+.542] 0.48 +18.81[-31.24, +68.87]
walk 4048 729 [+.541,+.824] 0.81 +5.43[-13.62, +24.47]
jog 3854 703 [+.441,+.822] 0.78 +8.09 [-17.09, +33.27]
run 3852 782 [+.468,+.887] 0.86 +8.22[-13.93, +30.38]
avg 0.665 [+.452, +.776] 0.74 +7.91 [-17.66, +33.48]
Polar init 3134 .959 [+.936,+.953] 095 -1.08[-9.93, +7.77]
(39624) rest 16812 .969 [+.959,+.976] 0.97 -1.46[-10.27, +7.35]
bike (60 W) 3928  .972 [+.970,+.973] 097 -0.13[-6.24,+5.99]
bike (120 W) 3984 984 [+.983,+.985] 0.98 +0.28 [-7.10, +7.66]
walk 4048 989 [+.988,+.989] 0.99 +0.01 [-4.86, +4.89]
jog 3854  .964 [+.957,+.969] 097 +1.19[-8.41, +10.80]
run 3852 .950 [+.947,+.953] 0.95 +0.69[-11.89,+13.26]
avg 0.969 [+.963,+.971] 097 -0.07 [-8.38, +8.24]
Wahoo init 3094 913 [+.875,+.936] 0.92 +2.06[-8.41,+12.53]
(38492) rest 16406 .965 [+.964,+.967] 097 +0.58 [-9.22,+10.38]
bike (60 W) 3567 971 [+.966,+.974] 0.97 +0.60 [-4.88, +6.08]
bike (120 W) 3732  .984 [+.982,+.986] 099 +0.80[-6.21, +7.81]
walk 3975  .972 [+.964,+.977] 0.97 +1.14[-6.36 ,+8.65]
jog 3854  .939 [+.918,+.952] 0.95 +2.13[-10.29, +14.54]
run 3852  .937 [+.930,+.944] 0.94 +1.30[-12.56, +15.18]
avg 0.954 [+.943,+.962] 096 +1.23[-8.28, +10.74]
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Wrist-based devices

Figure 6.2 shows that the wrist-based devices, Empatica and Fitbit, have the largest
bias, 17.35 bpm and 5.898 bpm, respectively. The analysis per activity (Table 6.3)
shows that the bias increases with the activity level in both cases. The Fitbit is
more affected during bike activities, and the Empatica during jogging and running.
Figure 6.3 shows an overview of the level of agreement of each device per activity.
These results are consistent with the bias analysis. Wrist-based devices are more
affected than armband-based devices. The Empatica shows the lowest agreement
(poor agreement) within all different activities, especially during a jog and run.
However, the results for Empatica are improved after filtering the data, resulting in
good agreement during the initial and rest activities. Fitbit has the lowest agreement
during bike activities, good agreement during rest, and moderate agreement during the
initial activity. A possible explanation for the poor agreement during bike activities
with these devices is the posture of the wrist on the bike. Bending of the wrist
can generate loose contact between the skin and the heart rate monitor resulting in
low-quality measurements.

Armband-based devices

In Figure 6.2, we can observe that the bias and data distribution is similar for all
armband-based devices, i.e., Everion, Polar, and Wahoo. The three devices show
smaller bias in comparison to the wrist-based devices. There is no particular trend in
the bias depending on the activity. Similarly, Figure 6.3 shows that all devices have a
similar level of agreement in terms of ICC. Everion, Polar, and Wahoo show excellent
reliability with regards to the Holter in all the activities, showing that armband devices
are less susceptible to artifacts due to movement.

Users’ preferences

After the experiments, participants completed a short questionnaire indicating their
preferred style of a wearable device (armband, wristband) for continuous monitoring
during (i) day, (i1) sleep, and (iii) 24/7. A Cochran’s Q test did not indicate any
differences among the three proportions, p = .717, showing that the user’s preference
is not affected by the duration of the monitoring phase.

6.2.2. Comparing Everion, Empatica and Holter

To compare both devices, we started by computing metrics corresponding to the
mean HR derived from the Empatica E4 and Everion relative to the medical-grade
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Figure 6.3.: Level of agreement according to ICC for each device in experiment 1. Notably
the level of agreement of the wrist-based devices is lower than for the armband-
based devices with Empatica being more affected as the activity level increases.

Holter. Empatica and Everion have mechanisms to assess the quality of the retrieved
heart rate, i.e., low or high quality. We refer to high-quality datasets as Everion
Best and Empatica Best. Everion provides a heart rate quality parameter to filter
values depending on their quality. In our analysis Everion Best corresponds to the
HR quality parameter of 99%. Additionally, we include in our analysis a dataset
with HR quality 90%; we refer to these as Everion g90. In the case of Empatica, we
consider HR quality to be high when IBI is present in the data. Empatica applies a
filter to its IBI data, thus wrong beats are not included in the output IBI file [Inc.,
2023]. Table 6.4 shows the metrics corresponding to the datasets Everion Best and
Empatica Best.

Figure 6.4 shows the Bland-Altman plot for the Empatica Best and Everion Best
datasets. For Empatica, the 95% limits of agreement ranged from -34.66 to +51.13
with a mean difference of 8.23 bpm. While for the Everion, the 95% limits of
agreement ranged from -6.55 to +6.06 with a mean difference of -0.24 bpm. The data
distribution of both devices shows no specific pattern. Further analysis showed that
the data of both devices is normally distributed with the majority of the data points
located within two standard deviations.

Performance per activity

To understand why the Empatica has a larger bias, Figure 6.5 shows the bias per
activity. The bias increases significantly during activities involving exercise (W bias
30 bpm) and remains low (u bias 1 bpm) during the initial activity, rest, and walk-
ing. Similarly, during non-strenuous activities, Empatica’s mean HR and standard
deviation are similar to the Holter’s. However, as the activity level increases, the
difference between Empatica’s mean HR and the Holter also increases. This behavior
is not observed with Everion. Figure 6.5 shows that overall activities Everion’s mean
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Table 6.4.: Experiment II - Heart rate analysis per activity

Case Activity Size ICC[95% CI] Corr Bias [95% LoA]

Everion Best  init 3808 979 [+.978,+.981] 098 -0.26[-5.83, +5.31]

(63592) rest 21364 988 [+.984,+991] 0.99 -1.07 [-7.67,+5.53]
bike (60 W) 9445 989 [+.989,+990] 0.99 +0.05[-3.91, +4.01]
bike (120 W) 8299  .995[+.995,+.995] 1.00 +0.17 [-4.00, +4.34]
walk 6722 995 [+.995,+.995] 0.99 -0.10[-3.36, +3.16]
jog 8093 973 [+.971,+.974] 097 +0.34[-7.55, +8.23]
run 5861 974 [+971,+976] 097 +0.77 [-8.59, +10.12]
avg 0.985 [+.983,+.986] 0.99 -0.01[-5.84,+5.81]

Empatica Best init 3852 755 [+.741,+.769]  0.76  +0.01 [-16.74, +16.76]

(35705) rest 20883 .834 [+.825,+.842] 0.84 +1.36[-18.09, +20.82]

bike (60 W) 4948  .031 [-.006,+.067] 0.05 +20.16 [-28.61, +68.94]
bike (120 W) 4401  .118[-.023,+.247] 0.22  +34.47[-37.06, +106.00]

walk 1287 597 [+.558,+.634]  0.61  +2.41[-27.74, +32.56]
jog 233 .073 [-.044,+.195] 0.15  +32.14 [-24.77, +89.04]
run 101 .120 [-.056,+.300] 0.22  +34.12[-33.35, +101.59]
avg 0.361 [+.285,+.436] 0.41 17.81[-26.62,+62.24]

HR behave similarly to the Holter, with no significant difference between the values.
Additionally, we can observe that Everion’s bias increases as the level of activity
increases. The largest bias occurs during rest, where Everion underestimates the
mean HR in average by 1 bpm. However, in overall activities, the bias of the Everion
is small with a mean value of -0.01 bpm.

Figure 6.6 shows at the bottom the ICC per activity for Everion Best, Everion q90,
and Empatica Best. The Empatica’s ICC significantly decreases during the bike, jog,
and run activities, indicating that the device is unsuitable for monitoring HR during
strenuous exercise. The Everion, on the other hand, shows high ICC in both datasets.
Moreover, the top of Figure 6.6 shows that the Everion g90 dataset is around three
times larger than Everion Best. Thus, relaxing the heart rate quality threshold allows
us to have a larger dataset with similar accuracy. In the case of Empatica, we can
see that the size of the dataset gets greatly affected as movement increases, with the
sample size being only 0.5% of the original data for the run activity.

Finally, we analyzed the mean HR difference per activity on five successive sessions
and found no statistically significant differences between group means as determined
by one-way ANOVA F(4,30) = .338, p = .850.

6.2.3. Heart Rate Variability Analysis
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We started our analysis by extracting IBI segments from the time-series. From
the Empatica, we obtained a total of 137 IBI segments with an average length
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Table 6.5.: Experiment II - Heart rate variability analysis per activity for the Everion device.

Activity Metric ICC [95% CI] Corr R? Bias [95% LoA]
Init RMSS  +.899 [+.742, +.967] +091 +0.82 +0.22[-12.22, +12.65]
wlen: 241 s SDNN  +.876 [+.697, +.953] +0.88 +0.75 +2.13[-14.57, +18.84]
wpeaks: 318/314 PNN50 +.967 [+.912, +.988] +0.99 +0.94 +0.76 [-3.99, +5.50]
#seg: 17 LF +.982 [+.952, +.993] +0.98 +0.96 +61.63[-416.36, +539.63]
HF +.918 [+.792, +.969] +0.98 +0.87 +143.34[-754.77, +1041.46]
LF:HF +.625[+.215, +.846] +0.92 +0.49 +2.27[-5.85, +10.38]
LFnu +.745 [+.420, +.900] +0.81 +0.63 +0.24 [-16.67, +17.15]
HFnu +.745 [+.420, +.900] +0.81 +0.63 -0.24 [-17.15, +16.67]
Rest RMSS  +.935 [+.904, +.956] +0.95 +0.88 -0.91 [-7.35, +5.53]
wlen: 249 s SDNN  +.982 [+.974, +.988] +0.98 +0.97 +0.10[-7.89, +8.09]
w peaks: 363/357 PNN50 +.954 [+.933, +.968] +0.96 +0.92 +0.04 [-2.97, +3.06]
#seg: 111 LF +.946 [+.946, +.946] +0.95 +0.89 +37.20 [-724.00, +798.40]
HF +.914 [+.877, +.940] +0.94 +0.86 -6.90 [-489.31, +475.52]
LF:-HF +.614 [+.413, +.744] +0.67 +0.30 +1.31[-4.05, +6.67]
LFnu +.701 [+.525, +.808] +0.75 +0.26 +3.26[-10.40, +16.93]
HFnu +.701 [+.525, +.808] +0.75 +0.26 -3.26 [-16.93, +10.40]
Bike (60 W) RMSS -.018[-.292, +.303] -0.02 -342 -2.70[-12.81, +7.41]
wlen: 294 s SDNN  +.793 [+.596, +.899] +0.81 +0.53 -2.10[-13.50, +9.31]
w peaks: 489/483 PNNS50 +.394 [+.045, +.662] +0.46 -1.44  -0.14[-1.12, +0.85]
#seg: 28 LF +.945 [+.886, +.974] +0.94 +0.88 -6.15[-126.78, +114.49]
HF +.053 [-.271, +.389] +0.09 -8.16 -40.86 [-245.64, +163.93]
LF:HF -.012[-.208, +.250] -0.03 -0.98 +2.59[-3.65, +8.82]
LFnu -.065 [-.345, +.266] -0.08 -1.32  +7.61[-23.17, +38.40]
HFnu -.065 [-.345, +.266] -0.08 -1.32  -7.61 [-38.40, +23.17]
Bike (120 W) RMSS  +.064 [-.161, +.427] +0.15 -6.94 -6.15[-17.04, +4.73]
wlen: 272s SDNN  +.835[+.552, +.946] +0.87 +0.55 -4.48[-24.52, +15.57]
u peaks: 541/533 PNN50 +.355[-.112, +.728] +0.59 -4.47 -0.34[-1.36, +0.67]
#seg: 13 LF +.266 [-.168, +.669] +0.47 -593  -57.90[-225.22, +109.43]
HF -.136 [-.464, +.347] -0.34 -19.56 -81.61[-332.89, +169.66]
LF:HF +.053[-.316, +.507] +0.23 -0.37 +2.43[-5.03, +9.88]
LFnu +.031 [-.386, +.512] +0.05 -0.58  +14.53 [-39.90, +68.96]
HFnu +.060 [-.386, +.512] +0.05 -0.58 -14.53 [-68.96, +39.90]
Walk RMSS  +.144 [-.091, +.478] +042 -6.66 -5.74[-12.31, +0.83]
wlen: 291 s SDNN  +.755 [+.358, +.910] +0.81 +0.38 -3.54 [-14.15, +7.07]
u peaks: 444/446 PNN50 -.008 [-.361, +.412]  -0.03 -30.34 -0.79 [-3.74, +2.15]
#seg: 17 LF +.417 [-.017,+732]  +0.51 -1.59 -77.18 [-407.37, +253.02]
HF +.046 [-.193, +.386] +0.30 -97.74 -158.47 [-503.17, +186.23]
LF:HF +.238 [-.104, +.614] +0.63 -1.32 +4.95[-1.01, +10.92]
LFnu +.128 [-.111, +.455] +0.49 -22.01 17.61[-9.04, +44.26]
HFnu +.128 [-.111, +.455] +0.49 -22.01 -17.61 [-44.26, +9.04]
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Figure 6.4.: Bland-Altman plot for Empatica/Holter and Everion/Holter. Empatica’s mean
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bias (8.23 LoA [51.13,-34.66]) is larger than Everion’s mean bias (-0.24 LoA
[6.06, -6.55]). Overall the data seems to be well distributed showing no
particular pattern.

of 49 s. Per activity, we gathered the following number of segments (with mean
duration): init 12 (u 44 s), rest 81 (u 50 s), bike slow 23 (u 44 s), bike fast 20 (n
53 s), walk 1 (u 34 s). Only two IBI segments in the whole dataset are longer than
2 minutes. The recommended length for short-term HRV analysis ranges from 3-5
minutes [Richardson et al., 1996; Shaffer and Ginsberg, 2017]. Thus, we are unable
to compute short-term HRV analysis for this device. Future work can overcome this
limitation by applying techniques to approximate the missing IBI signal.

Table 6.5 depicts the results from our HRV analysis comparing the Everion with the
ECG Holter. The table is organized per activity. For each activity, we extracted IBI
segments larger than 3 minutes. Figure 6.7 depicts the level of agreement between
the HRV metrics derived from the Everion and Holter during each activity. There
is good agreement during the initial and rest activities in all metrics. Agreement
decreases with higher activity levels and varies depending on the metric. HF is more
affected by increasing activity levels.
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Figure 6.5.: Mean HR, standard deviation and bias per activity of Empatica, Everion and
Holter. In particular, Empatica’s bias increases significantly during strenuous
activities and remains low while being less active. The difference between
Empatica’s mean HR and Holter shows a similar behavior to the bias, increasing
with exercise. Everion’s bias increases with the level of activity but overall
remains low. Everion’s mean HR and standard deviation show similar behaviors
as the Holter.

Sedentary activities

During the initial and rest activity, there is good agreement in all HRV measurements.
For the initial activity, we found 17 segments larger than 3 minutes. The mean length
of the segments is 241 s. The highest agreement occurs on the frequency domain
metric LF with /CC between +.952 and +.993, indicating excellent agreement. The
lowest agreement occurs on the ratio LF:HF with mean /CC ranging from +.215
to +.846, indicating poor agreement. Time domain measurements indicate better
agreement with the Holter, ranging from moderate to excellent. For the rest activity,
we collected 111 segments with an average duration of 249 s. Overall the results are
satisfactory in this activity. Excellent agreement occurs in all time-domain metrics
and LF. Followed by good agreement in HF, moderate agreement in the normalized
LF and HF, and poor agreement for the ratio LF:HF.
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Figure 6.6.: The bottom image shows the ICC corresponding to each activity. In particular,
Empatica’s accuracy is significantly lower during strenuous activities. In the
case of Everion, both datasets are comparable showing high ICC over all
activities. The top figure shows the fraction of the sample size of each dataset
in relation to its original dataset. The Everion q90 dataset is up to four times
the size of Everion Best. Empatica best is considerably smaller than its original
dataset, and it is more affected while jogging and running.
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Figure 6.7.: Intraclass correlation for different HRV metrics. As the activity level increases
the ICC decreases, more notably in the HF band.
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Moderate/High intensity activities

In the activity bike (60 W), the average length of the 28 considered segments is
294 s. The highest agreement happens in LF with /CC ranging from +.886 to +.974,
indicating good agreement. Followed by moderate agreement in SDNN with /CC
ranging from +.596 to +.899. The rest of the metrics show poor agreement in relation
to the Holter. In the bike (120 W) activity, only 13 segments are larger than 3 minutes,
with an average length of 272 s. In this activity, only one metric shows moderate
agreement, SDNN with /CC ranging from +.552 to +.946. The rest of the metrics
show poor agreement. We consider 17 segments with an average length of 291 s for
the walk activity. In this activity, all metrics show poor reliability. The activities jog
and run are not included in the analysis as we were unable to extract IBI segments
longer than 3 minutes from them.

6.2.4. HRV Monitoring During Ambulatory Activities

The evaluation of HRV during ambulatory activities is still a subject of study. LF
shows higher agreement than HF as the activity level increases. This is consistent
with the results found in [Hernando et al., 2018]. Moreover, our findings agree with
those reported by Michael et al. [2017]. In general, the reliability of time domain and
frequency domain measurements decreases as exercise intensity increases. Moreover,
our analysis shows similar results in the normalized spectral analysis, with LFnu
increasing during low-moderate intensity exercise and decreasing during higher-
intensity exercise. In contrast, HFnu shows the opposite response as shown in
Figure 6.8. Additionally, Figure 6.8 shows that the normalized metrics of the Everion
and the Holter follow similar trends, even though their level of agreement is low.

6.3. Discussion

6.3.1. Users’ preference

In general, devices perform better when there is less movement, as in the rest period
and initial activity. However, both wrist-located devices perform poorly on the bike,
jog, and run activities, indicating that (i) the wrist’s posture may affect the accuracy of
wrist-based monitoring, (ii) wrist-based monitors are more susceptible to movement
in comparison with non-wrist devices such as the Polar OH1, Wahoo Ticker, and
Everion. From our short questionnaire, we learned that 58.3% of the participants
prefer wrist-based devices. Thus, when designing experiments, there is a trade-off to
be made between comfort/users’ preferences and reliability.
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Figure 6.8.: LFnu increases during low-moderate intensity exercise and decreases during

higher intensity exercise, while HFnu demonstrates the opposite behavior.

6.3.2. Everion, Empatica and Holter

Everion and Empatica provide useful mechanisms to ensure a high quality of the
resulting dataset. We recommend making use of these parameters. Overall we
consider both of Everion’s datasets comparable and showing excellent agreement
with respect to the Holter in all activities. Empatica provides good agreement for
the initial activity and textitrest periods and moderate agreement while walking. Our
results indicate that Empatica is less suitable for tracking mean HR during ambulatory
conditions or high-intensity activities.

6.3.3. Everion and Holter During Ambulatory Conditions
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Even though many studies, including ours, use the Holter monitor as a baseline,
there may be better solutions to monitor HR during strenuous sports. The Holter’s
cables and electrodes are very susceptible to movement. Therefore, wearable devices
may provide better reliability under these conditions. Figure 6.9 shows an example
of this case. We can observe that the Holter signal becomes noisy as the subject
engages with the jog and running activities. However, this may not be the case when
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Figure 6.9.: Signals collected using the Everion and medical-grade Holter monitor. In
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particular, the Everion device shows very good agreement with the data of the
Holter monitor. The Holter shows less reliability (noise) during the jog and
run activities.

monitoring IBI. Figure 6.10 shows Everion’s and Holter’s IBI of one subject during
the rest and bike activities. Everion and Holter show good agreement during rest, but
Everion shows more noise during the bike activity. Further experiments are required
to determine if wearable devices can provide more reliability than a Holter monitor
during sports activities.

Conclusion

We gathered a dataset with multiple off-the-shelf wearable devices comprising several
sensors to track physiological data and made our dataset publicly available to the
research community. We focus on evaluating the agreement between mean HR and
HRYV metrics derived from the PPG sensor in wearable devices and a standard ECG
Holter monitor under different physiological conditions. We show that armband-
based devices dominate in precision when monitoring mean HR in all considered
settings. Additionally, we show that the Everion device is a valid proxy for HRV
metrics during periods not involving strenuous physical activity. Therefore, we
hypothesize that the Everion is a potential candidate for continuous monitoring
of physiological data in persons with sedentary lifestyles, such as office workers,
patients, etc. Furthermore, we look into the future and challenge whether the Holter
monitor is a better baseline than wearable devices for monitoring HR and HRV
during strenuous activities and conclude that further exploration is needed. Finally,
we show that participants have a preference for wrist-based devices and that their
choices are not significantly affected by the predetermined duration of the monitoring.
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Figure 6.10.: Comparing of Everion and Holter interbeat intervals (IBI) during rest and
bike activities. The devices show very good agreement during rest. Everion

signals show more variation during the bike session.

Thus, there is a trade-off between comfort and reliability when deciding between

armband-based or wrist-based devices.
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CHAPTEHR

Cronico — Multidimensional Platform for
Unsupervised Fatigue Monitoring

This chapter uses the interbeat intervals (IBIs) data processing pipeline devel-
oped and described in the following publication:

Marc Hilty, Pietro Oldrati, Liliana Barrios, Tamara Miiller, Claudia Blumer,
Magdalena Foege, PHRT consortium, Christian Holz, Andreas Lutterotti. Con-
tinuous monitoring with wearables in multiple sclerosis reveals an association
of cardiac autonomic dysfunction with disease severity. Multiple Sclerosis
Journal — Experimental, Translational and Clinical. June 2022.

In the previous chapter, we evaluated different wearables devices and selected Everion
as a good candidate for continuous monitoring of physiological data, in particular, HR
and HRV. In this chapter, we introduce a multidimensional plaform for the continuous
patient monitoring with focus on fatigue. Our platform comprises a wearable device
(Everion) and a mobile application, which we refer to as Cronico. Using this platform,
we conducted an in-the-wild study to build a comprehensive dataset that allows further
studies on fatigue using digital technologies. We provide initial results of using steps
and HRV variability for fatigue quantification. The collected dataset is currently
used by fellow researchers and results from their analyses is out of the scope of this
dissertation.
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Table 7.1.: Cronico’s survey type, notification frequency and description.

Type Frequency Description

Fatigue VAS  4/day Visual analog scale from 1 to 10, where 10 is the high-

est fatigue and 1 no fatigue. Notification triggered
with experience sampling method (ESM) [Gabriel et
al., 2019] during four time intervals.

Alerness scale  I/day Samn-parelli scale with seven statements "Completely

exhausted unable to function, ready to drop", "ex-
tremely tired, very difficult to concentrate,” "moder-
ately tired," "a little tired," "ok, somehow fresh," "very
lively, responsive but not at peak," "fully alert, wide
awake." [Samn and Perelli, 1982]

Sleep protocol  I/day Morning and evening sleep protocol from the German
association for sleep medicine. [Hoffmann et al., 1997]

FSS 1/week Fatigue severity scale [Krupp et al., 1989]

Stress VAS l/day Stress visual analog scale from 0 "no stress at all" to

10 "extremelly stressed. Notification in the evening to
evaluate overall stress of the day." [Lesage et al., 2012]

7.1,

7.2.
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Cronico Development

We developed a smartphone application for collecting ground truth data about the
persons’ fatigue level and to enable disease characterization. To this end, Cronico
incorporates the surveys listed in Table 7.1. The table also includes the surveys
respective notification frequency during the study. Furthermore, Cronico’s latest
release include other data gathering features such as the physical and cognitive
fatigability tasks described in the previous chapters. Refer to Table 7.2 for further
details. Refer to the Appendix, Figure E.1 for further details on Cronicos’ user
interface.

Methods

To analyze the feasibility of using wearables as a proxy for subjective fatigue we
conducted a two-week in-the-wild study. We use the FSMC [Penner et al., 2009]
to discriminate between motor-fatigued and non-motor-fatigued participants and
the FSS [Krupp et al., 1989] to differentiate fatigued and non-fatigued participants.
For data collection we used the cronico application accompanied by two Everion
sensors for continuous monitoring (24/7) of physiological signal. Table 7.3 depicts
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Table 7.2.: Cronico’s other data types

Type Frequency Description

Tapping test  I/day 30 s of rapid alternating finger tapping to measure phys-
ical fatigability (introduced in Chapter 4)

cFAST 3week 5 min cognitive fatigability assessment test (introduced
in Chapter 5).

Diary - Free text entry for patients to report important events

that occured during their day.

Activity list to report specific activity types from a
given list with their start and end time. Can be trig-
gered on demand, but also activity tagging is triggered
automatically with the Fatigue VAS notification for bet-
ter understanding of patients data. Custom activities
can be entered on demand.

Weather - Weather conditions of the user’s location, triggered on

location change.

Activity

the sensors included in the Everion device, and Table 7.4 depicts the different features
provided by the Everion.

7.2.1. Participants Recruitment

We recruited MS patients with a confirmed diagnosis with age 18 or older without
other diseases. Patients were recruited at the Neuroimmunology Outpatient Clinic
of the University Hospital of Zurich, Switzerland, between 29 November 2019 and
29 July 2021, and provided informed written consent. Controls were recruited from
hospital staff, family and friends of the investigators. We excluded controls with
chronic illness, regular medication intake, and fatigue. Controls followed the same
protocol as patients. The study protocol was reviewed and approved by the Cantonal
Ethics Committee of Zurich and uploaded to kofam.ch (SNCTP000003494).

7.2.2. Everion Device and Data Synchronization

After comparing different devices’ performance in (Chapter 6), we opted for the
Everion device for unsupervised monitoring of physiological signals. To achieve
24/7 monitoring, we designed our study protocol to include two Everion sensors per
participant. This way, we would avoid data gaps while charging the sensors (typically
2-3 hours). Participants were required to always keep one sensor in the charging
station while wearing the other sensor on their upper arm. We use a color coding
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Table 7.3.: Everion sensor data type and description measurement unit.

Type Description Sampling Unit
Acceleration (ACC) Three-axis ac- 51.2Hz g

celerometer

sensor
Barometer (BAR) Barometer sensor 1Hz mbar
Electrodermal Activity (EDA) Impedance sensor 1Hz Alternating current
Temperature (TEMP) Infrared sensors 1Hz °C

Photoplethysmography (PPG) Green, red, in- 1Hz
frared and photo-
diode

Table 7.4.: Sensor-derived features provided by the Everion device.

Data Type Unit Range Sensor
Heart Rate Beats per minute (bpm) 30 - 240 PPG
Blood Oxygenation (SpO2) % 65 - 100 (at rest) PPG

80 - 100 (under

motion)
Skin Blood Perfusion - 0-0.5.1 PPG
Respiration Rate Breaths per minute (BPM) 6 - 30 PPG
Skin Temperature °C 0-60 TEMP
Blood Pulse Wave - 0-5.1 PPG
Heart Rate Variability ms 0-255 PPG
Inter-Beat Interval ms 1 -4095 PPG
Energy Expenditure kCal/day 0 - 65535
Steps steps/day 0- 65535 ACC
Health Scores & Activity steps/day 0-100 ACC
Electrodermal Activity kOhm 0-21.8 EDA
Barometric pressure Mbar 500 - 1100 BAR
Accelerometer g +/- 8 ACC
Activity - 0-21.8 ACC
Quality metrics - 0-100 -

Notes: Activity refers to resting, biking, walking, running. Quality metrics refer to some parameters
containing a quality metric, which specifies whether the data should be kept for further analysis, i.e.,
greater than 50 is good, and lower than that should not be considered for further analysis.
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Figure 7.1.: Study methods for in-the-wild study phase: two color-coded everion devices
for continuous monitoring of physiological data with one charger(left), station-
ary phone for everion data download and sync (center) and cronico app for
gathering ground truth feeling.

scheme to facilitate data synchronization and handling of the sensors. One sensor
was set to be used during the day (Figure 7.1 Everion with red label), while the other
was meant to be used during the evening (Figure 7.1 Everion with blue label). After
wearing a sensor for the whole day, study participants would replace the sensor from
the charging station, start the data download using the dedicated app ( (Figure 7.1
center) and start wearing the sensors that was located in the charging station (now
fully charged). Participants would repeat this process for 14 days.

7.2.3. Study Design

Our study included two phases: one in the hospital, and the other in-the-wild, high-
lighted in dark and light blue , respectively, in Figure 7.2.

In-hospital

We included a pre-and post-study phase, both guided by a healthcare professional
and conducted at the local hospital. During the pre-phase, participants were briefly
introduced to the study and completed the FSMC and a demographic questionnaire
and baseline measurements. We guided participants through installing and using
our Android application on their smartphones and explain how to use the Everion
device with the companion data sync application. Figure 7.1 shows the devices and
applications. They also received instructions on how to complete the tasks, including
a demonstration by the experimenter and a short familiarization session for each of
the tasks: handgrip, tapping task, and 9-HPT. We used the 9-HPT to objectify hand
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Figure 7.2.: Study design timeline with two phases: the hospital phase (dark blue) to gather
baseline measurements, and in-the-wild phase (light blue), the core of this
study. During the in-the-wild phase, participants used the cronico app and the
Everion sensor 24/7.

function, the FSS and FSMC to categorize fatigue, and a handgrip dynamometer as
standard motor fatigability measurement. Neurological impairment was measured
using the standard disability rating scale for MS patients (EDSS) [Kurtzke, 1983].
Additionally, we use the Composite Autonomic Symptom Score (COMPASS-31) to
measures autonomic symptom severity to enable disease characterization [Sletten et
al., 2012]. Participants completed all tasks with their dominant hand. Between tasks,
participants rested their arm and hand for three minutes. During the post-phase, as
shown in Figure 7.2, we collected the FSMC scale and handgrip measurements again.
Both measures, pre and post, were averaged to obtain the final scores.

In-the-wild

We asked patients to use our cronico application including all surveys listed in
Table 7.1, furthermore some of the patients also completed the tapping trials as
described in Section 4 as they were part of both studies. Patients had the opportunity
to decide whether they wanted to use the protocol only with the Everion and not
including tapping, only tapping and not including the Everion or use both Everion
and tapping. The study duration was two weeks.

7.2.4. Feature Extraction

Steps. To extract individual continuous walks, we looked at the step detection of
the Everion. The sensor outputs the number of steps detected at each second. We
define a continuous walk to consist of steps that occur continuously, with gaps of at
most 60 seconds. We allow short gaps where users briefly stop during their walk,
e.g., to cross a road. Moreover, we discard instances shorter than 180 seconds to
remove short walks that could result from noise. Then, for each of the remaining
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walks, we compute the following measures: walk duration, total steps per walk, and
average cadence (steps/min). Following, for every user and each of these measures,
we calculate the average, the maximum, and the sum (where appropriate) over the
whole study duration. Hence, we are left with the following metrics:

e Total steps
e Average steps per walk
e Maximum steps per walk

Total walk duration

e Average walk duration

Maximum walk duration

IBls and HRV metrics. To extract the HRV metrics we used the data processing
pipeline develop for our previous work [Hilty et al., 2022]. This pipeline included
the following steps. First, IBIs were checked for artifacts based on the method
proposed by Berntson et al. [1990]. Artifacts were removed, and missing IBIs
were linearly interpolated. Subsequently, the data was divided into non-overlapping
5-min segments. Segments that, due to artifact correction, contained more than
four interpolated heartbeats in a row were discarded as they are to be considered
unreliable [Berntson et al., 1990]. Furthermore, we excluded all 5-min segments
with excessive activity as this reduces the reliability of the measurements. Refer to
Chapter 7 for further explanations on monitoring HRV during active periods. To
calculate HRV metrics based on the IBIs, we followed the recommendations of the
HRYV Task Force for time domain (RMSSD, SDNN, pNN20, pNN50), frequency do-
main (HF, LF) and nonlinear domain (SD1, SD2) [Richardson et al., 1996]. For each
valid segment, metrics for time, frequency, and nonlinear domains were calculated
using the open-source Python library pyHRV [Caridade Gomes, 2019]. According to
research, most metrics were omitted due to redundancy or due to evidence of them
being prone to artifacts, or artificial noise [Ciccone et al., 2017; Antali et al., 2021].
Table 7.5 shows an overview of the HRV metrics we considered [Kim et al., 2018;
Shaffer and Ginsberg, 2017].

7.2.5. Statistical Analyses

Mann-Whitney U tests were applied to explore group differences. We calculated
Spearman’s rank correlation to explore the association between variables. We con-
sidered p < 0.05 to be significant. Finally, effect sizes and 95% Cls were reported
using the standardized mean difference (SMD). We checked if the HRV metrics are
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Table 7.5.: Heart rate variability metrics.

Type  Description

SDNN  Standard deviation of all IBIs.

SDI The root mean square of the difference between adjacent IBIs,
multiplied by a constant.

NN50  Number of pairs of adjacent IBI differing by more than 50 ms
in the entire recording.

pNN50 NNS50 divided by the number of total successive differences.

NN20  Number of pairs of adjacent IBI differing by more than 20 ms
in the entire recording.

pNN20 NN20 divided by the number of total successive differences.

LF/HF  The ratio of LF to HF power (LF/HF ratio)

Notes: LF power, absolute power of the low-frequency band (0.04-0.15 Hz). HF power, absolute power
of the high-frequency band (0.15-0.4 Hz) [Shaffer and Ginsberg, 2017].

confounded by age by controlling its effects on fatigue through analysis of covariance
(ANCOVA).

7.3. Preliminary Results

This section presents preliminary results from Cronico’s in-the-wild fatigue dataset.
Particularly, for the steps analysis, we focus on patients with low disability (EDSS <
3.5) to reduce the effects of disability when analyzing fatigue. We present preliminary
results on steps and HRV analysis.

7.3.1. Participants

Table 7.6 shows the demographics of our fatigue data set participants. We have
recruited 55 and 25 age and gender-matched controls. The majority (47/55, 85.45%)
of patients had a relapsing-remitting disease course, while only 8 (14.55%) had a
progressive (primary or secondary) clinical form. There was an average of 12.63 (SD
2.12) days with Everion data per study participant.

7.3.2. Removing Short Walks
We collected a total of 44800 walks for patients and 16942 walks for controls. From

those, we removed walks that lasted less than 180s, 14105 walks for controls, and
39318 for patients. For our final analysis, we had 5482 walks for patients and 2837
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Table 7.6.: Demographic Characteristics of Participants

Control Patient P
Number 25 55
Age, mean (SD) 33.66 (10.39) 36.27 (9.71) 0.295
Gender, n (%) 0.687
m 11 (44) 20 (36.36)
w 14 (56) 35 (63.64)
Ethinicity, n (%) Asian 3 (12.00) 0.044
African 1(1.85)
Caucasian 19 (76.00) 50 (92.59)
Hispanic 1 (4.00)
Middle-Eastern 2 (8.00) 3(5.56)
MS type, n(%)
Progressive 8 (14.55)
Relapsing- 47 (85.45)
remitting
Disease duration, 12.52 (8.51)
mean (SD)
DMT, n(%)
Dimethylfumarat 7 (12.73)
Natalizumab 12 (21.82)
None 8 (14.55
Ocrelizumab 14 (25.45)
Ozanimod 2 (3.64)
Rituximab 4 (7.27)
Siponimod 1(1.82)
Teriflunomide 1(1.82)
aHSCT 6 (10.91)
EDSS, mean (SD) 2.41 (1.95)
FSMC, mean (SD)
Total 52.22 (21.84)
Cognitive 25.93 (11.68)
Motor 26.28 (11.05)

Notes: Data are mean (SD) or n (%). Disease duration is measured in years since first manifestation;
EDSS: expanded disability status scale; FSMC: Fatigue Score for motor functions and cognition; DMT:
disease modifying therapy.

Chi-squared tests for the following variables may be invalid due to the low number of observations: MS
type, Ethinicity.
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Figure 7.3.: Total collected walks (left), removed walks (center) and remaining walks

(right). After removing short walks, there is no longer a statistically significant
difference between patients and controls.

walks for controls. Figure 7.3 compares the number of walks of patients and controls
at the different stages. There is a statistically significant difference between the total
number of walks of patients and controls (U = 400.0, p = .047). There is also a
statistically significant difference between the removed patients’ walks and controls’
walks (U = 358.0, p = .012). After removing short walks, there is no longer a
statistically significant difference between the patients and controls regarding the
number of walks (U = 639.5, p = .348).

7.3.3. Steps Correlate to EDSS

As Table 7.8 shows, EDSS strongly correlated with several steps features. This is
expected as EDSS accounts for walking disability from scores 4 and above. Hence,
to remove the confounding related to walking impairment, in the steps analysis, we
only include patients with EDSS<3.5. Ten patients with walking impairment were no
longer considered for the steps analysis. Table 7.7 depicts the updated demographics
for the steps analysis after removing patients with walking disability. Table 7.9
depicts the correlation between the walk-derived features, the FSMC subscales, and
EDSS for patients without walking impairment. EDSS is no longer correlated with
the proposed steps metrics in this subset of patients.

7.3.4. Step Metrics Correlation to FSMC Subscales
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As displayed in Table 7.9, FSMC physical fatigue subscore is significantly correlated
to several features. The only two features that do not strongly correlate to the FSMC
physical scale are mean walk duration and total walk duration with p = —0.27
(p = .07)and p = —0.26 (p = .09), respectively. Only two proposed metrics
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Table 7.7.: Demographic Characteristics only considering patients with EDSS<3.5

Control Patient P
Number 25 45
Age, mean (SD) 33.66 (10.39) 34.4(9.15) 0.770
Gender, n (%) 0.531
m 11 (44) 15 (33.33)
w 14 (56) 30 (66.67)
Ethinicity, n (%) Asian 3(12) 0.090
African 1(2.27)
Caucasian 19 (76.00) 40 (90.91)
Hispanic 1 (4.00)
Middle-Eastern 2 (8.00) 3(6.82)
MS type, n(%)
Progressive 1(2.22)
Relapsing- 43 (95.56)
remitting
Disease duration, 5.25(6.07)
mean (SD)
DMT, n(%)
Dimethylfumarat 7 (15.56)
Natalizumab 10 (22.22)
None 7 (15.56)
Ocrelizumab 13 (28.89)
Ozanimod 2 (4.44)
Rituximab 1(2.22)
Teriflunomid 1(2.22)
aHSCT 4 (8.89)
EDSS, mean (SD) 1.63 (0.99)
FSMC, mean (SD)
Total 48.17 (19.83)
Cognitive 24.41 (11.09)
Motor 23.74 (9.65)

Notes: Data are mean (SD) or n (%). Disease duration is measured in years since first manifestation;
EDSS: expanded disability status scale; FSMC: Fatigue Score for motor functions and cognition; DMT:
disease modifying therapy.

Chi-squared tests for the following variables may be invalid due to the low number of observations: MS
type, Ethinicity.
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Table 7.8.: Spearmann rank correlation coefficient — Steps features, FSMC and EDSS.
N=55 all patients considered.

Feature Total Physical (P) Cognitive (P) EDSS (P)

max steps/walk -0.33 (.02) -0.36 (.01) -0.21 (.12)  -0.34 (.01)
mean steps/walk  -0.24 (.08) -0.28 (.04) -0.15(.28)  -0.29 (.03)
max walk/duration -0.30 (.03) -0.31 (.02) -0.23 (.10)  -0.34 (.01)
mean walk/duration -0.22 (.1)  -0.26 (.05) -0.13 (.34)  -0.23 (.09)
total steps  -0.32 (.02) -0.35(.01) -0.22 (.11) -0.3 (.03)

total walk duration -0.25 (.07) -0.26 (.05) -0.17 ((22)  -0.26 (.05)

Table 7.9.: Spearmann rank correlation coefficient — Steps features, FSMC and EDSS.

N=45, only patients with EDSS <=3.5 considered.

Feature Total Physical (P) Cognitive (P) EDSS (P)

max steps/walk  —0.30 (.04) -0.3 (.046) -0.26 (.09) -0.08 (.61)
mean steps/walk  -0.21 (.17)  -0.33 (.03) -0.31 (.04) -0.01 (.96)
max walk/duration -0.35(.02) -0.31 (.04) -0.36 (.02) -0.18 (.23)
mean walk/duration -0.27 (.07) -0.27 (.07) -0.24 (.11)  -0.04 (.81)
total steps —0.38 (.01) -0.31 (.04) -0.29 (.05) -0.12 (.42)

total walk duration -0.33 (.03) -0.26 (.09) -0.24 (.11)  -0.15(.33)

significantly correlated to the FSMC cognitive fatigue subscores. Those are mean
stepsfwalk with p = —0.31 (p = .04), and max walk/duration with p =-0.36
(p = .02). Three metrics are significantly correlated to FSMC general fatigue
subscore. Those are max steps/walk with p=—0.30 (p = .04), max walk/duration
0p=-0.35 (p = .02) and rotal steps p = —0.38 (p = .01).

7.3.5. Steps Metrics and Physical Fatigue

We evaluated the group differences regarding our steps metrics and the FSMC physical
subscore for two subgroups, mild and severe fatigue. Table 7.10 depicts the group
differences for the fatigue (N=20) and non-fatigued patients (N=25) according to
mild fatigue. Four metrics shows statistically significant difference between the
groups: max steps/walk with U = 145.0 (p = .02), mean steps/walk with U = 149.0
(p = .02), mean walk/duration with U = 141.0 (p = .01), and finally total steps
with U = 139.0 (p = .01). Max walk/duration and Total walk duration did not
show a statistically significant difference between the fatigue groups with U = 176.0
(p=.09) and U = 171.0 (p = .07) respectively.
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Table 7.10.: Group differences according to steps metrics and the FSMC mild physical

fatigue definition.

Feature No Fatigue Fatigue U (P)
N=20 N=25§
max steps/walk  4617.67 (1879.35) 3389.25 (2412.4)  145.0 (.02)
mean steps/walk 651.6 (282.79) 484.44 (191.2) 149.0 (.02)

max walk/duration  3284.45 (1185.94) 2711.0 (1611.58) 176.0 (.09)
mean walk/duration 576.71 (152.65) 472.57 (141.59) 141.0 (.01)
total steps  66322.2 (28177.83) 48716.62 (37573.46) 139.0 (.01)

total walk duration 61579.3 (27460.22) 49329.28 (36602.73) 171.0 (.07)

Group differences with Mann—Whitney U test . FSMC thresholds: no fatigue < 22.

Table 7.11.: Group differences according to steps metrics and the FSMC severe physical

fatigue definition.

Feature No Fatigue Fatigue U (P)
N=20 N=12
max steps/walk  4617.67 (1879.35) 3030.17 (2449.1)  56.0 (.01)
mean steps/walk 651.6 (282.79) 474.56 (212.59) 70.0 (.05)
max walk/duration  3284.45 (1185.94)  2304.67 (1617.04)  56.0 (.01)
mean walk/duration ~ 576.71 (152.65) 461.92 (166.43) 62.0 (.03)

total steps  66322.2 (28177.83) 46783.22 (48870.62) 59.0 (.02)
total walk duration 61579.3 (27460.22) 47434.0 (45844.18) 73.0 (.07)

Group differences with Mann—Whitney U test. FSMC thresholds: no fatigue < 22, fatigue > 32.

Table 7.11 depicts the fatigue groups according to the FSMC severe physical fatigue
threshold. In total, 20 patients were classified as non-fatigued, while 12 were labeled
severely fatigued. In this case, an additional metric shows statistical significance.
That is max walkjduration with U = 56.0 (p = .01). Additionally, mean steps/walk
shows a group difference close to statistical significance with U = 70.0 (p = .05).
Total walk duration shows no statistically significance between the severely fatigued
groups with U = 73.0 (p = .07).

Figure 7.4 displays box plots corresponding to the fatigue classification according
to the FSMC physical subscale with the threshold for severe fatigue. We have 12
patients with severe physical fatigue and 20 with no fatigue, and 25 controls. The
figure shows that when using foral steps as metric, there is a statistically significant
difference between non-fatigued and fatigued patients with U = 59.0 (p = .019).
Furthermore, a statistically significant difference exists between the fatigue and
control group with U = 70.0 p = 0.01. Finally, the figure also reveals no statistically
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Figure 7.4.: Steps metrics relation to FSMC physical fatigue (severe)

significant difference between the patients with no fatigue and the control group
U = 248.0 p = 0.97, suggesting non-fatigued MS patients and controls have similar
walking patterns.

Similar results are shown in Figure 7.4 right side. When using mean steps as metric,
there is a difference close to significant between the fatigue and no fatigue groups
(U = 70.0, p = .05). Controls and patients with no fatigue show no statistically
significant difference (U = 249.0 p = .99). Finally, there is a statistically significant
difference between the fatigue and control group (U = 78.0 p = .02).

7.3.6. Steps Metrics and Cognitive Fatigue

When evaluating groups’ differences between cognitive and non-cognitive fatigue
patients according to the threshold "mild," none of the proposed steps metrics shows
a statistically significant difference. When considering severe cognitive fatigue (fa-
tigued = 12, non-fatigue =18), three steps metrics display the statistically significant
difference between groups: max walk/duration (U = 55.0, p = .03), total steps
(U = 60.0, p = .04), and total walk duration (U = 59.0, p = .04). These results
suggest that step metrics are more related to physical than cognitive fatigue.

7.3.7. HRV and Cognitive Fatigue
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We evaluated group differences between the fatigue and non-fatigued patients ac-
cording to the FSMC cognitive subscale and two thresholds: mild and severe. We
evaluated our metrics during different times of the day. To this end, we use a percent-
age of the day. We defined 24h as 100% of the day. In this subsection, we present
results for the early morning, which we calculated as the first 15% of the day since



Table 7.12.: Group differences according to HRV-derived metrics (early morning and late

7.3. Preliminary Results

evening) and FSMC mild cognitive fatigue definition.

Feature = No Fatigue Fatigue U (P) ANCOVA* (P)
N=19 N=36
Early SDNN 73.86 (22.71)  60.82 (17.92)  478.0 (.02) 0.048
morning NN20 203.06 (27.58) 182.0 (40.77)  461.0 (.04) 0.109
PNN20 559.98 (10.81) 50.79 (11.43) 487.0 (.01) 0.012
NN50 81.61(39.42) 58.37 (35.2) 473.0 (.02) 0.066
PNN50 2494 (13.64) 16.65(10.61)  480.0 (.01) 0.035
LF/HF 2.52 (0.99) 2.96 (1.33) 285.0 (0.32) 0.329
SD1 3497 (12.28)  28.34 (10.39)  480.0 (.01) .082
Late SDNN 65.16 (22.51) 53.28 (18.41)  464.0 (.03) 0.082
night NN20 193.77 (33.6) 164.66 (51.45) 473.0 (.02) 0.066
PNN20  57.51(12.99) 45.86 (14.9) 489.0 (.01) 0.012
NN50 74.04 (42.0) 50.3 (41.03) 483.0 (.01) 0.105
PNN50  22.96 (14.72) 14.45(12.46) 486.0 (.01) 0.06
LF/HF 2.54 (1.15) 2.9 (1.47) 304.00.51 0.442
SD1 33.68 (13.35) 27.02(12.69) 486.0 (.01) 0.149

* Analysis of covariance (ANCOVA) with age as covariate. Group differences with Mann—Whitney U
test. FSMC cognitive fatigue thresholds: no fatigue < 22, fatigue > 22.

the person woke up. We also show results for the late evening, which represents 15%
of the day before the person falls asleep.

Table 7.12 displays the groups’ difference for fatigue according to the FSMC mild
cognitive fatigue definition. Mann—Whitney U tests reveal that all metrics but one
show statistically significant differences. LF/HF shows no statistically significant
difference between fatigue groups, neither in the morning (U = 285.0, p = .32) nor
in the evening (U = 304.0, p = .51). Three metrics show statistically significant
differences during the early morning, even after controlling for age with ANCOVA.
Those are SDNN U = 478.0 (p = .02), PNN20 U = 487.0 (p = .01) and
PNN50 U = 480.0 (p = .01). NN20, NN50, and SD1 are statistically significantly
different during the early morning, but there are no longer statistically significant
differences after ANCOVA. Late at night, only one metric is statistically significant
after ANCOVA. That is PNN20 with U = 489.0 (p = .01)

Table 7.13 displays the group differences for fatigue according to the FSMC severe
cognitive fatigue definition. Mann—Whitney U tests revealed that all metrics but one
show statistically significant differences. LF/HF shows no statistically significant
difference between the fatigue groups, neither in the morning (U = 140.0, p = .16),
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Table 7.13.: Group differences according to HRV-derived metrics (early morning and late

evening) and FSMC severe cognitive fatigue definition.

Feature  No Fatigue Fatigue U (P) ANCOVA* (P)
N=19 N=20
Early SDNN 73.86 (22.71)  57.26 (18.39) 281.0 (0.01) 0.091
morning NN20 203.06 (27.58) 172.32 (44.55) 280.0 (0.01) 0.105
PNN20 59.98 (10.81) 47.61(11.98)  299.0 (0.0) 0.013
NN50 81.61 (39.42) 52.47 (36.42) 284.0 (0.01) 0.147
PNN50  24.94 (13.64) 14.67 (10.1)  289.0 (0.01) 0.077
LF/HF 2.52 (0.99) 3.23 (1.55) 140.0 (0.16) 0.253
SD1 34.97 (12.28) 26.4 (9.17) 288.0 (0.01) 0.115
Late SDNN 65.16 (22.51) 48.02 (17.75) 290.0 (0.01) 0.068
night NN20 193.77 (33.6)  150.96 (56.89) 290.0 (0.01) 0.053
PNN20 57.51(12.99) 41.47 (15.7) 297.0 (0.0) 0.01
NN50 74.04 (42.0) 42.8 (41.51) 291.0 (0.0) 0.159
PNN50 2296 (14.72) 11.99 (11.71) 294.0 (0.0) 0.093
LF/HF 2.54 (1.15) 2.92 (1.66) 176.0 (0.7) 0.656
SD1 33.68 (13.35) 24.07 (10.66)  299.0 (0.0) 0.108

* Analysis of covariance (ANCOVA) with age as covariate. Group differences with Mann—Whitney U
test. FSMC cognitive fatigue thresholds: no fatigue < 22, fatigue > 34.

nor in the late evening (U = 176.0, p = .7). In this case, only one metric kept the
statistically significant difference between the group. This was the PNN20 in the
morning and night with U = 299.0 (p = .0) and U = 97.0 (p = .0), respectively.

7.3.8. HRV and Physical Fatigue

122

Our group difference analysis revealed no statistically significant differences with
our metrics during the evening when classifying fatigue according to the FSMC mild
physical fatigue definition. Using the FSMC mild physical fatigue, 20 were labeled
with no fatigue, and 35 were labeled as fatigued. During the morning, we found
statistically significant differences between the fatigue groups with the following
metrics:(1) PNN20 with U = 479.0 (P = .02) and ANCOVA p = .035, (2) NN50
with U = 463.0 (P.049) and ANCOVA p = .118, (3) PNN50 with U = 472.0
(p = .03) and ANCOVA 0.035, and finally (4) SD1 with U = 466.0 (p = .04) and
ANCOVA p = 0.039. When considering severe physical fatigue (Table 7.14), we do
observe statistical significance in the groups during the evening and morning metrics.
However, in this case, none of the metrics is statistically significant after conducting
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Table 7.14.: Group differences according to HRV-derived metrics (early morning and late
evening) and FSMC severe physical fatigue definition.

Feature = No Fatigue Fatigue U (P) ANCOVA* (P)
N=20 N=21
Early SDNN 73.94 (25.17)  59.04 (18.78) 284.0 (0.06) 0.091
morning NN20 199.33 (32.03) 179.17 (46.29) 269.0 (0.13) 0.732
PNN20  59.52(12.18) 49.26 (12.52) 299.0 (0.02) 0.103
NN50 81.02 (43.37) 56.79 (38.56) 291.0 (0.04) 0.437
PNN50 25.16(15.18) 15.83(10.69) 298.0 (0.02) 0.203
LF/HF 2.47 (0.86) 3.14 (1.55) 158.0 (0.18) 0.238
SD1 35.74 (14.57) 27.48 (9.8) 295.0 (0.03) 0.222
Late SDNN 64.74 (24.63)  51.02 (20.24)  290.0 (0.04) 0.295
night NN20 186.67 39.66) 160.78 (60.68) 270.0 (0.12) 0.689
PNN20  55.94 (15.09) 44.08 (17.2)  293.0 (0.03) 0.191
NN50 71.53 (46.46) 50.9 (47.3) 282.0 (0.06) 0.743
PNN50  22.56 (16.46) 14.31(13.56) 288.0 (0.04) 0.442
LF/HF 2.55(1.16) 2.88 (1.68) 198.0 (0.76) 0.645
SD1 33.79 (15.56)  26.69 (13.75) 296.0 (0.03) 0.519

* Analysis of covariance (ANCOVA) with age as covariate. Group differences with Mann—Whitney U
test. FSMC thresholds: no fatigue < 22, fatigue > 32.

ANCOVA. Similarly, Table 7.15 shows the groups’ differences analysis but when
using the FSS to label fatigue.

7.3.9. PNN20 and Fatigue

Figure 7.5 left shows box plots corresponding to the PNN20 metrics comparing
controls, fatigue, and non-fatigued patients according to the FSMC cognitive fatigue
classification using as threshold: > 34 fatigued < 22 no fatigue. We observe a
statistically significant difference between the cognitive and non-cognitive fatigue
groups with U = 297.0 p = 0.003. There is a close to significant difference between
the cognitively fatigued patients and controls with U = 48.0 p = 0.05. Finally, there
is no statistically significant difference between the control and non-fatigued patients
(U =109.0, p = 0.26)

Figure 7.5 right shows box plots corresponding to the PNN20 metrics comparing
controls, fatigue, and non-fatigued patients according to the FSMC physical fatigue
classification using as threshold: > 32 fatigued < 22 no fatigue. We observe a
statistically significant difference between the physical and non-physical fatigue
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Table 7.15.: Group differences according to HRV-derived metrics (early morning and late

evening) and FSS for general fatigue.

Feature = No Fatigue Fatigue U (P) ANCOVA* (P)
N=22 N=21
Early SDNN 68.3 (21.45) 60.4 (20.18)  283.0(0.21) 0.795
morning NN20 197.02 (30.42) 168.11(38.59) 338.0 (0.01) 0.167
PNN20 56.22 (10.6)  48.64 (12.67) 307.0 (0.07) 0.372
NN50 71.63 (36.8) 52.58 (31.91) 315.0 (0.04) 0.571
PNN50  21.07 (12.32) 15.64 (10.76) 304.0 (0.08) 0.717
LF/HF 2.64 (1.02) 3.17 (1.29) 179.0 (0.21) 0.382
SD1 31.75(11.01)  27.77 (11.08) 296.0 (0.12) 0.843
Late SDNN 60.54 (21.37)  51.39(19.14) 290.0 (0.16) 0.66
night NN20 186.88 (37.15) 147.07 (48.9) 341.0 (0.01) 0.107
PNN20  53.31(12.18) 42.73(16.15) 328.0 (0.02) 0.243
NN50 63.62 (39.91) 42.84 (36.32) 322.0 (0.03) 0.553
PNN50  18.75(12.73) 1297 (12.26) 319.0 (0.03) 0.688
LF/HF 2.67 (1.13) 3.04 (1.43) 205.0 (0.54) 0.357
SD1 30.52 (11.96) 2593 (13.35) 316.0 (0.04) 0.838

* Analysis of covariance (ANCOVA) with age as covariate. FSS thresholds: no fatigue < 4, fatigue > 4.
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Figure 7.6.: PNN?20 shows a statistically significant difference between the fatigue groups,
but there is no difference between controls and the patients groups.

groups with U = 293.0 p = 0.03. There is no significant difference between the
physically fatigued patients and controls with U = 65.0 p = 0.19. Finally, there is
no statistically significant difference between the control and non-fatigued patients
(U =104.0 p = 0.52)

Figure 7.6 shows box plots corresponding to the PNN20 metrics comparing controls,
fatigue, and non-fatigued patients according to the FSS fatigue classification using 4
as the fatigue threshold. In general, we observe a statistically significant difference
between the fatigue and non-fatigue groups with U = 328.0, p = 0.02. However,
there is no difference between the fatigue and control group (U = 87.0, p = 0.152)
nor between the no fatigue and control group (U=155.0, p = 0.42). When analyzing
only the group difference in terms of PNN20 between patients and controls, we found
no statistically significant difference (U = 274.0, p = 0.75)

7.4. Discussion

7.4.1. Steps and Fatigue

Our analysis reveals that steps derived features are more related to physical than
cognitive fatigue. In this sense, it is crucial to consider the role of impairment when
analyzing fatigue in MS patients with movement-related metrics. We observed that
our metrics are significantly correlated to EDSS. Hence, when using steps, one
needs to consider the patients’ impairment level to avoid quantifying impairment
instead of fatigue. We showed that total and mean steps are reliable metrics for
evaluating fatigue in MS patients with low disability. In particular, we observed

125



Cronico — Multidimensional Platform for Unsupervised Fatigue Monitoring

group differences in the fatigue groups and that controls and non-fatigued MS patients
have similar behaviors.

7.4.2. HRV and Cognitive Fatigue

Our results show that the HRV metrics are more related to cognitive than physical
fatigue. Table 7.13 shows that all HRV metrics but one show a statistically significant
difference between the fatigue groups when classifying severe cognitive fatigue.
LF /HF was the only metric that showed no statistically significant difference be-
tween groups. This metric was not significant in the morning or night. Further
analysis with ANCOVA revealed that age is significantly correlated to all HRV met-
rics. After controlling for age as the covariate, only PNN20 stayed significantly with
p = 0.013 for the morning and p = 0.01 for the night. Table 7.14 shows that when
classifying severe physical fatigue, not all metrics are statistically significant in the
morning or evening. In this case, PNN20 was no longer significant after controlling
for age as the covariate. Similarly, in Table 7.15, we observed that only a subset of
metrics differentiates between the fatigue and non-fatigued group according to the
FSS classification. This is to be expected, as the FSS measures general fatigue and
does not have specific thresholds for cognitive fatigue. As well for this scale, all
metrics were no longer significant after controlling for age as the covariate. The role
of age is something that needs further analysis. We cannot draw a conclusion in this
regard with the current data set. However, age and disability go hand-in-hand; as one
ages, it is only natural that disability increases. Therefore, further studies need to
explore if completely removing the effect of age is an appropriate solution or if this
approach is too strict.

7.4.3. HRV and Implications of Time of Measurement
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Our results indicate that the time of measuring HRV has an important role in detecting
significance. We explore the group difference during the early morning, late evening,
day, and sleep. The best time to measure HRV and study group difference for
fatigue was during the early morning and late evening, as highlighted in Table 7.13,
Table 7.14 and Table 7.15. Furthermore, day-time measurements only revealed a
statistically significant difference in the PNN20 metric, while HRV metrics during
sleep showed the worst performance. None of the HRV metrics revealed a statistically
significant difference between the groups during sleep.
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7.5. Conclusion

We introduced our Cronico monitoring infrastructure and our Cronico fatigue data
set. Our data set included data from 55 patients and 25 controls during a two-week
in-the-wild study. Our preliminary results on the role of HRV as a passive metric for
fatigue quantification revealed that HRV metrics are more related to cognition than
physical fatigue. PNN20 was the best-performing metric for differentiating cognitive
and non-cognitively fatigued patients. We also showed that the time of measurement
plays an important role in the HRV metrics and that age is strongly related to HRV.
On the other hand, steps are related to physical fatigue but not cognitive fatigue.
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Conclusion

8.1.

In this thesis, we explored how computer science can support patient monitoring and
clinical research. We focus on the prevalence of smartphones and wearable devices
to study fatigue and enable more regular assessments. The technical foundations are
based on data analysis, representation, and feature extraction to model fatigability.
Our proposed methods allow for studying the association between perceived fatigue
and objective fatigability, a task that has so far been difficult due to the limitations of
the existing medical approaches. In the following, we summarise the contributions
and limitations of this dissertation and outline potential directions for future research.

Principal Contributions

In Chapter 3, we presented an exertion technique on commodity devices that involves
simple alternating rapid finger tapping to assess motor fatigability. The proposed task
is fast, easy to implement, and can easily be integrated in the patient’s daily routine
We derived a metric from the data of such tapping tasks to represent motor fatigability:
the increase of time a user keeps a finger on the screen, which we refer to as fouch
duration. We detail the specifics of the metric and our processing pipeline to extract
it from the data collected through the mobile app. An evaluation of our approach
on 20 MS patients and 35 controls showed that our metric strongly correlates with
data collected from a standard handgrip dynamometer. We further show that this
correlation is also present in the first 30 seconds of performing the tapping task with
o = 0.78 for patients and p = 0.84 for controls. Our work is a first step towards
measuring motor fatigability without relying on specialized equipment, which can
be expensive and require professional supervision. Our method may help quantify
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fatigue and complement the current use of subjective feedback through questionnaires,
enabling patients to frequently and ubiquitously monitor their condition and react to
changes accordingly.

In Chapter 4, we build upon the developed tapping task to study the association be-
tween fatigability and perceived fatigue in the wild. We introduced a new smartphone-
based metric, tapping frequency, to quantify motor fatigability with the tapping task.
We showed that tapping frequency is better than the previously introduced metric
touch duration, as it shows an invalid trend in fewer trials while maintaining a similar
correlation. We provided a proof of concept of the applicability of the tapping task
and our metric in uncontrolled environments in the wild. There is a statistically
significant difference between fatigued and non-fatigued groups during the whole
study. Furthermore, we showed that combining several trials improves the reliability
of the fatigue prediction. Our results on the association between tapping task and
perceived fatigue during uncontrolled conditions showed that mean tapping frequency
ranks motor fatigue according to the FSMC with AUCroc X = .76 + .05 and that it
ranks fatigue according to the FSS with AUCroc X = .81 +.05. Our fatigue data set
comprising 35 MS patients is available to the research community!. We introduced a
simple model that provides good interpretability and thus a higher chance of adoption
in clinical practice.

In Chapter 5, we introduced the cognitive fatigability assessment test (CFAST), a novel
smartphone-based test to quantify cognitive fatigability. Our pilot study with 42 MS
patients, 23 fatigued and 19 non-fatigued as defined by the FSMC, provides evidence
that cFAST produces a quantifiable drop in task performance in a short period.
Furthermore, our results indicate that cFAST has the potential to serve as a surrogate
for subjective cognitive fatigue. When classifying cognitive fatigue, our cognitive
fatigability metric 4 response time has a mean AUROC of 0.74 +.05. Furthermore,
A response time shows a statistically significant difference between the fatigued and
non-fatigued groups (t=2.27, P=.03). In particular, we observed that cognitively-
fatigued patients declined in performance while non-fatigued patients improved.
cFAST is significantly shorter than the existing cognitive fatigability assessments and
does not require specialized equipment. Thus, it could enable frequent and remote
monitoring and substantially aid clinicians in better understanding and treating
fatigue.

In Chapter 6, we shifted focus from fatigability quantification to evaluating devices
for unsupervised monitoring. This was our first step towards building a platform
for assessing the autonomic nervous system and studying its role in fatigue. We
evaluated the agreement between several HR and HRV metrics derived from the PPG
sensor in wearable devices and the same metrics derived from a standard ECG Holter

lhttps ://www.research-collection.ethz.ch/handle/20.500.11850/494324
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8.2. Limitations and Outlook

monitor under different physiological conditions. We collected an activity dataset?
comprised of fourteen participants (7 female and 7 male) using six different wearable
devices. We thoroughly evaluated the sensors with three different experiments, for
a total of 30 sessions (55 minutes each). Our results showed that armband-based
devices dominate in precision when monitoring mean HR in all considered settings.
Additionally, we showed that the Everion device is a valid proxy for HRV metrics
during periods not involving strenuous physical activity. Therefore, the Everion is a
potential candidate for continuous monitoring of physiological data in everyday life
but not while doing strenuous activities.

Finally, in Chapter 7, we introduced the Cronico infrastructure and Cronico fatigue
data set comprising data from 56 MS patients and 25 controls. We gathered our data
set in a two-week in-the-wild study. Study participants used our mobile application
to complete fatigability tasks and provide perceived fatigue sensation to be used as
ground truth. Following the findings in Chapter 6, we incorporated the use of Everion
to quantify physiological signals from our participants. Preliminary results on the
association between passive sensing and fatigue showed metrics derived from step
count as potential candidates. However, the role of HRV and autonomic dysfunction
in fatigue quantification needs further exploration. Our resulting data set is now being
analyzed as part of an ETH PHRT grant for further exploration of fatigue models and
disease progression.

Limitations and Outlook

A discussion of the specific limitations of the different contributions can be found
in the corresponding chapters. Below we list general limitations and future research
directions.

Sample size and impairment. A recurrent limitation in our studies is the small
sample size. Larger clinical studies to establish the proposed methods as part of
the clinical routine are needed. In particular, it is necessary to include patients
representing the full spectrum of disabilities in terms of EDSS. Furthermore, the
person’s dexterity may influence results from our proposed physical and cognitive
fatigability tests. Hence, the reliability of our metrics in MS patients with hand
impairment has to be assessed in future studies.

Validation in other diseases and differentiation to confounding symptoms
Until now, all our evaluations were done with MS patients. This target group was
chosen due to the high prevalence of fatigue in these patients and the degree to
which the disease course can be controlled with existing disease-modifying therapies.

2https://www.research—collection.ethz.ch/handle/Z@.5®®.11850/374755
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Nevertheless, fatigue is a common symptom of other chronic diseases, some of
which also have a larger incidence. Hence, future work should explore the validity
of our proposed methods in other conditions. We believe our methods have the
potential to be applied outside of MS. The limitation of impairment is less relevant
for patients with other disease entities, such as long COVID, which is not associated
with hand impairment. Moreover, future studies are needed to investigate if our
tools can distinguish between fatigue and confounding symptoms such as depression,
sleepiness, or others.

Fatigue fluctuation and multilevel fatigue classification. In our studies, we
used a cross-sectional study design. Thus, we are not able to define the clinical
significance of the changes in the fatigability scores in individual patients. Future
studies are needed to determine if the changes in the measured fatigability scores
correlate with fluctuations in fatigue severity and how this information can be used
in patient monitoring. A possible approach to achieve this goal is conducting a
longitudinal intervention study to measure the effectiveness of a fatigue intervention.
Furthermore, in our results, we limited our analyses to a binary classification problem,
partly due to the small sample size. However, fatigue scales such as the FSMC identify
different levels of fatigue: none, mild, moderate, and severe. Therefore, future studies
should explore the possibility of achieving multiclass fatigue classification.

Considerations for remote monitoring. Our studies highlighted the need for
implementing changes to improve data quality and compliance in unsupervised set-
tings. Strategies to verify that the tests are conducted in a distraction-free environment
are needed. A simple method can be to automatically dismiss test sessions if no input
is recorded after a certain period. Distractions in uncontrolled environments could
influence test results, for example, by affecting the tapping frequency during the
physical test or generating many missed or wrong answers during cFAST. Finally, we
need to investigate the test re-test reliability of our methods and establish a suitable
periodicity to conduct the tests.

User interface and design improvements. Informal feedback from the partic-
ipants suggests that performing daily tasks can produce a lack of motivation and
boredom. This can be addressed in further studies by using gamification to keep the
participant engaged and motivated. Furthermore, as measuring fatigability requires
users to elicit maximal effort, exploring additional incentives during the test may be
worthwhile.

Autonomic dysfunction and fatigue. We only presented preliminary evidence
of the association between physiological data and perceived fatigue. Future work
should focus on verifying if autonomic dysfunction is related to fatigue. A challenge
to address when looking at this data is to consider the role of age, as this also
influences autonomic response. Additionally, our data only contains data from
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8.3. Closing Remarks

two weeks. More extended studies are needed to better understand the role of the
autonomic nervous system in fatigue.

Closing Remarks

In this dissertation, we have shown the potential of using smartphones and wearable
devices to quantify physical and cognitive fatigue objectively. Although we only
show preliminary results on physiological data analysis, we believe that by combining
the proposed objective measurements and the passive data, it is possible to develop
models to quantify fatigue more accurately. An objective and reliable measure
as a surrogate for fatigue facilitates further research on this devastating symptom,
particularly the development of novel therapies. Additionally, the ability to monitor
patients over time and independently from medical facilities (i.e., in the wild) provides
an important advantage in assessing the effects of therapeutic interventions and
devising strategies for managing the symptom. We hope this thesis has made a step
forward in the objective fatigue quantification and remote monitoring of disease
progression in MS patients. Additionally, we hope our methods apply to other
medical conditions with fatigue as a primary debilitating symptom.
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APPENDTIX

Fatigue Questionnaires
A.1. Fatigue Severity Scale (FSS)

Table A.1.: Fatigue Severity Scale

1. My motivation is lower when I am fatigued.

Exercise brings on my fatigue.

I am easily fatigued.

Fatigue interferes with my physical functioning.

Fatigue causes frequent problems for me.

My fatigue prevents sustained physical functioning.

Fatigue interferes with carrying out certain duties and responsibilities.
Fatigue is among my most disabling symptoms.

Fatigue interferes with my work, family, or social life.

A ANl ol

Notes: Fatigue Severity Scale (FSS). Patients rate their fatigue from "strongly disagree" (1) to "strongly
agree" (7) [Krupp et al., 1989; Valko et al., 2008].

A.2. Fatigue Scale for Motor and Cognitive Functions (FSMC)

FSMC questionnaire by Penner et al. [2009].
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Fatigue Questionnaires

Date:

Fatigue Scale for Motor and Cognitive Functions .

Initials:

Age: Sex: m(O fO

Instructions

The following questionnaire is about problems in everyday life which are directly associated with an extreme
form of tiredness (fatigue). This extreme form of tiredness refers to an overwhelming state of lethargy, exhaus-
tion and lack of energy which comes on abruptly and is unrelated to any obvious external causes. It does not
mean the sort of isolated episodes which everyone might experience in the course of the day, after exertion,
or after a sleepless night!

Please read each statement carefully. Then decide to what extent each statement applies to you and your eve-
ryday life. Please try not to base your answers on the way you are feeling at the moment; instead try to give
us a picture of the way you feel in normal day-to-day life. Please put a cross in the appropriate circle (only one
cross per statement please!).

Does not|Does not | Slightly | Applies | Applies
apply apply | applies alot | comple-
at all much tely

1. When | concentrate for a long time, | get ex-
hausted sooner than other people of my age. O O O O O

2. When | am experiencing episodes of exhaustion,
my movements become noticeably clumsier and O O O O O
less coordinated.

3. Because of my episodes of exhaustion, | now

need more frequent and/or longer rests during O O O O O
physical activity than | used to.

4. When | am experiencing episodes of exhaustion,

| am incapable of making decisions. O O O O O

5. When faced with stressful situations, | now

find that | get physically exhausted quicker O O O O O
than | used to.

6. Because of my episodes of exhaustion, | now

have considerably less social contact than | O O O O O
used to.

7. Because of my episodes of exhaustion, | now
find it more difficult to learn new things than O O O O O
I used to.

Please turn over

FSMC-cog = FSMC-mot = FSMC total =

© Penner et al., 2005 1
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A.2. Fatigue Scale for Motor and Cognitive Functions (FSMC)

Does not|Does not | Slightly | Applies | Applies
apply apply applies alot comple-
atall much tely

8. The demands of my work exhaust me
mentally more quickly than they used to. O O O O O

9. | feel the episodes of exhaustion particularly

strongly in my muscles. O O O O O

10. I no longer have the stamina for long periods

of physical activity that | used to have. O O O O O

11. My powers of concentration decrease consi-

derably when I'm under stress. O O O O O

12. When | am experiencing episodes of exhaustion, |
am less motivated than others to start activities that O O O O O
involve physical effort.

13. My thinking gets increasingly slow when it is hot.

14. When | am experiencing an episode of exhaustion,
my movements become noticeably slower. O O O O O

15. Because of my episodes of exhaustion, | now

feel less like doing things which require con- O O O O O
centration.

16. When an episode of exhaustion comes on, |
am simply no longer able to react quickly. O O O O O

17. When | am experiencing episodes of exhaustion,

certain words simply escape me. O O O O O

18. When | am experiencing episodes of exhaustion,

| lose concentration considerably quicker than | O O O O O
used to.

19. When it is hot, my main feeling is one of extreme

physical weakness and lack of energy. O O O O O

20. During episodes of exhaustion, | am noticeably

more forgetful. O O O O O

Please make sure that you have written down your initials, age and sex on page 1 and have put a cross by each
statement. Thank you.

© Penner et al., 2005 2
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Fatigue Questionnaires

Table A.2.: FSMC cut-off values. We focus our study in the motor aspect of fatigue
and classify as motor fatigued participants with FSMC physical score > 22;
otherwise, we consider them non-fatigued.

Cut-off Classification

FSMC sum score > 43 Mild fatigue
> 53 Moderate fatigue
> 63 Severe fatigue

FSMC cognitive score > 22 Mild cognitive fatigue
> 28 Moderate cognitive fatigue
> 34 Severe cognitive fatigue

FSMC physical score > 22 Mild motor fatigue
> 27 Moderate motor fatigue
> 32 Severe motor fatigue

Notes: Fatigue Scale for Motor and Cognitive Functions (FSMC) Penner et al. [2009].
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APPENDTIX

Rapid Tapping Supplementary Materials

B.1. Mean Tapping Frequency vs. Mean Handgrip According to
FSS

When grouping by gender (Figure B.1 center), there is a significant difference between
non-fatigued and motor fatigued females as defined by the FSS questionnaire, with
H = 4.93 (p < 0.05), a difference is also found in males, with H = 4.82 (p < 0.05).
The handgrip shows no difference between non-fatigued and fatigued patients within
the gender groups, but it shows a significant difference between genders, with H =
10.58 (p < 0.01) and H = 6.35 (p < 0.01) for non-fatigued and fatigued patients,
respectively.

Figure B.1 (right) shows the boxplots when grouping by impairment as defined by
the 9-HPT. There is a significant difference between the mean tapping frequency of
non-fatigued and motor fatigued patients that are not hand impaired, with H = 6.5
(p < 0.01), while no significant difference is found in impaired participants, where
we have a very small sample size. The mean handgrip strength shows no difference
between and within the groups.

B.2. Maximum tapping frequency vs. maximum handgrip

As depicted in Figure B.2 (top left), there is a significant difference between the
maximum tapping frequency of patients that do not have motor fatigue and those who
are classified as motor fatigued using the FSMC questionnaire, with Kruskal-Wallis
H = 8.67 (p < 0.01). However, there is no statistically significant difference between
the same groups using the maximum handgrip strength (cf. Figure B.2 bottom left).
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Figure B.1.: Mean tapping frequency (top) and mean handgrip strength (bottom) in function

of FSS fatigue, gender, and impairment as defined by the 9-hole peg test.

When grouping by gender (Figure B.2 center), there is a significant difference between
non-fatigued and motor fatigued females as defined by the FSMC questionnaire, with
H = 8.36 (p < 0.01), while no significant difference is found in males, where
we have a smaller sample size. The handgrip shows no difference between non-
fatigued and fatigued patients within the gender groups, but it shows a significant
difference between genders, with H = 11.0 (p < 0.001) and H = 8.33 (p < 0.01)
for non-fatigued and fatigued patients, respectively.

Figure B.2 (right) shows the boxplots when grouping by impairment as defined by the
9-HPT. There is a significant difference between the maximum tapping frequency of
non-fatigued and motor fatigued patients that are not hand impaired, with H = 6.69
(p < 0.01), while no significant difference is found in impaired participants, where
we have a very small sample size. The max handgrip strength shows no difference
between and within the groups.

B.3. Descriptive Statistics and Non-parametric Test Results
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B.3. Descriptive Statistics and Non-parametric Test Results

Table B.1.: FSMC motor fatigued vs. non-fatigued differences. Non-parametric hypotheses

tests with dependent variable Metric (mean tapping frequency or mean handgrip
strengths) and independent variable motor fatigue classification. Test conducted
with IBM SPSS Statistics Version 27. Kruskal-Wallis H*, Mann-Whitney U™,
Kolmogorov-Smirnov Z*, Median Test Median™.

Metric Case N FSMC fa- FSMC Non- Test p <0.05
tigued fatigued
mean TF all 34 17 17 H =7.498 v'p = .006
[taps/sec] M = M=1762 M = 8.99 U = 65.000 v'p = .006
8.30 SD=1.22 SD =140 Z =1.543 vp=.017
SD = Median = Vp=.016
1.47 8.35
male 15 9 6 H =2347 p=.126
M = M=1796 M =941 U = 14.000 p=.126
8.53 SD =141 SD =2.19 Z = 1.265 p = .082
SD = Median = p=.315
1.84 8.56
female 19 8 11 H=138.84 v'p =.003
M = M=1725 M = 8.76 U =8.00 v'p =.003
8.13 SD =091 SD =0.77 Z = 1.565 vp =.015
SD = Median = Vp=.02
1.12 8.27
impaired 7 5 2 H = .600 p = 439
M = M=1703 M =17.66 U = 3.000 p = 439
7.21 SD=1.17 SD =0.11 zZ =17 p = .683
SD = Median = p=1
1.00 7.58
non-impaired 27 12 15 H=5.717 vp=.017
M = M=187 M =9.17 U = 41.000 v'p=.017
8.59 SD=1.20 SD =141 Z=142 v'p=.035
SD = Median = p=.054
1.45 8.67
mean all 34 17 17 H = 406 p=.524
HG [kg] M = M=2488 M =27.07 U =126.00 p =.540
25.97 SD =9.07 SD ="1.56 Z = .857 p = .454
SD = Median = p=.732
8.30 23.988
male 15 9 6 H = .681 p = .409
M = M =30.51 M = 3541 U =20.00 p = .409
32.47 SD = 8.00 SD =5.59 Z = .527 p = 944
SD = Median = p=10
7.34 33.27
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Figure B.2.: Maximum tapping frequency (fop) and maximum handgrip strength (bottom)
in function of FSMC motor fatigue, gender, and impairment as defined by the
9-hole peg test.

female 19 8 11 H=12727 p = .099
M = M =1855 M = 2251 U = 24.00 p = .0993
20.84 SD =5.34 SD =3.33 Z =1.076 p=.197
SD = Median = = .650
4.62 21.32

impaired 7 5 2 H = .600 p = .439
M = M=2643 M =31.62 U = 3.000 p = 439
27.91 SD =847 SD =9.92 Z = 598 p = .867
SD = Median = p=1
8.40 28.521

non-impaired 27 12 15 H =536 p = 464
M = M=2423 M = 26.46 U = 75.000 p = 464
25.47 SD = 9.600 SD =741 Z = .861 p = .449
SD = Median = =.704
8.36 23.26
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B.3. Descriptive Statistics and Non-parametric Test Results

Table B.2.: FSS Fatigued vs. non-fatigued differences. Non-parametric hypotheses tests
with dependent variable Metric (mean tapping frequency or mean handgrip
strengths) and independent variable fatigue classification according to FSS.
Test conducted with IBM SPSS Statistics Version 27. Kruskal-Wallis H,
Mann-Whitney U*, Kolmogorov-Smirnov Z*, Median Test Median™.

Metric Case N FSS fatigued  FSS Non-fatigued Test p < 0.05
mean TF all 32 16 16 H =9.091 v'p =.003
[taps/sec] M = M=1750 M = 8.89 U = 48.000 v'p =.003
8.19 SD=1.04 SD =143 Z =1.945 v'p =.001
SD = Median = Vp=.005
1.42 8.29
male 14 8 6 H =4.817 v'p=.028
M = M=153 M =945 U = 17.000 vp=.028
8.35 SD=1.20 SD=1.89 Z =1.543 vp=.017
SD = Median = p=.103
1.76 8.47
female 18 8 10 H =4.934 v'p=.026
M = M=1746 M = 8.56 U =15.00 vp=.026
8.07 SD = 0.93 SD =1.04 Z = 1467 v'p=.026
SD = Median = p=.152
1.12 8.22
impaired 7 6 1 - -
M = M=7.11 M =17.746 - -
7.21 SD =1.07 - -
SD = - -
1.00
non-impaired 25 10 15 H =6.511 v'p=.011
M = M=1772 M =897 U = 29.000 vp=.011
8.47 SD =1.01 SD =144 Z=1.715 v'p =.006
SD = Median = Vp=.004
1.41 8.632
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mean
HG [kg]

all 32 16 16 H = 513 p = 474
M M = 24.77 M = 27.01 U =109.000 p=.474
25.89 SD = 8.88 SD =8.05 Z =.707 p = .699
SD Median = p=.480
8.41 23.988

male 14 8 6 H = .600 p = .439
M M = 30.26 M =35.28 U = 18.000 p = .439
32.41 SD = 8.49 SD =5.70 Z=.617 p = .841
SD Median = p=1
7.61 33.22

female 18 8 10 H=1.334 p = .248
M M =19.27 M =22.05 U = 27.00 p = .248
20.81 SD =527 SD =4.14 Z = .738 p = .648
SD Median = = .637
4.75 21.48

impaired 7 6 1 - -
M M = 28.46 M = 24.60 - -
2791 SD =9.06 - -
SD - -
8.40

non-impaired 25 10 15 H=1.772 p=.183
M M = 22.55 M =27.18 U = 51.000 p=.183
25.33 SD = 8.44 SD = 8.3l Z = 816 p=.518
SD Median = p=.226
8.50 23.26
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B.3. Descriptive Statistics and Non-parametric Test Results

Table B.3.: Female vs. male differences. Non-parametric hypotheses tests with dependent
variable Metric (mean tapping frequency or mean handgrip strengths) and
independent variable gender (male or female). Data set corresponding to FSMC
motor fatigue classification. Test conducted with IBM SPSS Statistics Version
27. Kruskal-Wallis H*, Mann-Whitney U*, Kolmogorov-Smirnov Z*, Median

Test Median™.
Metric Case N Male Female Test p <0.05
mean TF all 34 15 19 H = .556 p = 456
[taps/sec] M M = 8.54 M =8.13 U =121.000 p = .456
8.31 SD =1.84 SD =1.12 Z = .894 p = 401
SD Median = p=.300
1.47 8.35
fatigued 17 9 8 H = 13815 p=.178
M M =796 M =725 U = 22.000 p=.178
7.62 SD =141 SD =091 Z=1.143 p = .146
SD Median = p=.637
1.22 7.733
non-fatigued 17 6 11 H = 1455 p = .228
M M =9.40 M = 8.76 U = 21.000 p =.228
8.99 SD =220 SD =0.78 Z =131 p = .063
SD Median = = .228
1.41 1.455
mean all 34 15 19 H = 16.609 v'p =.000
HG [kg] M M = 32.47 M =20.84 U = 25.000 v'p =.000
25.97 SD =17.34 SD = 4.61 Z =2.509 v'p =.000
SD Median = Vvp=.000
8.30 23.98
fatigued 17 9 8 H =17.259 v'p =.007
M M = 30.50 M = 18.54 U = 8.000 v'p =.007
24.88 SD =8.00 SD =534 Z =1.601 vp=.012
SD Median = Vp=.0I15
9.07 23.26
non-fatigued 17 6 11 H = 11.000 v'p =.001
M M = 3542 M = 2251 U = 0.000 v'p =.001
27.06 SD =559 SD =333 Z=1970 v'p=.001
SD Median = Vp=.002
7.56 24.602
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Table B.4.: Female vs. male differences. Non-parametric hypotheses tests with dependent
variable Metric (mean tapping frequency or mean handgrip strengths) and
independent variable gender (male or female). Data set corresponding to FSS
fatigue classification. Test conducted with IBM SPSS Statistics Version 27.
Kruskal-Wallis H*, Mann-Whitney U*, Kolmogorov-Smirnov Z*, Median Test

Median*.
Metric Case N Male Female Test p <0.05
mean TF all 32 14 18 H = 244 p = .621
[taps/sec] M = M =28.35 M = 8.07 U=113.000 p=.6216
8.19 SD =1.77 SD=1.12 Z =735 p = .653
SD = Median = p=.476
1.42 8.29
fatigued 16 8 8 H=.176 p = .674
M = M=1753 M =746 U = 28.000 p = .674
7.50 SD=1.20 SD =093 Z =.750 p = .627
SD = Median = =.1
1.04 7.65
non-fatigued 16 6 10 H =2.647 p =.104
M = M=945 M = 8.56 U = 15.000 p =.104
8.89 SD =1.89 SD=1.05 Z=1.033 p = .236
SD = Median = p=.119
1.43 9.11
mean all 32 14 18 H =15.013 v'p =.000
HG [kg] M = M=23241 M = 20.81 U = 24.000 v'p =.000
25.89 SD =17.62 SD =474 Z = 2405 v'p =.000
SD = Median = Vp=.000
8.41 23.98
fatigued 16 8 8 H =6.353 v'p=.012
M = M =30.26 M =19.27 U = 8.000 v'p=.012
24.77 SD = 8.50 SD =5.27 Z=15 vp=.022
SD = Median = p=.132
8.89 22.84
non-fatigued 16 6 10 H = 10.588 v'p =.001
M = M=3528 M = 22.06 U = 0.000 v'p =.001
27.02 SD =5.70 SD =4.14 Z =1.936 v'p=.001
SD = Median = Vp=.007
8.05 26.078
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cFAST Supplementary Materials

C.1. ANCOVA Analysis

We conducted a one-way analysis of covariance (ANCOVA) to examine whether
correct differs between the fatigue and non-fatigue groups when controlling for
EDSS. First, we verified the test assumptions: The Shapiro-Wilk test indicates
the data is normally distributed for the group with no fatigue W(19)=.96 (P=.55)
and for the fatigued group W(23)=.92 (P=.06). Visual analysis with a scatter plot
indicates similar regression slopes, and an F test shows no interaction between
EDSS and fatigue groups (homogeneity of regression slopes) F=(1,38)=.07 (P=.8).
Finally, Levene’s Test confirms the homogeneity of variance with F(1,40)=1.36
(P=.25). ANCOVA analysis reveals that after controlling for EDSS (disability),
there was no significant difference in fatigue on the correct score, F(1,39)=2.36
(P=.13). Estimated marginal means for no fatigue (M=104.48, SE=4.50) and fatigued
(M=94.775, SE=4.06). EDSS is significantly related to correct (¥(1,39)=11.07
P=.002). However, if we do not consider EDSS when analyzing fatigue then there is
a difference in terms of correct between the groups F(1,40)=7.84, P=.008.
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Table C.1.: Demographic Characteristics of Participants

Not disabled disabled P
Number 23 29
Age, mean (SD) 33.70(8.93) 42.37(13.77) .03
Gender, n (%)
m 6 (26) 8 (42) 44
w 17 (74) 11 (58)
MS type, n(%)
PMS 0(5) 4 (21) .04
RRMS 23 (100) 15 (79)
Disease duration, 9.61 (5.98) 13.16 (8.77) 0.14
mean (SD)
DMT, n(%)
None 209 0(0)
Interferon beta-1a 14) 0 (0)
Dimethyl fu- 3(13) 0(0)
marate
Teriflunomide 14 1(5)
Glatiramer 14) 1(5)
acetate
Fingolimod 29 0 (0)
Natalizumab 7 (30) 7 (37)
Rituximab 0(0) 4(21)
Ocrelizumab 6 (26) 6 (32)
Fatigue medication,
n (%)
None 23 (100) 18 (95) 1.00
Modafinil 0(0) 1(5)
EDSS, mean (SD) 0.54 (0.67) 3.26 (1.54) <.001
FSMC, mean (SD)
Total 39.78 (18.26) 60.53 (19.48) .001
cognitive 19.13(9.55) 29.47(10.39) .002
Motor 20.65(9.22) 31.05(10.28) .002

Notes: Data are mean (SD) or n (%). PMS: progressive multiple sclerosis; RRMS: relapsing-remitting
multiple sclerosis; Disease duration is measured in years since first manifestation; EDSS: expanded
disability status scale; FSMC: Fatigue Score for motor functions and cognition; DMT: disease modifying

therapy.
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Table C.2.: Metrics comparison between fatigued and non fatigued patients with mean (SD),
standard deviation, and Mann-Whitney U test (two-tailed) to assess whether
there is a statistically significant difference between the groups.

No fatigue (n = 19) Cognitive fatigue (n = 23) U P

response time 2083.3 (358.31) 2586.88 (961.28) 316.0 .01
calibrated rate 3289.47 (1229.75) 3922.91 (1396.06) 298.0 .045
correct 109.11 (15.97) 90.96 (24.21) 119.5 .01
errors 7.58 (6.07) 8.04 (4.13) 2435 .53
Acorrect 3.51(11.19) -2.73 (9.95) 147.0 .07
Aresponse time -0.96 (5.5) 2.69 (4.94) 298.0 .045
Aerrors -0.46 (2.05) 0.03 (1.86) 2555 .35

Table C.3.: Metrics comparison between disabled and not disabled patients with mean (SD),
standard deviation, and Mann-Whitney U test (two-tailed) to assess whether
there is a statistically significant difference between the groups.

Not disabled (» = 23) Disabled (n = 19) U P

response time 2080.23 (317.39) 2696.61 (1030.37) 332.0 .004
calibrated rate 3211.22 (840.63) 4151.0 (1658.95) 312.0 .02
correct 108.3 (15.1) 88.11 (25.44) 105.5 .004
errors 7.96 (5.69) 7.68 (4.26) 220.0 .97
Acorrect 0.55 (10.68) -0.47 (11.35) 208 .80
Aresponse time 0.29 (5.55) 1.95 (5.33) 252.0 .40
Aerrors -0.03 (2.05) -0.4 (1.83) 198.5 .61
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C.2. User Interface Designs and Selection

172

We designed five user interfaces as prospects for our cognitive fatigability test. These
are depicted in Figure C.1. We created two test modalities: single or grid modality.
In the single modality, users have to map the middle symbol to its corresponding key,
as displayed in the top mapping rule at the screen’s top. While on the grid modality,
users are presented with a four-by-three grid composed of six symbols and six keys.
During each round, users have to map the elements within the grip following the
mapping rule presented on top. The grid modality designs (Figure C.1 top row) were
discarded after discussion with the neurologists and neuropsychologists. One of the
main arguments against the grid design was that the added complexity would also
result in more difficulties in making a fair comparison between the patients. The
single modality design was further discussed with our specialist team and shown to
patients attending the in-patient clinic. We presented printed and digital versions of
each of the three single modality tests and asked for their preference in terms of style.
After discussion with the specialist and informal feedback from the patients on the
design, we opted for the SDMT style symbols as the other symbols were too similar,
making the selection more complex and error-prone due to confusion.



C.2. User Interface Designs and Selection

(a) Grid - colored pattern (b) Grid - colored pattern
. 5200
681234759 @@%@%@?%;
24EE
8

(c) Colored pattern (d) SDMT styl
. (RIEENSES AN [ r>e-%>
@ I
N C

12/3'4/5/16/[7/8/19

2/3/14/5 9
(e) Black & white_p—ager_n
s A e ©
793165842

T
1123456789

Figure C.1.: Different user interfaces were considered for cFAST. The top row depicts tests
with a grid selection option, where users need to map each symbol within the
grid with its corresponding key, as displayed in the mapping rule. The bottom
rows depict the considered single selection interfaces.
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APPENDTIX

PPG Sensor Validation Complete Tables

Table D.1.: Experiment II - Heart rate analysis per activity

Case Activity Size Mean/Seer STD/Seer ICC [95% CI] Corr Bias [95% LoA]
Everion Best  init 3808  83.09/82.83 14.03/13.94 979 [+.978,+.981] 0.98 -0.26 [-5.83, +5.31]
(63592) rest 21364 103.28/102.21 22.91/22.67 .988 [+.984,+.991] 0.99 -1.07 [-7.67,+5.53]
bike (60 W) 9445  106.87/106.92 13.84/13.73 .989 [+.989,+.990] 0.99 +0.05[-3.91, +4.01]
bike (120 W) 8299  137.37/137.54 21.72/21.72  .995 [+.995,+.995] 1.00  +0.17 [-4.00, +4.34]
walk 6722  104.00/103.90 16.57/16.54 .995 [+.995,+.995] 0.99 -0.10[-3.36, +3.16]
jog 8093  137.32/137.66 17.24/17.22 973 [+.971,+.974] 0.97 +0.34 [-7.55, +8.23]
run 5861  151.27/152.03 21.41/20.76 974 [+.971,+.976] 0.97 +0.77 [-8.59, +10.12]
avg 117.60/117.59 18.25/18.08 0.985 [+.983,+.986] 0.99 -0.01 [-5.84,+5.81]
Empatica Best init 3852  81.63/81.64 11.56/12.83 755 [+.741,+.769]  0.76  +0.01 [-16.74, +16.76]
(35705) rest 20883 94.65/96.01 16.44/18.22 834 [+.825,+.842] 0.84 +1.36[-18.09, +20.82]
bike (60 W) 4948  88.17/108.33  20.33/15.43 .031 [-.006,+.067] 0.05 +20.16 [-28.61, +68.94]
bike (120 W) 4401  103.46/137.93 34.33/22.11 .118 [-.023,+.247] 0.22  +34.47 [-37.06, +106.00]
walk 1287  104.02/106.43 16.46/18.03  .597 [+.558,+.634]  0.61  +2.41 [-27.74, +32.56]
jog 233 107.95/140.09 22.33/22.17 .073 [-.044,+.195] 0.15  +32.14 [-24.77, +89.04]
run 101 112.02/146.14 31.32/22.87 .120 [-.056,+.300] 0.22  +34.12 [-33.35, +101.59]
avg 98.84/116.65 21.83/18.81 0.361 [+.285,+.436] 0.41 17.81 [-26.62,+62.24]
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Table D.2.: Experiment I - Heart rate analysis per activity

Device Activity Size Mean/Seer STD/Seer ICC [95% CI] Corr Bias [95% LoA]
Empatica init 6268  84.21/87.04 9.91/13.60  .464 [+.422,+.502] 0.50 +2.83[-21.04, +26.69]
(79241) rest 33676 92.94/100.15  15.87/18.61 .466 [+.349,+.558] 0.51  +7.21 [-26.46, +40.88]
bike (60 W) 7856  90.66/108.61 21.23/12.88 .167 [-.002,+.314] 0.29  +17.95[-24.07, +59.96]
bike (120 W) 7968  104.54/137.18 36.99/20.56 .223 [-.027,+.422] 042  +32.64 [-33.95, +99.24]
walk 8096  102.31/108.91 16.09/16.50 .433 [+.331,+.517)] 047  +6.60 [-26.32, +39.52]
jog 7690 102.98/138.73 26.28/18.29 .026 [-.015,+.068] 0.06 +35.76 [-25.11, +96.63]
run 7687  102.85/152.94 30.08/19.74 .016 [-.014,+.046] 0.05 +50.08 [-18.77 ,+118.94]
avg 97.21/119.08  22.35/17.17 0.256 [+.149, +.346] 0.33  +21.87 [-25.10, +68.84]
Everion  init 6268  87.71/87.04 14.26/13.60 .957 [+.953,+.960] 0.96 -0.67 [-8.59, +7.25]
(78821) rest 33590 101.19/100.13 19.36/18.62 .972 [+.967,+.976] 097 -1.06 [-9.59, +7.47]
bike (60 W) 7856  108.88/108.61 12.89/12.88 .981 [+.980,+.982] 098 -0.27 [-5.15, +4.61]
bike (120 W) 7666  137.58/137.40 20.14/20.55 .988 [+.988,+.989] 0.99 -0.18 [-6.31, +5.95]
walk 8096  109.14/108.91 16.61/16.50 .993 [+.993,+.993] 0.99 -0.23 [-4.05, +3.58]
jog 7683  137.87/138.75 17.98/18.28 .965 [+.962,+.969] 0.97 +0.89 [-8.29, +10.07]
run 7662 152.66/152.94 19.84/19.77 .952 [+.950,+.954] 095 +0.29 [-11.73, +12.30]
avg 119.29/119.11 17.30/17.17 0.972 [+.970,+.974] 0.97 -0.17 [-7.67, +7.32]
Fitbit init 3134  83.23/87.04 11.48/13.60 .767 [+.645,+.838] 0.82 +3.80[-11.34, +18.95]
(39624) rest 16812 98.71/100.14  19.81/18.62 .827 [+.821,+.832] 0.84  +1.43[-20.21, +23.07]
bike (60 W) 3928  99.02/108.61  16.56/12.88 .499 [+.170,+.682] 0.63  +9.59 [-16.21,+35.38]
bike (120 W) 3984  118.37/137.18 27.97/20.56 .353 [+.079,+.542] 048 +18.81[-31.24, +68.87]
walk 4048  103.48/108.90 12.73/16.50 .729 [+.541,+.824] 0.81  +5.43[-13.62, +24.47]
jog 3854 130.61/138.70 20.01/18.29 .703 [+.441,+.822] 0.78 +8.09 [-17.09, +33.27]
run 3852  144.74/152.96 22.01/19.73 .782 [+.468,+.887] 0.86  +8.22[-13.93, +30.38]
avg 111.17/119.08 18.63/17.17 0.665 [+.452, +.776] 0.74 +7.91 [-17.66, +33.48)]
Polar init 3134  88.12/87.04 14.44/13.60 .959 [+.936,+.953] 0.95 -1.08[-9.93, +7.77]
(39624) rest 16812 101.60/100.14 19.45/18.62 .969 [+.959,+.976] 097 -1.46[-10.27, +7.35]
bike (60 W) 3928  108.73/108.61 13.30/12.88 .972 [+.970,+.973] 097 -0.13 [-6.24,+5.99]
bike (120 W) 3984  136.90/137.18 21.23/20.56 .984 [+.983,+.985] 0.98 +0.28 [-7.10, +7.66]
walk 4048 108.89/108.90 16.74/16.50 .989 [+.988,+.989] 0.99 +0.01 [-4.86, +4.89]
jog 3854  137.51/138.70 19.17/18.29 .964 [+.957,+.969] 097 +1.19[-8.41, +10.80]
run 3852 152.27/152.96 21.09/19.73 .950 [+.947,+.953] 095 +0.69 [-11.89,+13.26]
avg 119.15/119.08 17.92/17.17 0.969 [+.963,+.971] 0.97 -0.07 [-8.38, +8.24]
Wahoo init 3094  84.91/86.97 13.77/13.51 913 [+.875,+.936] 092 +2.06 [-8.41,+12.53]
(38492) rest 16406 99.37/99.95 19.52/18.76 .965 [+.964,+.967] 097 +0.58 [-9.22,+10.38]
bike (60 W) 3567 106.16/106.76 11.80/11.81 .971 [+.966,+.974] 0.97 +0.60 [-4.88, +6.08]
bike (120 W) 3732  135.42/136.22 20.87/20.64 .984 [+.982,+.986] 0.99 +0.80[-6.21, +7.81]
walk 3975 107.80/108.94 17.00/16.63 .972 [+.964,+.977] 097 +1.14 [-6.36 ,+8.65]
jog 3854 136.58/138.70 19.67/18.29 .939 [+.918,+.952] 095 +2.13[-10.29, +14.54]
run 3852 151.65/152.96 20.88/19.73 .937 [+.930,+.944] 0.94  +1.30[-12.56, +15.18]
avg 117.41/118.64 17.64/17.05 0.954 [+.943,+.962] 0.96 +1.23 [-8.28, +10.74]
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Table D.3.: Experiment II - Heart rate variability analysis per activity for the Everion

device.
Activity Metric Mean/Seer STD/Seer ICC[95% CI] Corr R? Bias [95% LoA]
Init RMSS  23.17/23.39 12.40/14.92 +.899 [+.742, +.967] +0.91 +0.82 +0.22 [-12.22, +12.65]
wlen: 241s SDNN  58.49/60.62 16.71/17.54 +.876 [+.697, +.953] +0.88 +0.75 +2.13[-14.57, +18.84]
w peaks: 318/314 PNN50 4.70/5.46 8.55/10.42 +.967 [+.912, +.988] +0.99 +0.94 +0.76 [-3.99, +5.50]
#seg: 17 LF 1740.17/1801.81 1293.81/1265.94 +.982 [+.952, +.993] +0.98 +0.96 +61.63 [-416.36, +539.63]
HF 603.85/747.19 934.21/1333.10  +.918 [+.792, +.969] +0.98 +0.87 +143.34 [-754.77, +1041.46]
LF:HF 5.26/7.53 2.90/6.65 +.625 [+.215, +.846] +0.92 +0.49 +2.27[-5.85, +10.38]
LFnu 80.86/81.10 8.90/14.16 +.745 [+.420, +.900] +0.81 +0.63 +0.24 [-16.67, +17.15]
HFnu 19.14/18.90 8.90/14.16 +.745 [+.420, +.900] +0.81 +0.63 -0.24 [-17.15, +16.67]
Rest RMSS  18.85/17.93 8.86/9.97 +.935 [+.904, +.956] +0.95 +0.88 -0.91[-7.35, +5.53]
wlen: 249 s SDNN  58.11/58.21 20.89/21.95 +.982 [+.974, +.988] +0.98 +0.97 +0.10 [-7.89, +8.09]
w peaks: 363/357 PNN50 3.09/3.14 4.66/5.39 +.954 [+.933, +.968] +0.96 +0.92 +0.04 [-2.97, +3.06]
#seg: 111 LF 1324.54/1361.74 1051.67/1177.61 +.946 [+.946, +.946] +0.95 +0.89 +37.20 [-724.00, +798.40]
HF 372.58/365.69 519.14/656.80 +.914 [+.877, +.940] +0.94 +0.86 -6.90 [-489.31, +475.52]
LF:HF 5.16/6.47 2.96/3.63 +.614 [+.413, +.744] +0.67 +0.30 +1.31[-4.05, +6.67]
LFnu 79.79/83.05 10.32/8.96 +.701 [+.525, +.808] +0.75 +0.26 +3.26 [-10.40, +16.93]
HFnu  20.21/16.95 10.32/8.96 +.701 [+.525, +.808] +0.75 +0.26 -3.26 [-16.93, +10.40]
Bike (60 W) RMSS 10.82/8.13 4.28/2.78 -018[-.292, +.303] -0.02 -342 -2.70[-12.81, +7.41]
wlen: 294 s SDNN  29.20/27.11 9.68/9.07 +.793 [+.596, +.899] +0.81 +0.53 -2.10[-13.50, +9.31]
w peaks: 489/483 PNN50 0.28/0.14 0.56/0.33 +.394 [+.045, +.662] +0.46 -1.44 -0.14[-1.12, +0.85]
#seg: 28 LF 247.06/240.91 185.05/182.23 +.945 [+.886, +.974] +0.94 +0.88 -6.15[-126.78, +114.49]
HF 93.06/52.20 101.05/37.16 +.053 [-.271, +.389] +0.09 -8.16  -40.86 [-245.64, +163.93]
LF:HF 3.15/5.73 1.15/2.93 -.012[-.208, +.250]  -0.03 -0.98 +2.59[-3.65, +8.82]
LFnu 73.41/81.02 9.83/11.49 -.065 [-.345, +.266]  -0.08 -1.32  +7.61 [-23.17, +38.40]
HFnu  26.59/18.98 9.83/11.49 -.065 [-.345, +.266]  -0.08 -1.32  -7.61[-38.40, +23.17]
Bike (120 W) RMSS 13.07/6.91 5.13/3.01 +.064 [-.161, +.427]  +0.15 -6.94 -6.15[-17.04, +4.73]
wlen: 272 s SDNN  54.11/49.63 20.39/16.76 +.835 [+.552, +.946] +0.87 +0.55 -4.48[-24.52, +15.57]
w peaks: 541/533  PNN50 0.52/0.18 0.63/0.27 +.355 [-.112, +.728] +0.59 -4.47 -0.34 [-1.36, +0.67]
#seg: 13 LF 100.62/42.73 96.74/39.70 +.266 [-.168, +.669] +0.47 -5.93  -57.90[-225.22, +109.43]
HF 114.36/32.75 112.56/33.92 -136 [-.464, +.347]  -0.34 -19.56 -81.61 [-332.89, +169.66]
LF:HF 1.07/3.49 0.61/3.89 +.053 [-.316, +.507] +0.23 -0.37  +2.43[-5.03, +9.88]
LFnu 48.23/62.76 12.94/25.16 +.031 [-.386, +.512] +0.05 -0.58  +14.53[-39.90, +68.96]
HFnu  51.77/37.24 12.94/25.16 +.060 [-.386, +.512] +0.05 -0.58  -14.53 [-68.96, +39.90]
Walk RMSS 14.67/8.93 3.54/2.46 +.144 [-.091, +.478] +0.42 -6.66 -5.74[-12.31, +0.83]
wlen: 291 s SDNN  33.36/29.83 9.17/8.28 +.755 [+.358, +.910] +0.81 +0.38 -3.54[-14.15, +7.07]
 peaks: 444/446  PNN50 1.00/0.20 1.46/0.31 -.008 [-.361, +.412]  -0.03 -30.34 -0.79 [-3.74, +2.15]
#seg: 17 LF 414.73/337.55 195.72/115.77 +.417 [-.017,+732]  +0.51 -1.59  -77.18 [-407.37, +253.02]
HF 208.90/50.43 181.55/24.16 +.046 [-.193, +.386] +0.30 -97.74 -158.47 [-503.17, +186.23]
LF:HF 3.17/8.13 2.09/3.90 +.238 [-.104, +.614]  +0.63 -1.32  +4.95[-1.01, +10.92]
LFnu 69.65/87.26 15.27/4.73 +.128 [-.111, +.455]  +0.49 -22.01 17.61 [-9.04, +44.26]
HFnu  30.35/12.74 15.27/4.73 +.128 [-.111, +.455]  +0.49 -22.01 -17.61 [-44.26, +9.04]

177



PPG Sensor Validation Complete Tables

178



APPENDTIX

Cronico User Interface

Fatigue severity scale FatiglieVistal analog scale Morning Survey Report stress

Please circle the number between 1 and 7 which Survey to be completed after waking up in the
you feel best fits the following statements. This Please select your current fatigue level on a morning. Below you can capture your stress level and
refers to your usual way of life within the last scale from 1-10 the according time period;

week. 7 indicates “strongly disagree” and 7

indicates “strongly agree.” How refreshing was your sleep?

1. My motivation i lower when | am fatigued. very refreshing

1 2 3 a Extremely
tired: 10 rather refreshing

Extremely
2. Exercise brings on my fatigue. moderstely refreshing stressed: 10

1020304 hardly refreshing

3.1 am easily fatigued not refreshing

1 2 3
How do you feel?

4. Fatigue interferes with my physical functioning depressed

102035040505
quite depressed

5. Fatigue causes frequent problems for me. alittle depressed

1 2 3 4 5
a little carefree

6. My fatigue prevents sustained physical functioning quite carefree

1 2 3 4 5 6
carefree
Notatall “ Notatall

tired: 1 :
7. Fatique interferes with carrying out certain duties and stressed: 0
responsibilties Were you awake at night?

Figure E.1.: Some of cronicos’ screenviews. From left to right fatigue severity scale, fatigue
VAS, morning sleep protocol and stress VAS.
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